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Abstract
We estimate effects of completing vocational instead of general upper secondary education
programs on earnings and the probability of being employed or student at age 28, and we use
surrogate index techniques to estimate effects on earnings at age 40 as well. Applying rich
longitudinal administrative data for Denmark, we estimate marginal treatment effect models with
distance to educational institutions as instruments in the model of choice between vocational and
general education. We find important heterogeneity in earnings effects consistent with selection on
gains. For those choosing vocational education, earnings at age 28 and 40 are on average higher
than potential earnings with general education. For those choosing general education, earnings at
age 40 are on average higher than potential earnings with vocational education. We also consider
effects of a policy shifting students at the margin towards vocational education. For males shifted
by such a policy, the effect on earnings at age 28 is positive, while it is negative at age 40.
However, the long-term effect is small and insignificant for males with low math skills. For females
at the margin, the effects are largely small and insignificant. Effects on labor market status at age 28
are less precisely estimated.
JEL classification: J31, J21, C36.
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1. Introduction
Young people’s choice of education is very important for their future labor market outcomes and
working life, both in the short and long run. Important choices include whether to enroll in and
complete an upper secondary and a tertiary education, and the specific type of education program.
In this paper, we focus on the choice between vocational and general upper secondary
education programs and we estimate effects of this choice on earnings and the probability of being
employed or enrolled in education at age 28, and on earnings at age 40. We use rich longitudinal
administrative data for Denmark and estimate marginal treatment effect (MTE) models using
distance to educational institutions as instruments in the educational choice model.
Upper secondary education systems differ between countries in terms of both the relative size
of general and vocational programs and characteristics of especially vocational programs; see e.g.
Ryan (2001) and Piopiunik and Ryan (2012). For instance, in the US there is no separate vocational
track in upper secondary education whereas most European countries do have separate general and
vocational tracks. In Denmark, as in Germany, Switzerland and Austria, vocational upper secondary
education is characterized by a large apprenticeship system where students alternate between school
courses and apprenticeship training at firms or organizations.1 In Denmark, the numbers choosing
vocational instead of general upper secondary education have fallen in the last decades despite high
demand for workers with vocational skills and despite expected short supply of vocational
qualifications in the near future.2 The Danish government has an explicit political goal of increasing
the numbers choosing vocational education.
Only few papers estimate the effect of choosing vocational versus general upper secondary
education. Based on OLS regressions, Bishop and Mane (2004) find positive effects of taking
vocational courses in US high schools on earnings and employment 8 years after high school
graduation. Using methods that correct for selection bias, the results for the US in Meer (2007)
indicate that choice of technical vocational courses are consistent with comparative advantage.
Malamud and Pop-Eleches (2010) use a reform in Romania that shifted students into more general
and less vocational education without affecting the overall length of their education. Using a
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As discussed in Piopiunik and Ryan (2012), countries with a large apprenticeship system tend to have lower youth
unemployment which may in part be explained by students being more closely connected to the labor market while in
education which may facilitate the school-to-work transition. But, of course, the youth unemployment rate is affected
by many other factors as well, including the share who do not complete any upper secondary program, the systems of
general upper secondary and tertiary education and labor market institutions.
2
Among those who have completed an upper secondary education by age 25, the share with a vocational degree has
fallen from 44% in 2005 to 31% in 2018; see Statistics Denmark, Statistikbanken.dk, Table STATUS10.
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regression discontinuity design, they find no significant effect of the reform on labor market
participation or earnings.
Hanushek et al. (2017) use data for 11 countries from the International Adult Literacy Survey
(IALS) and a difference-in-differences (DID) framework to compare employment probability across
different ages (16-65) for males who have completed vocational or general secondary education.
Using such cross-sectional data, it is in principle not possible to distinguish between age and cohort
effects, but the authors argue that conditional selectivity into education types does not seem to vary
over time and that their method therefore identifies how relative employment outcomes of the two
types of education vary with age. However, as the authors discuss, their method cannot identify the
effect of vocational versus general education at any given age because selection into type of
education is affected by unobserved characteristics.3 Their main result is that the probability of
being employed increases by about 0.2 percentage points per year of age if a person has completed
general instead of vocational education, and the effect tends to be larger in Germany, Switzerland
and Denmark where vocational education is dominated by apprenticeship systems. The authors
interpret this result (and results of supplementary analyses) as indicating that skills obtained in
vocational education are less adaptable to technological change. In a similar analysis of effects on
earnings for full-time employed, they also find that the earnings advantage of having completed
general instead of vocational education is increasing in age (up to around age 50).
The results in Hanushek et al. (2017) indicate that vocational education has employment and
earnings advantages early in the career, but disadvantages late in the career. Similar results are
found in Brunello and Rocco (2017) and Choi et al. (2019) who use another international crosssection survey-based dataset, PIAAC, and different empirical strategies. Brunello and Rocco (2017)
use inverse probability weighting, whereas Choi et al. (2019) use multi-level random coefficients
models combined with propensity score matching. Golsteyn and Stenberg (2017) use Swedish
administrative data and find that completion of vocational instead of general 2-year upper
secondary education programs has positive earnings effects early in the career, but negative
earnings effects later in the career. Their results are based on same-gender sibling fixed effects
models with control for GPA at the end of lower-secondary school.
Torun and Tumen (2019) use standard IV techniques to estimate the effect for males of
completing a vocational instead of a general upper secondary education on employment probability
in Turkey. They find no significant effect. The instrument is a dummy for availability of vocational
3

See Hanushek et al. (2017), p. 58.
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schools in the town of residence at age 13. They measure the employment outcome at age 26-35 and
limit the sample to individuals with an upper secondary (high school) degree as the highest
education level attained. Carneiro et al. (2017) find high returns to upper secondary schooling in
Indonesia using MTE methods and distance to secondary schools as instrument, but they do not
distinguish between general and vocational education. Distance to educational institutions has been
used as instrument for educational choice in other contexts, notably in the literature on returns to
college which we discuss in Section 3.
In this paper we estimate effects on labor market outcomes of completing a vocational instead
of a general upper secondary education focusing on heterogeneity in effects with respect to both
observable covariates and unobservables. This is very important for policy considerations because
individuals may select into education programs based on idiosyncratic knowledge of comparative
advantage, and individual heterogeneity is an important reason for offering different types of
education programs. The research questions we are trying to answer are whether young people who
choose a vocational (or general) upper secondary education benefit, on average, from their choice,
and whether students at the margin of choice between vocational and general education would
typically benefit from choosing vocational programs.
When considering choice of upper secondary education, student ability and skills at the end of
lower secondary school are of course very important. In this paper we study the first four cohorts
for which we have information on test scores at the end of lower secondary school. We can follow
these cohorts till age 28-31, and we focus on two outcomes at age 28: Earnings and the probability
of being employed or student. Our motivation for focusing on the last outcome (instead of
employment probability) is that, at age 28, an important alternative to being employed is to be
enrolled in education or training to invest in human capital and improve skills and future
productivity.4
It is important to investigate more long-term outcomes in addition to the outcomes at age 28.
This is highlighted by the results in earlier studies, e.g. Hanushek et al. (2017), indicating relatively
more favorable long-term employment and earnings effects of completing general instead of

4

The alternative to being employed or student is to be disconnected according to the NEET concept (Not in Education,
Employment or Training) which is also called out-of-school jobless (see, e.g., Ryan, 2001). The disconnection outcome
is an important predictor of young people’s skills, labor market attachment and income later in life (Bäckman and
Nilsson, 2016; Schultz-Nielsen and Skaksen, 2016; OECD, 2018). The mechanisms may be decay of skills and
motivation (Gregg, 2001; Ryan, 2001). A related literature finds persistent negative effects on employment and
earnings of entering the labor market in a recession (e.g., Raaum and Røed, 2006; Oreopoulos et al., 2012; von
Wachter, 2020).
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vocational education. Earnings at about age 40 is in general a much better indicator of life-time
earnings than earnings around age 28 (see, e.g., Björklund, 1993; Haider and Solon, 1996).
Therefore, we use the ‘surrogate index’ techniques discussed in Athey et al. (2019) to estimate
earnings effects at age 40. Thus, we use a sample of older cohorts to estimate a model for earnings
at age 40 conditioning on a large set of intermediate outcomes by age 28-31 that are observed in our
main sample. Based on this model, we predict earnings at age 40 for the four cohorts in our main
sample and use these predicted earnings as an outcome in the main analysis.
Our paper contributes to a rather limited literature on causal effects of completing vocational
instead of general upper secondary education on labor market outcomes. We use MTE methods to
estimate heterogeneity in effects with respect to both observed and unobserved variables which
allow us to estimate conventional treatment effect parameters such as the average treatment effect
(ATE), the average treatment effect on the treated (ATT), and the average treatment effect on the
untreated (ATUT), as well as policy-relevant treatment effects (PRTEs) which are average effects
for ‘marginal students’ whose educational choice is affected by a given policy change; see, e.g.,
Heckman and Vytlacil (2005; 2007) and Cornelissen et al. (2016). This is an important contribution
because unobserved preferences and abilities are important for educational choices and potential
outcomes. To the best of our knowledge, there are no previous studies using MTE methods to
investigate effects of vocational versus general upper secondary education. Further contributions are
that we use longitudinal administrative data; whereas earlier studies based on cross-section survey
data (Hanushek et al., 2017; Brunello and Rocco, 2017; Choi et al., 2019) only have information on
individual skills measured at the time of labor market outcomes, we utilize information on test
scores at the end of lower secondary school when the decision between entering vocational or
general education is made; we apply the surrogate index techniques discussed in Athey et al. (2019)
to estimate long-term effects; we estimate effects for females as well as for males; and, in addition
to estimating the effect of completing vocational instead of general education in the main analysis,
we also estimate effects of enrolling in vocational instead of general education after lowersecondary school.
We find that the ATE (of completing vocational instead of general upper secondary
education) on earnings at age 28 is positive for males and negative for females. This also tends to be
the case for the probability of being employed or student at age 28, but here the estimates are
insignificant. For predicted earnings at age 40, the ATE is negative for both genders. On average,
males gain $8,000 in annual earnings at age 28 by completing vocational instead of general
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education but lose $8,700 at age 40. Females lose about $6,700 in earnings at age 28, and $12,200
at age 40. These ATE estimates are consistent with the results in earlier studies, including Hanushek
et al. (2017).
However, we find substantial heterogeneity in effects. For all outcomes and both genders, the
ATT tends to be higher (and the ATUT smaller) than the ATE, and the ATT is positive and
significant (except for the employment/student outcome for females which is insignificant), while
the ATUT is negative or insignificant. For earnings, the difference between ATT and ATUT is
clearly significant for both genders. This is the kind of selection one would expect: On average, the
individuals selecting into vocational (or general) education are those who benefit the most from this
choice. This heterogeneity in effects stems from both observed covariates and unobservables. The
difference between ATT and ATUT is substantial. For earnings at age 28, these estimates are
$14,900 and $3,300 for males, and $5,100 and -$10,200 for females. For predicted earnings at age
40 they are $3,700 and -$17,300 for males, and $8,100 and -$18,100 for females.
We consider different policy-relevant treatment effects, including effects of a policy where
the propensity score for completing vocational instead of general education is increased by 1
percentage point for all individuals, and a policy which increases the distance to general schools (by
1 km for everyone). For males’ earnings, the PRTEs based on these policies are about $1,500-3,000
higher (more positive) than the ATEs. Although the PRTE is substantially negative for predicted
earnings at age 40 for males, this long-term effect is small and insignificant for males with low
math skills. For females, the PRTEs are largely small and insignificant. The PRTE results indicate
that for most males at the margin, it may be an advantage in terms of long-term earnings to choose
general instead of vocational education, but for males with low math skills and for females there
seems to be no important benefit or loss from a shift in educational choice for marginal students.

2. Institutional setting
In Denmark, compulsory schooling ends after 9th grade, typically in the year the student turns 16.
The educational options after 9th grade (or the optional 10th grade) are vocational and general
(academic) upper secondary education programs. General programs are typically 3-year programs
(although some are only 2 years). They qualify for admission to further and higher education, but do
not in themselves provide qualifications for jobs in the labor market. Most students choosing a
general upper secondary program will therefore after graduation enrol in a bachelor program or
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another type of post-secondary education.5 There are no tuition fees, neither for upper secondary
nor post-secondary programs.
The vocational education and training system offers many different types of education within
7 main categories (commercial field, technology, construction, craftsmanship, food production,
mechanics and service). Vocational programs typically last 4 years starting with 1 year of schoolbased courses and followed by 3 years where students alternate between more specialized school
courses and apprenticeship training at firms or organizations. Vocational programs qualify for jobs
in the labor market (e.g., as a carpenter, electrician, or hairdresser). Most students completing a
vocational education will enter the labor market directly as skilled workers, although there are
options for enrolling in post-secondary education programs as well.
For the cohorts we study in this paper, there were no specific admission criteria to vocational
upper secondary education programs, and criteria for entering general upper secondary programs
were not very strict either. There is an exam at the end of 9th grade in the most important subjects
(including math, science, Danish and English). In addition to exam test scores, students receive
marks for the year’s work evaluated by the teacher in each subject. Most students who wished to
enroll in general programs after 9th grade were admitted via a recommendation from their 9th grade
school. A positive recommendation was based on an overall evaluation of the student, but it was
highly correlated with marks and test scores at the end of 9th grade. However, students who did not
receive a recommendation could enroll in general programs anyway if they passed admission tests.
Even students who dropped out of 9th grade or who did not sit the 9th grade exam could eventually
enroll in general programs after completing the optional 10th grade of lower secondary school.6

3. Empirical strategy
We want to estimate effects of type of upper secondary education on earnings and labor market
status. Estimation of the treatment effects of upper secondary education programs is complicated for
several reasons. First, the choice of program is highly endogenous, and we cannot assume constant
effects. Students differ with respect to preferences and abilities, and presumably selection on
expected gains to treatment is important. Furthermore, students can choose between many
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For the cohorts in our sample, almost 80% of those who completed general upper secondary school also completed a
post-secondary education by age 28.
6
For the cohorts we focus on in this paper, about 10% of those who eventually enrolled in some type of upper
secondary program did not sit the 9th grade exams or had test scores below passing level. Among this low-ability
group, about 20% enrolled in general upper secondary programs.
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programs. It is an example of multiple unordered treatments. In Denmark, after compulsory school,
students can choose between 4 different main types of general upper secondary education programs
and 7 main types of vocational upper secondary programs, and within each main program students
specialize by choice of (levels of) various subjects in general programs and by choice of specific
profession in vocational programs (typically after the first year). In addition, young people have the
option of not enrolling in (or completing) any upper secondary program.
We simplify by analyzing effects of completing a vocational instead of a general upper
secondary education program (conditional on completing some upper secondary program).7 Thus,
we have a simple treatment dummy which is 1 if the student completes a vocational education and 0
if they complete a general education. Some students regret their initial choice of program and
switch to another program, and some even complete two different programs. We define treatment
status by the first completed program.8

3.1. Exclusion restrictions
To take account of selection on unobservables we use distance to the two types of education (at age
15) as instruments. Distance is assumed to affect the choice of type of upper secondary education
but, conditional on controls, not directly the outcomes. Distance to educational institutions has been
used as instrument for choice of college in, e.g., Card (1995), Kane and Rouse (1995), Kling
(2001), Currie and Moretti (2003), Cameron and Taber (2004), Carneiro and Lee (2009), Carneiro
et al. (2011) and Nybom (2017). Distance has also been used as instrument in Carneiro et al. (2017)
who estimate returns to upper secondary schooling in Indonesia, and in Torun and Tumen (2019)
who estimate effects of completing vocational instead of general upper secondary school in Turkey.
The validity of the exclusion restriction for distance instruments has been discussed in the
literature mentioned above. We use rich administrative panel data and we are therefore able to
control for a large number of important parental background variables, child characteristics
(including academic ability indicators based on test scores at the end of compulsory school) and a
large number of dummies for region of residence (see Section 4) which add credibility to our
7

This type of simplification is standard in the literature. For instance, Hanushek et al. (2017), Brunello and Rocco
(2017), Choi et al. (2019) and Torun and Tumen (2019) also focus on vocational versus general upper secondary
education. The larger literature on effects of college typically consider college versus no college.
8
In Section 6.6 we also discuss estimates of the effect of enrolling in a vocational instead of a general upper secondary
education, conditional on enrollment in some upper secondary program. It is reassuring that while the distance
instruments are clearly significant in predicting the choice between vocational and general education (see Section 5),
they do not significantly predict selection into the estimation sample, i.e. whether individuals enroll in an upper
secondary education or not, or whether they complete or not (see Section 6.7).
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instruments. Furthermore, it is important to note that the educational choice we consider is made
when the students leave lower secondary school, typically at the age of 15 or 16, when they live
with their parents. Therefore, the choice of residence is made by the parents, not the child.9 We
conduct some specification checks related to the validity of the instruments; see Section 6.7. Thus,
we show that excluding test scores as controls does not have a large effect on the estimated
coefficients of distance in the first stage. This may indicate that unobserved dimensions of ability
which, like test scores, have significant effects on outcomes, are probably not closely correlated
with distance. We also conduct placebo tests showing that the distance instruments do not predict
completion of lower secondary school. Our instruments are highly significant in the first stage, so
we do not have any weak instruments problem (see Section 5.2).

3.2. MTE estimation
Our instruments are continuous, and we apply marginal treatment effect (MTE) methods based on
the generalized Roy model; see, e.g., Heckman and Vytlacil (1999, 2005, 2007), Heckman (2010)
and Cornelissen et al. (2016). These methods allow estimation of heterogeneity in treatment effects
with respect to observables and unobservables, including the expected idiosyncratic gains from
treatment.
Standard instrumental variables (IV) estimates identify the local average treatment effect
(LATE) for compliers to the instrument, but the external validity of LATE is uncertain when
treatment effects are heterogeneous (compliers may have rather special characteristics compared to
the rest of the sample), and with a continuous instrument the interpretation of LATE is not
straightforward (it is a weighted average of LATEs for all pairs of values of the instrument).
Furthermore, because we have more than one instrument, the monotonicity assumption of Imbens
and Angrist (1994), which is needed for a LATE interpretation of the estimates, is very restrictive;
see Mogstad et al. (2020).
Using MTE methods, it is possible to estimate conventional treatment effect parameters such
as the ATE, ATT and ATUT, as well as PRTEs for policies affecting the educational choice of
different subgroups of the sample.

9

It is important to note that we have information on distance (place of residence) before completion of lower
secondary school (at age 15). Carneiro et al. (2017) only have data for distance at the time when they measure
outcomes (at age 25-60). As discussed in their paper, this means that the causality of the first-stage relation could be
reversed since individuals completing upper secondary school may afterwards move to more urban areas with shorter
distances to schools.
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Consider the generalized Roy model for the choice between two types of education:
𝑌𝑗 = 𝜇𝑗 (𝑋) + 𝑈𝑗 ,

𝑗 = 0,1

(1)

𝑌 = 𝐷𝑌1 + (1 − 𝐷)𝑌0

(2)

𝐷 = 1{𝜇𝐷 (𝑍) ≥ 𝑉}

(3)

where 𝑌1 and 𝑌0 are potential outcomes in the treated state (vocational education) and the untreated
state (general education); 𝑋 is a vector of control variables; 𝑌 is the observed outcome; 𝐷 is the
indicator variable for treatment; 𝑍 = (𝑋, 𝑍 𝑒 ) is a vector including the controls 𝑋, and in addition 𝑍 𝑒
which is the instrumental variables excluded from (1); and 𝑈0 , 𝑈1 and 𝑉 are unobservables.
Identification of the model (1)-(3) requires an assumption of conditional independence, namely that
(𝑈0 , 𝑈1 , 𝑉) is statistically independent of 𝑍 𝑒 conditional on 𝑋.10
Assuming that 𝑉 has a continuous distribution, the selection equation (3) can be rewritten as
𝐷 = 1{𝑃(𝑍) ≥ 𝑈𝐷 }, where 𝑃(𝑍) is the propensity score (the probability of choosing vocational
education given observables), and 𝑈𝐷 represents the quantiles of 𝑉. By construction, 𝑈𝐷 is
uniformly distributed over the interval [0,1]. 𝑈𝐷 can be interpreted as unobserved resistance to
treatment. An individual selects treatment (𝐷 = 1) if the net benefit of treatment (𝑃(𝑍) − 𝑈𝐷 ) is
positive. The model allows this net benefit to depend on 𝑌0 and 𝑌1 through dependence between
(𝑈0 , 𝑈1 ) and 𝑈𝐷 .
The marginal treatment effect (MTE) is defined as the treatment effect at given values of 𝑈𝐷
and 𝑋:
MTE(𝑋 = 𝑥, 𝑈𝐷 = 𝑝) = E(𝑌1 − 𝑌0 |𝑋 = 𝑥, 𝑈𝐷 = 𝑝)

(4)

Holding 𝑋 fixed, the MTE curve shows how the MTE varies with unobserved resistance to
treatment, 𝑈𝐷 . Note that for given 𝑋 and 𝑈𝐷 , the MTE does not vary with 𝑃(𝑍) because of the
conditional independence assumption stated above. Thus, for given 𝑋 and 𝑈𝐷 , distance to education
can affect 𝑃(𝑍) and thereby the choice between vocational and general education, but it does not
affect the MTE (or potential outcomes). Therefore, at each point 𝑈𝐷 = 𝑝, the MTE (given 𝑋) can be
interpreted as the mean treatment effect for persons at the margin of indifference between
10

The model (1)-(3) with this assumption is equivalent to the independence and monotonicity assumptions of the
LATE model in Imbens and Angrist (1994); see Vytlacil (2002).
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vocational and general education, i.e. for persons with propensity score 𝑃(𝑍) = 𝑝; see Heckman
(2010), Carneiro et al. (2011) and Cornelissen et al. (2016).
With the conditional independence assumption, it is possible to estimate MTEs if the
propensity scores in both treatment groups have full support for all values of 𝑋. However, this is not
feasible in practice as discussed in e.g. Carneiro et al. (2011) and Cornelissen et al. (2016).
Therefore, additional assumptions are needed. First, linearity in 𝑋 and 𝑍 is assumed in (1) and (3):
𝑌𝑗 = 𝑋𝛽𝑗 + 𝑈𝑗 and 𝐷 = 1{𝑍𝛾 ≥ 𝑉}. Second, the shape of the MTE curve, that is the relation
between the MTE and 𝑈𝐷 given 𝑋, is assumed to be independent of 𝑋, except for the intercept
which may vary with 𝑋. This can be achieved by assuming (in addition to conditional
independence) separability: E(𝑈𝑗 |𝑉, 𝑋) = E(𝑈𝑗 |𝑉), 𝑗 = 0,1; see Brinch et al. (2017).11 With these
assumptions we have
MTE(𝑥, 𝑝) = 𝑥(𝛽1 − 𝛽0 ) + E(𝑈1 − 𝑈0 |𝑈𝐷 = 𝑝)

(5)

The first term represents heterogeneity in observables (because the variables in 𝑋 may affect the
two potential outcomes differently and thereby the intercept of the MTE curve). The second term,
𝑘(𝑝) = E(𝑈1 − 𝑈0 |𝑈𝐷 = 𝑝), represents heterogeneity in unobservables, i.e. variation in the MTE
by unobserved resistance to treatment. Defining 𝑘𝑗 (𝑝) = 𝐸(𝑈𝑗 |𝑈𝐷 = 𝑝), 𝑗 = 0,1, we have 𝑘(𝑝) =
𝑘1 (𝑝) − 𝑘0 (𝑝).
The model above implies the following outcome equation (see Heckman et al., 2006, and
Carneiro et al., 2011):
E(𝑌|𝑋 = 𝑥, 𝑃(𝑍) = 𝑝) = 𝑥𝛽0 + 𝑥(𝛽1 − 𝛽0 )𝑝 + 𝐾(𝑝)
where 𝐾(𝑝) is a non-linear function of the propensity score 𝑝. The derivative of this function with
respect to 𝑝 gives the MTE as a function of 𝑥 and 𝑝:
MTE(𝑋 = 𝑥, 𝑈𝐷 = 𝑝) = 𝑥(𝛽1 − 𝛽0 ) + 𝜕𝐾(𝑝)/𝜕𝑝

11

(6)

The separability assumption is invoked in, e.g., Cornelissen et al. (2018) and Brinch et al. (2017). Alternatively, one
can assume full independence between 𝑍 and (𝑈0 , 𝑈1 , 𝑉) as in, e.g., Aakvik et al. (2005), Carneiro et al. (2011) and
Carneiro et al. (2017).
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We use the separate approach (Heckman and Vytlacil, 2007; Brinch et al., 2017) and estimate
the conditional expectation of 𝑌 in the sample of treated and untreated separately using regressions
of the form: 𝑌𝑗 = 𝑥𝛽𝑗 + 𝐾𝑗 (𝑝) + 𝜀𝑗 , 𝑗 = 0,1, where the control functions 𝐾𝑗 (𝑝) are functions of the
propensity score 𝑝 and related to 𝑘𝑗 (𝑝) since 𝐾1 (𝑝) = 𝐸(𝑈1 |𝑈𝐷 ≤ 𝑝) and 𝐾0 (𝑝) = 𝐸(𝑈0 |𝑈𝐷 >
𝑝). In our application, we use parametric models with polynomials in 𝑝. The estimation is a 2-step
procedure where we estimate the propensity score function in the first step (using a logit model) and
the outcome equations in the second step. We report heteroskedasticity robust standard errors which
ignore the estimation of the propensity score in the first stage. We show in Section 6.1 that these are
very similar to bootstrapped standard errors taking account of the propensity score estimation. If
anything, bootstrapped standard errors tend to be smaller. We apply the user-written command
mtefe for Stata, see Andresen (2018), with varying specifications of the degree of the polynomial of
𝑘𝑗 and thereby 𝐾𝑗 .
The MTE given by (5) can be used to estimate treatment effect parameters such as the ATE,
ATT, ATUT, and PRTEs. For instance, the (unconditional) ATE is calculated using the overall
sample means of 𝑥 (in the first term of (5)) and an equally weighted average over the unobserved
component of the MTE (the last term of (5)). Similarly, the ATT is calculated using the means of 𝑥
for the treatment group and a weighted average over the unobserved component of MTE with more
weight to individuals with a low unobserved resistance to treatment. For details, see Heckman and
Vytlacil (2005, 2007), Heckman (2010) and Cornelissen (2016).

3.3. Long-term effects on earnings
As will be explained in Section 4, our main sample consists of the cohorts born in 1986-1989 which
we can follow in the registers until 2018, i.e. till age 28-31 (beginning of year). This is rather early
in the career, especially for those who choose a higher education, and about 5% are still enrolled in
education at this age. Earnings at about age 40 is in general a much better indicator of life-time
earnings than earnings at age 28-31 (see, e.g., Björklund, 1993; Haider and Solon, 1996). Therefore,
as a supplement to observed earnings measured at age 28, we construct an additional outcome
variable which is predicted earnings at age 40 conditional on earnings, labor market status and
detailed educational attainment by age 28-31 (and other variables); see Section 4 for details. We do
this by using register data for older cohorts to estimate an OLS model with earnings at age 40 as the
dependent variable and short-term outcomes by age 28-31 and pre-treatment covariates as
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explanatory variables, and then using the estimated coefficients to predict earnings at age 40 for the
cohorts of our main sample.
The predicted long-term earnings at age 40 is what Athey et al. (2019) call a surrogate index.
Because the long-term outcome is not observed in our main sample, we use surrogates (short-term
outcomes measured up to age 28-31) to predict the long-term outcome and estimate long-term
treatment effects. Athey et al. (2019) show that the ATE on the long-term outcome is identified if
three assumptions hold: Unconfoundedness (independence between treatment and potential
outcomes conditional on pre-treatment controls), surrogacy (independence between treatment and
the long-term outcome conditional on short-term outcomes and pre-treatment controls) and
comparability (the conditional distribution of the long-term outcome given pre-treatment controls
and short-term outcomes is the same in the main sample and the sample of older cohorts).
Athey et al. (2019) also briefly discuss the use of instrumental variables instead of invoking
the unconfoundedness assumption. In an IV setting, it is assumed that the exclusion restriction
holds for both short- and long-term outcomes (no correlation between instruments and potential
outcomes conditional on pre-treatment controls), and the surrogacy assumption states that, in the
main sample, the long-term outcome is independent of the instruments conditional on pre-treatment
controls and the short-term outcomes. Intuitively, the surrogacy assumption requires that the shortterm outcomes fully capture the causal link from a variation in treatment (induced by a change of
the instruments) to the long-term outcome, either because the short-term outcomes are themselves
the causal factors or because they are correlated with the causal factors.
In our application, we obviously need several surrogates. Thus, choosing vocational instead of
general upper secondary education will typically result in relatively high earnings early in the career
(e.g. at age 28) but a lower level of educational attainment, because the skills acquired in vocational
education qualify directly for jobs in the labor market whereas general upper secondary education is
typically followed by a post-secondary education. A high level of education and high earnings at
age 28 are both predicting high earnings at age 40, so we need both surrogates. Furthermore,
earnings at age 40 vary a lot with the specific type of education attained, not just the level, so we
need surrogates for type of education (field of study) as well. The expected relation between
earnings at age 40 and at age 28 will depend on whether the individual was still enrolled in
education at age 28 and whether they were employed, so we also need surrogates for labor market
status and their interactions with, e.g., earnings at age 28. As emphasized by Athey et al. (2019),
when predicting a long-term outcome (e.g., earnings) with earlier observations of the same variable
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(and related variables), it may be very useful to include such surrogates for several time periods
(e.g., not just at age 28, but also at age 25, 26 and 27).
We cannot test the surrogacy and comparability assumptions, but they seem reasonable in our
application. Since we have many important and very detailed short-term surrogate outcomes
measured by age 28-31 including educational attainment in terms of both level of education and
field of study, and several years of observations on labor market status and earnings, as well as
many pre-treatment controls, it is reasonable to assume that conditioning on all these variables,
earnings at age 40 are independent of instrument-induced variation in the choice of vocational
versus general upper secondary education. We conduct a plausibility check of the surrogacy
assumption as suggested in Athey et al. (2019). Thus, we treat earnings at age 28 as a pseudo
unobserved outcome, predicting it using lagged values of the surrogates, and then we compare
results using this predicted earnings variable with results using observed earnings at age 28. The
two sets of results are very similar; see Section 6.5.
The comparability of samples assumption is likely to hold approximately because the two
samples consist of different cohorts of the same population, and the variables used are consistent
over time – they are based on administrative registers for the full population. An issue is of course
that due to technical change, business cycles and structural changes in the labor market, earnings
dynamics and returns to different types of education may change over time. Therefore, since the
main sample consists of cohorts 1986-89 and the ‘old sample’ of cohorts 1974-77, we cannot expect
the comparability assumption to hold exactly. However, we show in robustness checks that varying
the cohorts included in the old sample does not change results significantly; see Section 6.5.
To simplify computation, we report standard errors for the treatment effects on the surrogate
index ignoring the estimation error in the index. Athey et al. (2019) do the same in their empirical
application and note that using a bootstrap yields very similar estimates of standard errors.

4. Data
We use Danish administrative data which cover the whole population and have a panel structure.
Unique personal identification numbers make it possible to link different registers. The data include
information on earnings, income, employment status, enrolment in education, completed education,
and 9th grade test scores. The data also contain links between children and parents.
Information on test scores at the end of 9th grade is not available before 2002, and neither is
other information on student ability in primary or lower secondary school. Since such information
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on academic skills is very important for our analysis and since we want to be able to measure
outcomes for as many years as possible, we focus on the first 4 cohorts with test score information,
namely the cohorts born 1986-89 who would typically complete 9th grade in the years 2002-2005
(i.e., in the year they turn 16). We can measure outcomes up to age 28 for all these cohorts (and up
to age 31 for the 1986 cohort).

4.1. Sample selection
Our main sample used in the analysis consists of 161,432 individuals from the cohorts 1986-89 who
were enrolled in Danish lower secondary schools; who had completed an upper secondary
education program by age 25; who were living in Denmark the year they left lower secondary
school and at age 25, and in the years in which we measure outcomes; and for whom we have
information on distance to educational institutions. See Appendix Table A1 for more details on
sample selection.

4.2. Outcomes and covariates
We consider two outcomes measured at age 28 (i.e., in the year where the student was 28 at the
beginning of the year): An indicator for being employed or student which is recorded at the end of
November, and earnings. Earnings are measured as annual wage income plus income from selfemployment (before taxes). They are deflated by the consumer price index (base year 2015) and
measured in DKK 1,000.12 To limit the effect of outliers we trim observations if earnings at age 28
are negative or above DKK 1m ($150,000).13
As an additional outcome we use predicted earnings at age 40; see the discussion in the
introduction and in Section 3.3. We construct predicted earnings at age 40 using register data for
older cohorts born 1974-1977. With earnings at age 40 as the dependent variable, we estimate four
OLS models which are identical except that we condition on educational attainment, labor market
status and earnings by different ages (age 28, 29, 30 and 31, respectively). The parameter estimates
of these models are then used to predict earnings at age 40 (for cohorts 1989, 1988, 1987 and 1986,
respectively) in our main sample.
We include the following explanatory variables in the models. First, the most important
variables are earnings, labor market status (employed, student, or inactive) and educational

12
13

$1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15.
Less than 0.4% of the sample.
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attainment (highest completed education) at age 28-31. Educational attainment is represented by
290 indicator variables each representing a specific education defined in terms of both the level of
education and the narrowly defined field of study.14 Second, we include the grade point average
(GPA) from general upper secondary school (for those who have completed such an education).
Third, we include gender and the pre-treatment controls parental earnings and parental level of
education (5 categories). Fourth, we include interaction terms, most importantly between the level
of education at age 28-31 (8 categories) and all other variables, and between gender and all other
variables.15 Finally, to take account of earnings dynamics, we include 3 years lags of earnings, labor
market status and level of education and their interactions as well as their interactions with gender.
For instance, for the model conditioning on short-term outcomes by age 28, these variables are
included at age 25, 26 and 27 as well as at age 28. All in all, each model contains about 890
parameters. The number of observations is about 260,000 for each model, and the adjusted R
squared is between 0.50 (age 31) and 0.43 (age 28).16
Although the educational attainment variables at age 28-31 are the most important for
predicting earnings at age 40, the other variables and their interactions are important as well. In a
specification with only educational attainment at age 28-31 and gender as explanatory variables
(where predictions produce earnings-weighted education as in Björklund and Sundström, 2006) the
adjusted R squared is 0.29-0.30 in the four models, considerably below the level for the full model.
This indicates that there is important heterogeneity in earnings at age 40 within each specific
education category, and that earnings and labor market status around age 30, among other things,
are important in explaining this heterogeneity. We show in Section 6.5 that the treatment effect
estimates are significantly different when predicted earnings are based on only education and
gender instead of the full model. This indicates that the education variables (and gender) alone do
not capture the causal chain from treatment to long-term earnings.
14

These variables are based on the Danish version of the International Standard Classification of Education (ISCED).
We do not interact gender with the 290 indicators of specific educations because this does not improve the
adjusted R squared and produces noisy predictions for some education programs with highly unbalanced gender
composition. However, we have checked that including interactions between gender and these very detailed
indicators of education programs does not affect the treatment effect estimation results in any significant way.
16
For brevity, we do not report details on these regressions, but they are available upon request. Note that we did not
include in the surrogate index all pre-treatment controls which are used in the MTE estimations, but only gender and
parental education and earnings. We did try to include other pre-treatment controls, for instance municipality
dummies, but they did not improve the adjusted R squared. It was not possible to include 9 th grade test scores
because they do not exist for these older cohorts; see the discussion above. However, given the large number of
important short-term outcomes which we control for, it is probably not important to include all pre-treatment
controls. In Section 6.5 we discuss a specification check supporting this presumption as well as other specification
checks related to the model for predicted earnings at age 40.
15
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The treatment variable is equal to 1 (0) if a vocational (general) upper secondary education
was completed by age 25. If a student completed both a general and a vocational program before
age 25, they are categorized by their first completed program. Mean outcomes by gender and
treatment status are shown in Table 1. We conduct the analysis separately for males and females for
two reasons. First, because their outcomes are very different (see Table 1): Males have higher
earnings and higher probability of being employed or student; and males who complete a vocational
education have higher values of the outcomes at age 28 than males who complete a general
education, whereas the opposite is the case for females. For both genders, predicted earnings at age
40 are higher if they completed a general education.

Table 1. Outcomes by gender and type of completed upper secondary education
Males
Females
General Vocational
General Vocational
Employed or student age 28
0.909
0.918
0.888
0.823
Earnings age 28
306.258 325.147
261.632 203.114
Predicted earnings age 40
551.914 425.356
421.612 274.902
N
46,779
32,291
63,928
18,434

All
0.893
280.586
443.366
161,432

Note. If a student completed both a general and a vocational upper secondary education program before age 25, they are
categorized by their first completed program. Earnings are measured in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the
exchange rate end of 2018), i.e., DKK 1 ≈ $0.15.

The second reason for conducting the analysis by gender is large gender differences in the
choice of specific types of education within the two main categories of vocational and general upper
secondary education (see Appendix Table A2). This is especially the case within vocational
programs where males are much more likely to choose technology, construction, craftsmanship and
mechanics, whereas females are more likely to choose the commercial field, food production and
service. Within general programs, males are more likely to choose the technical track. These gender
differences related to the treatment variable are followed by similar differences in educational
attainment by age 28-31 (measured in 2018). Among those who complete a post-secondary
education, males are more likely to choose technical educations and science, whereas females are
more likely to choose humanities, educational programs and health; see Appendix Tables A3 and
A4. The gender differences in choice of field of both upper secondary and post-secondary education
can probably explain an important part of the gender differences in outcomes in Table 1. Other
reasons why women have lower earnings and lower probability of being employed or student
(despite a higher level of education) are maternity leave and that more women choose to work part-
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time. In our analysis, women on maternity leave are categorized as employed or student if they were
in one of these states when they took leave. For women on maternity leave with full pay (provided
by the employer), this payment will be included in our measure of earnings, but maternity pay in the
form of public transfers is not included.17
In the analysis we control for many important pre-treatment covariates: 9th grade test scores
and teachers’ marks for the year’s work in different subjects, cohort and municipality dummies,
family structure, ethnicity, and parental education, income, labor market status and crime. Table 2
shows selected control variables by treatment status. For the full set of covariates, see Appendix
Table A5. Students choosing vocational programs have on average more disadvantaged
backgrounds and lower test scores than students choosing general programs, which may explain at
least some of the differences in outcomes by treatment in Table 1. The differences in mean test
scores between the two groups are substantial: they correspond to about 1 standard deviation in the
distribution of test scores.

Table 2. Covariates (selected) by completed upper secondary education
General Vocational Total
Male
0.423
0.637
0.490
Parents separated at age 14
0.253
0.333
0.279
Father vocational education
0.393
0.510
0.430
Father higher education
0.124
0.016
0.090
Father unemployed
0.018
0.022
0.019
Father disability pension
0.023
0.036
0.027
Father not in work force
0.045
0.057
0.049
Log income father
5.966
5.797
5.913
Father conviction at age 0-13 0.088
0.145
0.106
Test score math, 9th grade
8.435
7.038
8.020
th
Test score Danish, 9 grade
8.685
7.209
8.245
Test score English, 9th grade
8.999
7.230
8.509
th
Test score science, 9 grade
8.418
7.224
8.096
No 9th grade test scores
0.021
0.072
0.037
N
110,707
50,725
161,432
Note. If a student completed both a general and a vocational upper secondary education program before age 25, they are
categorized by their first completed program. This table only shows selected covariates. Appendix Table A5 includes all
covariates. The standard deviations in the distributions of test scores are 1.5, 1.2, 1.8, and 1.6 for math, Danish, English
and science, respectively.
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In Section 6.4 we discuss a robustness check where the outcome is total income including public transfers.
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4.3. Instruments
We use distances to vocational and general upper secondary educational institutions as instruments.
They are measured as the distance via the road networks from the student’s residential address the
1st of January in the year they leave lower secondary school (typically at age 15 or 16) to the nearest
educational institutions. To calculate the distances, we use the exact geographic co-ordinates for
each of the identified educational institutions and the co-ordinates for the bottom-left corner of the
geographic quadrant, 100 x 100 meter in size, in which the residence of the student was located. We
do not calculate distances for students living on a small island without a bridge to the mainland.
We construct separate distance measures to vocational and general schools. For each student,
we might simply use the distance to the nearest vocational institution and the distance to the nearest
general institution. However, the nearest vocational school does not offer all seven main vocational
tracks, and the nearest general school does not offer all four main tracks of general programs.
Because the main tracks within each type of education are very different, we use the weighted
average distance to the seven main vocational education tracks and the weighted average distance to
the four main general education tracks. These distance variables are, for each student, based on the
distances to the nearest institutions offering each main track, and the weights we use are based on
the overall number of students choosing each main track.
Table 3 shows the percentage of observations by distance to vocational and general schools.
Distances to general schools are typically shorter than distances to vocational schools. About 14%
live less than 5 km from vocational schools, while about 40% live less than 5 km from general
schools; and only 7.5% live more than 20 km from general schools while 28% live more than 20 km
from vocational schools. One of the reasons for this pattern is that most vocational schools have an
affiliated general school (i.e., a mercantile or technically oriented general school) in the same place,
while more traditional general schools are not placed in connection to vocational schools.
Therefore, the distance to the nearest vocational school is typically at least as long as the distance to
the nearest general school. The two distance variables are positively correlated with a correlation
coefficient of 0.81. This rather high correlation is mainly caused by the fact that both types of
educational institutions are typically concentrated in urban areas, so distances to both types of
institutions are short for individuals living in a larger city whereas they are both longer for
individuals living in more sparsely populated areas.
It is important to note that distance to general upper secondary education is more well
defined than distance to vocational upper secondary education. At general schools, teaching will
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take place at the same institution through all the 3 (or 2) years of the program. However, for
vocational education we measure the distance to the institutions offering the 7 basic courses (the
first year of the vocational education), but after the first year, more specialized courses may only be
offered at institutions further away, and apprenticeship positions or training places may be located
rather far from the educational institutions. Therefore, one would expect that distance to general
schools is more important for the choice between general and vocational education than distance to
vocational schools.

Table 3. Observations (percent) by distance to general and vocational upper secondary schools
Distance to general schools
Distance to vocational schools
0-5 km 5-10 km 10-15 km 15-20 20+ km Total
0-5 km
14.05
19.10
3.55
1.93
1.82
40.45
5-10 km
0.38
7.18
7.51
4.10
3.76
22.92
10-15 km
0.01
0.52
4.45
5.74
6.08
16.79
15-20 km
0.00
0.01
0.20
3.59
8.49
12.29
20+ km
0.00
0.00
0.00
0.15
7.39
7.54
Total
14.43
26.80
15.71
15.51 27.55 100.00
Note. Weighted average distance to general schools (rows) and vocational schools (columns). Weights are based on the
number of students starting on each main type (track) of general and vocational programs, respectively.

5. Results
Before we present the main results using MTE methods, we will briefly discuss OLS results.

5.1. OLS results
Table 4 shows for each gender and outcome OLS estimates for the treatment variable (an indicator
for completing vocational instead of general upper secondary education). These OLS models
include the full set of controls: 3 cohort dummies, 92 region of residence dummies, and 58
covariates for family background and test scores and marks for the year’s work in different subjects
in 9th grade. For outcomes at age 28, the estimates indicate that completion of vocational instead of
general upper secondary education has positive effects for males and negative effects for females.
For instance, for males, completion of vocational education increases the probability of being
employed or student at age 28 by 2.5 percentage points, and the positive earnings effect is DKK
47,000 ($7,200). For females on the contrary, the probability of being employed or student is
reduced by 3.0 percentage points and earnings by DKK 18,000 ($2,800). For predicted earnings at
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age 40, the OLS results indicate a negative effect for both genders (DKK 36,000 ($5,500) for males
and DKK 57,000 ($8,800) for females). All estimates in Table 4 are statistically significant.
The OLS results are very sensitive to the set of controls included in the model. Especially the
control variables for academic ability at the end of lower secondary school are very important for
the estimated effects of vocational instead of general education. For instance, for males the effect of
completing vocational education on the probability of being employed or student is 0.8 percentage
points without these controls but 2.5 percentage points with these controls, and for females the
effect is -5.7 percentage points without these controls and -3.0 percentage points with these
controls. This pattern of more favorable effects of vocational education when academic ability
controls are included is also very pronounced for earnings and reflects the endogeneity of
educational choice, because individuals choosing vocational education have on average lower
academic ability and therefore lower potential earnings and employment prospects for both
educational options. Appendix Table A6 shows how the OLS results depend on the set of covariates
included as controls.

Table 4. OLS estimation results. Effect of completing a vocational instead of a general program.

Employed or
student age
28
Vocational
0.025***
(0.003)
N
79,070

Males
Earnings
age 28
46.548***
(1.574)
79,070

Predicted
earnings
age 40
-36.229***
(1.486)
79,070

Females
Earnings
age 28

Employed or
student age
28
-0.030***
-17.633***
(0.004)
(1.389)
82,362
82,362

Predicted
earnings
age 40
-57.127***
(0.985)
82,362

Note. The table shows OLS estimates of effects of completing a vocational instead of a general upper secondary
education. If a student completed both a general and a vocational upper secondary education program, they are
categorized by their first completed program. Earnings are in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange
rate end of 2018), i.e., DKK 1 ≈ $0.15. The full set of controls are included: 92 municipality dummies, 3 cohort
dummies, and 62 family background and 9 th grade test score variables. Appendix Table A5 shows means for the family
background and test score controls included. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

5.2. MTE results
5.2.1. Selection of type of upper secondary education
We now present the MTE results. We begin with the results for the first-stage logit selection models
of completing vocational instead of general upper secondary education which are shown in Table 5.
We report average marginal derivatives for the two distance instruments. The models include the
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full set of socio-demographic controls and test scores (see Appendix Table A5). Models (1) and (3)
in Table 5 (for males and females, respectively) are used in our main specification. Here, we use as
instruments both the distance measures and their interactions with the math test score and a dummy
for missing math test score to allow for the possibility that the effect of distance on educational
choice may depend on cognitive ability. It is common in applications of MTE methods to use such
interactions as additional instruments.18 Models (2) and (4) in Table 5 show results for a more
parsimonious specification where we exclude the interactions and only use the two distance
variables as instruments.19 In Section 6.2 we discuss a robustness check showing that our treatment
effect estimates are not changed in any significant way by using the simpler specification in models
(2) and (4).

Table 5. First stage logit models. Decision on completing vocational instead of general upper
secondary education. Average marginal derivatives
(1)
(2)
(3)
(4)
Male
Male
Female
Female
Distance to vocational education
-0.0004
-0.0004
-0.0007*
-0.0007*
(0.0004)
(0.0004)
(0.0003)
(0.0003)
Distance to general education
0.0041*** 0.0042***
0.0018*** 0.0019***
(0.0004)
(0.0004)
(0.0003)
(0.0003)
Cross terms: distance×math score
X
X
All control variables
X
X
X
X
N
79,070
79,070
82,362
82,362
Chi squared, exclusion restrictions
281.8
256.8
94.1
49.7
P value, exclusion restrictions
6.630e-58 1.745e-56
4.214e-18 1.644e-11
Degrees of freedom, exclusion restrictions
6
2
6
2
Chi squared, cross terms
23.2
45.5
P value, cross terms
1.148e-04
3.066e-09
Degrees of freedom, cross terms
4
4
Note. The dependent variable is an indicator for completing a vocational instead of a general upper secondary
education. Average marginal derivatives based on the logit model estimates are shown for the two distance measures.
For each individual, we calculate the effect of increasing the distance by one unit (1 km), holding all control variables
fixed, on the probability of completing vocational instead of general education. In models (2) and (4) the exclusion
restrictions are the two distance measures. In models (1) and (3) they also include cross terms between each distance
variable and two control variables, namely the math test score and an indicator variable for missing math test score. The
first chi-square test is for all exclusion restrictions. The second is for the cross terms in models (1) and (3) only. The
models include all control variables: Socio-demographics, test scores and cohort and municipality dummies.
Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Carneiro et al. (2011) and Nybom (2017) also interact distance instruments with a measure of cognitive ability.
Carneiro et al. (2017) use interactions between distance and control variables as instruments. Cornelissen et al. (2018)
use interactions between their primary instrument and covariates as additional instruments.
19
The non-linear form of the logit model incorporates interactions between the instruments and the controls also in
this specification.

22

The average marginal derivatives of the distance variables are almost identical in the two
specifications in Table 5. They have the expected signs and especially the distance to general
education is highly significant. The point estimates indicate that an increase in the distance to
general education by 10 km increases the probability of choosing vocational education by about 4
percentage points for males and 2 percentage points for females. An increase in distance to
vocational education by 10 km tends to reduce the probability of choosing vocational education by
about 0.4 percentage points for males and 0.7 percentage points for females. The larger and more
significant effects for distance to general education are as expected; see the discussion in Section
4.3.
The instruments are jointly highly significant according to the chi-squared test statistics for
the exclusion restrictions in the lower part of Table 5. In models (1) and (3), the cross terms
between the distance variables and the math test score variables are highly significant (see the last
chi-squared tests in Table 5). We have tried to include distance squared and interactions between
distance and other controls, but these terms were not significant.
The estimated propensity score has common support over the interval from 0 to 1. Appendix
Figure A1 shows its frequency distribution by treatment status and gender.

5.2.2. MTE curves
We now turn to the main MTE results. Figure 1 shows the estimated MTE curves with 90%
confidence intervals (CIs). We estimate models with polynomials in the propensity score and
choose the order of the polynomials (reported in the note to Figure 1) as follows. For each model
(given by outcome and gender), we estimate specifications with 1st, 2nd and 3rd order polynomials in
the propensity score. We report results for the specification with 3rd order polynomials if the 3rd
order terms are statistically significant (for either k0 or k). If they are not significant, we report
results for the specification with a 2nd order polynomial if the 2nd order terms are significant. Else
we report results for a 1st order polynomial. Figure 1 shows how estimates of the MTE vary with the
unobserved resistance to treatment (vocational education). The two upper panels show the MTEs on
the probability of being employed or student at age 28 for males and females. The two middle
panels show the MTEs on earnings at age 28, and the two lower panels show the MTEs on
predicted earnings at age 40. The MTEs are evaluated at the sample means of 𝑋. Each panel also
shows the ATE which is the integral of the MTE over the interval from 0 to 1. The MTE curves are
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decreasing for earnings at age 40 for both genders, for earnings at age 28 for females and for the
employment/student outcome for males. A decreasing MTE curve is consistent with selection on
idiosyncratic gains: individuals with higher unobserved resistance to treatment (vocational
education) who therefore tend to choose the other option (general education), have lower gains to
treatment.
The MTE curves tend to be U-shaped for the employment/student probability at age 28 for
females and for earnings at age 28 for males. This is not necessarily inconsistent with individuals
selecting into treatment based on gains. Thus, Brinch et al. (2017) show that a U-shaped MTE curve
can be generated if the population consists of two or more distinct subpopulations with different
non-increasing MTE curves and different distributions of unobserved resistance to treatment.20
Another reason why (segments of) the MTE curve may be increasing is that individuals care about
other outcomes in addition to the outcome considered in the analysis. In our application, individuals
with high resistance to treatment (vocational education) might put more weight on long-term
earnings and therefore choose general education despite higher short-term gains to vocational
education at age 28, if they expect higher long-term gains to general education.21 As noted above,
the MTE curves for more long-term earnings at age 40 are decreasing for both genders.
The variation in the MTE is substantial for all outcomes although CIs tend to be wide for the
probability of being employed or student at age 28.

20

In their example, each subpopulation has a constant MTE curve and the subpopulation with the highest level of the
MTE also have higher variance of the unobserved resistance to treatment.
21
In principle, this corresponds to the argument in Cornelissen et al. (2018) who estimate an increasing MTE curve.
They find that children with higher unobserved resistance to attending childcare (the treatment) have higher returns
to attending childcare (in terms of cognitive development), and that these children come from more disadvantaged
family backgrounds in terms of characteristics not controlled for in the analysis. Thus, one possible explanation for the
increasing MTE curve may be that childcare costs are a more important disadvantage in low-income families.
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Figure 1. Marginal treatment effects of completing vocational instead of general education

Note. The two upper panels show MTEs on the probability of being employed or student at age 28 for males and
females, respectively. The two middle panels show MTEs on earnings at age 28, and the two lower panels show MTEs
on predicted earnings at age 40. The MTEs are evaluated at the sample means of covariates. Earnings are in DKK
1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. The order of the polynomials in
the propensity score is 2 for outcomes at age 28; for predicted earnings at age 40, the order is 1 for males and 3 for
females.
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5.2.3. Conventional treatment effect parameters
We now discuss the estimates of treatment effect parameters which are shown in Table 6. The ATE
(the average treatment effect for an individual picked at random in the sample) is estimated at the
sample means of 𝑋 (and is also shown in Figure 1). For earnings at age 28, the ATE is positive for
males and negative for females. For predicted earnings at age 40, the ATE is negative for both
genders. By completing vocational instead of general education, males gain on average DKK
52,000 ($8,000) in earnings at age 28 but lose DKK 56,000 ($8,700) at age 40. Females lose DKK
44,000 ($6,700) in earnings at age 28, and they lose DKK 79,000 ($12,200) at age 40. The point
estimates indicate that males gain about 1.8 percentage points in the probability of being employed
or student at age 28, and females lose about 3.7 percentage points, but these estimates are not
significant. The ATE estimates have the same signs as the OLS estimates in Table 4, but for
earnings they tend to be larger numerically.
For all outcomes and both genders, the ATT tends to be higher (and the ATUT smaller) than
the ATE, and the ATT is positive and significant (except for the employment/student outcome for
females which is insignificant), while the ATUT is negative or insignificant. For earnings, the
difference between ATT and ATUT (and between ATT and ATE) is clearly significant for both
genders. This is consistent with selection on gains: On average, the individuals selecting into
vocational education are those who benefit the most. The difference between ATT and ATUT is
substantial, especially for predicted earnings at age 40. For males, these estimates are DKK 24,000
and DKK -112,000 ($3,700 and -$17,300), and for females they are DKK 53,000 and DKK 118,000 ($8,100 and -$18,100). For males, the ATT for the probability of being employed or
student at age 28 is 3.7 percentage points and significant.
The differences between the ATT and the ATE (and the ATUT) are caused by both observed
and unobserved heterogeneity in treatment effects. Thus, the ATT is evaluated at the means of 𝑋 in
the group of treated (instead of the full sample used for ATE) which shifts the intercept of the MTE
curve. Similarly, the ATUT is evaluated at the means of 𝑋 among the untreated. The values of 𝑋 are
important for the MTE and thereby for the average treatment effect parameters if the estimates of
(𝛽1 − 𝛽0 ) are different from zero; see equation (5). In Table 6 we report the p value of a test for
overall observed heterogeneity, i.e. we test that (𝛽1 − 𝛽0 ) = 0 for all covariates. For all the
estimated models, this test indicates significant observed heterogeneity.
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Table 6. Effects of completing vocational instead of general education
(1)
Employed
or student
age 28
Conventional treatment effects
ATE
ATT
ATUT
Policy-relevant treatment effects
PRTE: p + 0.01
PRTE: Kink increase in p
PRTE: Distance general + 1 km

(2)
Males
Earnings
age 28

(3)

(4)

Predicted
earnings
age 40

Employed
or student
age 28

(5)
Females
Earnings
age 28

(6)
Predicted
earnings
age 40

0.018
(0.016)
0.037*
(0.017)
0.004
(0.024)

52.235***
(9.389)
97.149***
(10.190)
21.154
(14.100)

-56.437***
(6.559)
24.055**
(8.449)
-112.134***
(9.293)

-0.037
(0.037)
-0.023
(0.017)
-0.041
(0.048)

-43.805***
(12.994)
33.355***
(7.697)
-66.228***
(16.555)

-79.265***
(17.068)
52.894***
(9.520)
-117.705***
(21.764)

0.030+
(0.018)
0.017
(0.013)
0.020
(0.013)

71.556***
(10.601)
57.723***
(7.640)
60.728***
(7.953)

-41.645***
(6.489)
-35.534***
(6.254)
-34.482***
(6.250)

0.010
(0.025)
-0.043*
(0.018)
-0.023
(0.018)

11.771
(10.482)
-7.171
(6.817)
1.701
(7.164)

6.557
(14.887)
-9.920
(7.391)
0.913
(8.441)

PRTEs by 9th grade math scores
PRTE: p + 0.01, math low

-0.003
98.477***
5.097
-0.041
-1.728
3.672
(0.022)
(13.362)
(7.294)
(0.025)
(9.139)
(12.944)
PRTE: p + 0.01, math medium
0.032*
69.017*** -27.537***
0.021
22.510*
22.139
(0.015)
(9.031)
(6.447)
(0.024)
(10.386)
(14.190)
PRTE: p + 0.01, math high
0.066*
63.675*** -73.875***
0.060+
15.089
0.112
(0.026)
(15.315)
(8.277)
(0.036)
(15.356)
(24.074)
N
79,070
79,070
79,070
82,362
82,362
82,362
Order of polynomials in p
2
2
1
2
2
3
P value, observed heterogeneity
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
P value, unobserved heterogeneity
.1669
<0.0001
<0.0001
.1113
<0.0001
<0.0001
Note. The table presents estimation results using the separate approach and parametric polynomial models. For each
model, we estimate specifications with 1st, 2nd and 3rd order polynomials in the propensity score. We report results for
the specification with a 3rd order polynomial if the 3rd order terms are statistically significant (for either k0 or k). If they
are not significant, we report results for the specification with a 2 nd order polynomial if the 2nd order terms are
significant. Else we report results for a 1 st order polynomial. The test for observed heterogeneity is a test that 𝛽1 − 𝛽0 =
0. The test for unobserved heterogeneity is a test that coefficients of the polynomial for k are equal to zero. Earnings are
in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. The mean propensity
score is 0.408 for males and 0.224 for females. The six PRTEs are effects per net individual shifted for six different
policy-related shifts in the propensity score. The first policy augments the propensity score by 1 percentage points for
all observations. The second policy is a kink proportional increase which increases the propensity score most for those
with p=0.5 (p’ = (1+0.01)×p if p≤0.5; p’ = (1-0.01)×p + 0.01 if p>0.5). This policy increases the average propensity
scores for males and females by 0.2 and 0.1 percentage points, respectively. The third policy increases the distance to
general schools by 1 km for everyone. This results in an average increase in the propensity score by 0.4 and 0.2
percentage points for males and females, respectively. The last three sets of PRTEs are for policies which increase the
propensity score by 0.01, but only for those with low, medium, and high 9 th grade math scores, respectively.
Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

Unobserved heterogeneity can also explain differences between the ATE, ATT and ATUT
parameters since the weights given to the MTEs at different values of the unobserved resistance to
treatment (𝑈𝐷 ) differ. When estimating the ATT more weight is assigned to individuals with low
unobserved resistance to treatment (since they have a high probability of treatment), the ATUT
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assigns more weight to individuals with high unobserved resistance, and the ATE is based on equal
weights. These different weight distributions are important if the MTE curve is not flat. In Table 6
we report the p value for a test that the MTEs are constant across 𝑈𝐷 , i.e. a test for unobserved
heterogeneity. In our polynomial models where the last term in the MTE equation (6) is represented
by a polynomial in the propensity score, this is a test that the coefficients in this polynomial are all
zero. For the employment/student outcome where the CI of the MTE curve is rather wide compared
to the variation in the MTE estimates with unobserved resistance to treatment (see Figure 1), the
test indicates no significant unobserved heterogeneity. For the earnings outcomes, on the contrary,
we find highly significant unobserved heterogeneity.
The two upper panels of Figure 2 illustrate for each gender how the difference between the
ATT and the ATE for predicted earnings at age 40 can be explained by observed and unobserved
heterogeneity. In each panel, the solid black curve is the MTE curve evaluated at the overall means
of the covariates in the estimation sample. This is identical to the MTE curve in the corresponding
lower panel of Figure 1. The red solid curve (MTE(ATT)) is the same MTE curve except that it is
now evaluated at the covariate means of the treatment group. For both genders, this gives rise to an
upward shift of the MTE curve. Thus, the observed characteristics of the treatment group (choosing
vocation education) makes the choice of vocational instead of general education more favorable.
The dotted curve shows the weights that are used to calculate the ATT from the MTE(ATT) curve
(weights are measured on the right vertical axis). The weights are higher for lower values of
unobserved resistance to treatment (𝑈𝐷 ) because weights are related to the share of individuals that
have a propensity score higher than 𝑈𝐷 and therefore choose treatment. Since the MTE curve is
decreasing, this unobserved heterogeneity increases the ATT further compared to the ATE.
The form of the MTE curve is related to how potential outcomes vary by unobserved
resistance to treatment. The two lower panels of Figure 2 illustrate this relation, again for predicted
earnings at age 40. Both the MTE curve and the curves for potential outcomes are shown for the
overall means of the covariates in the estimation sample. Potential outcomes in case of treatment
(𝑌1 ) and non-treatment (𝑌0 ) are measured on the right vertical axis. For males, the 𝑌1 curve is
decreasing and the 𝑌0 curve is increasing. Thus, potential earnings when treated are lower for higher
values of unobserved resistance to treatment, and potential earnings when untreated are increasing
in unobserved resistance to treatment. The MTE curve is simply the difference between the 𝑌1 and
𝑌0 curves (but note the different scales on the left and right vertical axes in the figure). Thus, the
form of both potential outcome curves contributes to a decreasing MTE curve. This is not the case
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for females where the potential outcome if treated (if choosing vocational education) is almost
constant at about DKK 300,000 ($46,000) across values of unobserved resistance to treatment,
whereas the potential outcome if untreated (general education) increases with unobserved resistance
to treatment from about DKK 200,000 to DKK 500,000 ($31,000 to $77,000). Therefore, the MTE
curve looks like a mirror image of the 𝑌0 curve (but decreasing instead of increasing).

Figure 2. The relation between ATT and ATE, and estimates of potential outcomes, by unobserved
resistance to treatment. Outcome: Predicted earnings at age 40.

Note. In the two upper panels the MTE curve is evaluated at the overall means of the covariates as in Figure 1, while the
MTE (ATT) curve is evaluated at the means of the treatment group. These panels also show the ATT weights (on the
right vertical axis) by the unobserved resistance to treatment, and the overall ATE and ATT effects are shown as
horizontal lines. The ATT is above the ATE both because the observed characteristics of the treatment group differs
from those of the control group and because individuals with lower unobserved resistance to treatment (and therefore
higher probability of being treated) have higher weight in the estimation of the ATT. In the two lower panels all graphs
are evaluated at the overall means of the covariates. These panels show again the MTE curve and the overall ATE (the
horizonal line), but also the potential outcomes by unobserved resistance to treatment (measured on at the right vertical
axis).
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5.2.4. Policy-relevant treatment effects
A policy change which affects the benefits or costs of choosing vocational instead of general
education will typically mainly affect individuals who are at the margin of indifference between
vocational and general education. Different policies may affect the educational choice of different
marginal groups. We estimate effects of six policy simulations that increase the probability of
choosing vocational education. To do so, we use our MTE model to estimate policy-relevant
treatment effects (PRTEs); see Heckman and Vytlacil (2001, 2005, 2007) and Carneiro et al.
(2011). The PRTEs are computed as a weighted average over the MTE curve where weights reflect
the individuals who are shifted by the policy and where the MTEs are evaluated at the means of the
control variables for policy compliers; see Cornelissen et al. (2016), eq. (29). The PRTEs are effects
per individual shifted into treatment.
The PRTEs we consider are calculated for six different policy-related shifts in the propensity
score. The first three policies shift the propensity score for all individuals. The first policy augments
the propensity score by 1 percentage point for all observations (except that it is not allowed to be
larger than 1). This type of additive increase in the propensity score is also used in Carneiro et al.
(2011). It implies that the relative increase in the propensity score is largest for individuals with a
low propensity score. The second policy we consider is a kink proportional increase in the
propensity score with the largest absolute increase for individuals with p=0.5. Formally, this policy
changes the propensity score as follows: 𝑝′ = (1 + 0.01)𝑝 if 𝑝 ≤ 0.5; 𝑝′ = (1 − 0.01)𝑝 +
0.01 if 𝑝 > 0.5. Thus, the absolute increase in 𝑝 is small when 𝑝 is close to 0 or 1, but large when
𝑝 is close to 0.5, that is, for individuals who, in terms of observed characteristics, are about equally
likely to choose each treatment option. This policy increases the average propensity scores for
males and females by 0.2 and 0.1 percentage points, respectively.
Instead of changing the propensity score directly, the third policy changes it indirectly
through a change in instrument values. Thus, we consider an increase in the distance to general
schools by 1 km for everyone. This results in an average increase in the propensity score by 0.4 and
0.2 percentage points for males and females, respectively. An alternative policy which increases the
distance to general schools to be equal to the distance to vocational schools whenever the former
distance is shorter gives very similar PRTE estimates (results not shown).
The estimates of the first three sets of PRTEs are shown in the middle part of Table 6. The
effects of the three policies are rather similar. For females, the effects are small and statistically
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insignificant, except for at large negative effect on the probability of being employed or student at
age 28 for the kink-proportional increase in the propensity score. For males, all three policies have
significant positive effects on earnings at age 28 (in the range DKK 58,000-72,000 ($8,90011,100)), but negative effects on predicted earnings at age 40 (between DKK -34,000 and DKK 42,000 (between -$5,200 and -$6,500)).
The last three sets of PRTEs are for policies which increase the propensity score by 0.01, but
only for those with low, medium, and high 9th grade math scores, respectively.22 The idea is that
different policies may affect low- and high-ability students differently. For instance, a policy which
introduces or modifies admission criteria to either vocational or general education based on 9th
grade test scores will affect low-ability students’ choice of type of education, but not high-ability
students’ choice. Other policies may primarily affect high-ability students, for instance a policy
which increases opportunities for those with a vocational education to enter a post-secondary
education (e.g., engineering or nursing programs). A policy which increases the propensity to
choose vocational instead of general upper secondary education for students with low skills in math
tends to have more positive effects on earnings for males than a policy which increases the
propensity score for students with high skills in math. This is most pronounced for predicted
earnings at age 40 where the shift in the propensity score for low-ability students has a small
positive (but insignificant) PRTE, whereas the shift for high-ability students results in a PRTE of
DKK -74,000 (-$11,400). The pattern in effects is opposite for the probability of being employed or
student at age 28 where the PRTEs for both genders tend to be more positive for high-ability
students. Earnings effects for females are mostly insignificant and there is no clear pattern.
The PRTE estimates indicate that for most males at the margin of indifference between
vocational and general education, it may be an advantage in terms of long-term earnings to choose
general instead of vocational education, but for males with low math skills and for females there
seems to be no important benefit or loss from a shift in educational choice for marginal students.

5.3. Linear IV results
Standard IV (2SLS) estimates are difficult to interpret, both because our instruments are continuous,
and because we have more than one instrument which implies that the monotonicity assumption of
Imbens and Angrist (1994), needed for a LATE interpretation of the estimates, is very restrictive;
22

We split the sample by the average of the math test score and the mark in math for the year’s work evaluated by
the teacher (less than or equal to 7, between 7 and 9, and at least 9). The share with low, medium and high scores are
23, 46 and 31% (approximately the same for males and females).
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see Mogstad et al. (2020). Using instead the estimated propensity score as instrument in a linear IV
model ensures that the monotonicity assumption is satisfied. Standard IV estimates and linear IV
estimates with the estimated propensity score as instrument are shown in Appendix Table A7.23
Using the estimated propensity score as instrument, the estimates of earnings effects are rather close
to the ATT effects in Table 6, while the effects on the probability of being employed or student are
closer to the ATUT effects. The standard IV estimates are very different from the estimates using
the propensity score as instrument, both in terms of the size of the effect and in some cases also the
sign. This is not unusual, see e.g. Heckman (2010) and Brinch et al. (2017). As noted above, these
estimates do not have a clear interpretation in this application, and therefore we do not discuss them
in more detail.

6. Robustness and specification checks
6.1. Standard errors
The heteroskedasticity robust standard errors we report in Table 6 and other tables with MTE
estimates do not take account of the fact that the propensity score is estimated in a first step.
However, this is not important for our results. Appendix Table A8 reports the bootstrapped standard
errors based on 500 replications (together with the heteroskedasticity robust standard errors) for the
ATE, ATT and ATUT estimates in Table 6. The two sets of standard error estimates are very
similar. For 10 out the 18 treatment parameters the bootstrapped standard errors are a little smaller,
whereas they are a little larger for the remaining 8 parameters.

6.2. Omitting cross terms between distance instruments and math test scores in the first stage
In the logit models for choice of education we include in the main specification cross terms between
the distance instruments and math test scores. This tends to reduce the estimated standard errors of
the treatment effect parameters, but not much and not unambiguously. Appendix Table A9 show
treatment effect estimates when we omit these cross terms in the choice models (see models (2) and
(4) in Table 5). The treatment effect estimates are very similar to the corresponding baseline
estimates in Table 6. There are no significant differences.

23

It is common to report such IV estimates for comparison when applying MTE methods; see e.g. Carneiro et al.
(2011) and Nybom (2017).
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6.3. Excluding individuals enrolled in education at age 28
Our baseline estimates in Table 6 include those enrolled in education at age 28. These individuals
are by construction in the category ‘employed or student’, and they typically have zero or low
earnings. Hanushek et al. (2017) exclude those enrolled in education from their analysis and
estimate effects on employment probability and earnings. To investigate the sensitivity of our
estimates to this issue, we exclude the group enrolled in education at age 28. This implies of course
that our employment/student outcome effectively becomes an employment probability outcome.
About 8% of our sample are students at age 28. For males, 4% (10%) of those who had completed
vocational (general) education were students at age 28. For females, the difference in these
percentages is much smaller (2 percentage points). If completing a vocational instead of a general
upper secondary education reduces the probability of being enrolled in education at age 28, we
would expect treatment effects on the probability of being employed or student at age 28 to be
larger and effects on earnings at age 28 to be smaller when we exclude students (compared to our
baseline estimates). This pattern holds for males; for females it tends to hold for the ATT effects,
but not for the ATUT and ATE effects which show minor changes in the opposite direction; see
Appendix Table A10. However, the basic pattern of results is not changed much by excluding
students.

6.4. Total income including public transfers
As discussed in Section 4.2, many females are on maternity leave at age 28, and maternity pay in
the form of public transfers is not included in our measure of earnings whereas maternity pay
provided by the employer is included. We therefore conduct a robustness check using total income
at age 28 as the outcome. In addition to earnings and maternity pay, total income includes student
grants, unemployment benefits, social security benefits, and interest and dividend income. The
overall pattern of results is not changed much by using total income instead of earnings as the
outcome at age 28. However, for females, the ATT effect on total income is larger than the ATT
effect on earnings, and the negative ATUT effect on total income is smaller in absolute value than
the ATUT effect on earnings; see Appendix Table A11. The more positive effect of vocational
education on total income may be explained by the fact that it is more common for females with a
post-secondary education to have a job that entitles them to maternity leave at full pay (provided by
the employer), while females with vocational education rely more on maternity pay in the form of
public transfers. For males, the ATE, ATT and ATUT effects on total income are a little smaller
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than the effects on earnings in Table 6 (although not significantly so). This difference is consistent
with more males with a general upper secondary education receiving student grants or
unemployment benefits at age 28.

6.5. Robustness and specification checks for predicted earnings at age 40
The main results in columns 3 and 6 of Table 6 are based on predicting earnings at age 40 using a
sample of older cohorts born in 1974-77, and using covariates measured in 2018 (the last year in the
dataset) as well as 3 years of lagged variables for earnings, labor market status, educational level
and their interactions. Appendix Table A12 shows results for two alternative specifications of the
model for predicting earnings at age 40. First, we include 3 extra older cohorts when estimating the
model (we use data for cohorts 1971-77 instead of cohorts 1974-77). Second, we omit the 3 years of
lagged variables in the model. The results for these two alternative specifications are very similar to
the baseline results in Table 6. The robustness of the results with respect to including extra cohorts
provides some confidence that the comparability of samples assumption is plausible. The robustness
regarding the number of lags included probably reflects that we include many highly relevant shortterm outcome variables also when we exclude these lags. So even if many of the lagged variables
are significant in the estimation on the sample of older cohorts, inclusion of these lags is not very
important for estimates of treatment effects.
As discussed above, we use many short-term outcomes by age 28-31 to predict long-term
earnings. Appendix Table A13 illustrates that this is indeed important for our results. The table
compares our baseline estimates of treatment effects on predicted earnings at age 40 with estimates
when only educational attainment at age 28-31 and gender are used to construct predicted
earnings.24 Even though we measure educational attainment very precisely in terms of both
educational level and field of study (we have about 290 specific categories of the highest completed
education), the two sets of estimates are substantially different, especially the ATT which for males
is positive with a value of DKK 24,000 ($3,700) in the baseline specification, but negative with a
value of DKK -58,000 (-$8,900) in the alternative specification; for females, the baseline estimate is
DKK 53,000 ($8,200) while the alternative estimate is close to zero and not statistically significant.
These differences reflect that, even with very detailed information on education, there is important

24

Predicted long-term earnings based on (only) the type of education attained correspond to what is sometimes
called earnings-weighted education; see, e.g., Björklund and Sundström (2006).
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earnings heterogeneity within education groups which is related to treatment, and that the additional
short-term outcomes capture such heterogeneity.
We now turn to an assessment of the validity of the surrogacy and comparability assumptions.
Following the idea of Athey et al. (2019), we treat an observed short-term outcome, here earnings at
age 28, as if it was unobserved and predict it using lagged values of earnings and other short-term
outcomes (at age 25-27) including educational attainment and labor market status, as well as pretreatment variables. Thus, we estimate the model for earnings at age 28 on the sample of older
cohorts and use the estimates to predict earnings at age 28 in the main sample of cohorts 1986-89.
Finally, we estimate the ATE, ATT and ATUT parameters in the MTE model using as outcome the
predicted earnings at age 28 as well as observed earnings at age 28. For all three treatment effect
parameters and both genders, the estimates using observed and predicted earnings are very similar
and there are no significant differences (see columns 1-3 in Appendix Table A14). This strengthens
our confidence in the validity of the surrogacy and comparability assumptions.
As an additional check we predict earnings at age 28 based on an estimation using the main
sample instead of the sample of older cohorts. Comparing the result using this prediction (column 4
in Appendix Table A14) with the result using observed earnings (columns 1-2) is a more direct
check of the surrogacy assumption, because the comparability of samples assumption is irrelevant
when predictions are based on the main sample only. Similarly, comparing results using predictions
based on the main sample (column 4) with results using predictions based on the sample of older
cohorts (column 3) is a more direct check of the comparability assumption. These comparisons also
indicate that the assumptions are plausible – there are no significant differences.
Finally, we check whether, conditional on the large set of intermediate outcomes used in
predicting long-term earnings, the more limited set of pre-treatment controls used in the predictions
is sufficient compared to the larger set of controls used in the main MTE analysis. This larger set of
controls include variables which are observed in the main sample but not in the sample of older
cohorts, most importantly 9th grade test scores. When we use the main sample to predict earnings at
age 28, we can include this larger set of controls. The resulting estimates of treatment effect
parameters are very similar to the estimates using the more limited set of pre-treatment controls (see
columns 4 and 5 of Appendix Table A14). Again, there are no significant differences.
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6.6. Enrolment as treatment
In our main analysis, the treatment is completion of a vocational instead of a general upper
secondary education. We consider here an alternative definition of treatment, namely enrolment in
vocational instead of general education.25 These two treatments are rather different because dropout
rates from especially vocational education are high. We consider enrolment up to age 25, and
individuals who by age 25 had enrolled in both types of programs are categorized by their first
program. While about 90% of those enrolled in a general program complete such a program, the
share completing a vocational program if enrolled in such a program is only 59% for males and
52% for females while about 35% do not complete any upper secondary education program; see
Appendix Table A15. The high dropout rates from vocational programs may partly be related to
difficulties finding apprenticeship positions and to the fact that students enrolling in vocational
programs have on average much weaker academic skills than students enrolling in general
schools.26
Appendix Table A18 shows the treatment effect estimates when enrollment is the treatment.27
The ATT effects of enrolling in vocational instead of general education are smaller (or more
negative) than the corresponding main estimates for completion in Table 6, which can be explained
by the high dropout rates for those enrolling in vocational education and the more disadvantaged
backgrounds of dropouts. The ATT for predicted earnings at age 40 is small and insignificant for
males in Appendix Table A18. For females it is DKK 28,000 ($4,300) while it is DKK 53,000
($8,200) in Table 6. On the contrary, the ATUT and ATE effects are approximately the same in the
two tables. The only exception is for males’ earnings at age 28 where the ATUT is DKK -12,000 ($1,800) when enrollment is treatment, but DKK 21,000 ($3,200) when completion is treatment.
Just as for the main estimation results in Table 6, the earnings estimates for enrollment as
treatment in Appendix Table A18 are consistent with selection on gains since the ATT estimates are
substantially and significantly larger than the ATUT (and ATE) estimates. However, this does not
hold for the employment/student outcome where the smaller ATT estimates are due to a downward
shift of the MTE curve when evaluated at the covariate means of the treatment group enrolled in
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Carneiro et al. (2017) also consider enrolment in secondary education as the treatment.
When enrollment (instead of completion) is the treatment, mean outcomes at age 28 and 40 are less favorable,
especially for those enrolled in vocational programs, because the sample includes those who enrolled in, but did not
complete, an upper secondary education (compare Appendix Table A16 to Table 1). The first-stage results for
enrollment into vocational instead of general education are rather similar to the main results for completion (compare
Appendix Table A17 to Table 5). The distance instruments are clearly significant.
27
For both genders and all three outcomes, the MTE curves are decreasing; see Appendix Figure A2.
26
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vocational education (relative to the overall means of the covariates). The PRTE estimates for
enrollment in vocational instead of general education tend to be smaller (or more negative) than the
corresponding estimates for completion effects in Table 6.

6.7. Validity of the distance instruments
We now discuss some specification checks related to the validity of the distance instruments. One
concern is that the instruments might predict selection into the estimation sample. Thus, in the main
analysis we condition on completing an upper secondary education (vocational or general) by age
25, and in the alternative analysis discussed briefly in Section 6.6 above we condition on having
enrolled in an upper secondary education by age 25. We therefore check whether the instruments
are significant in a regression on the full sample where the dependent variable is a dummy for
having completed (or enrolled in) an upper secondary education by age 25. For simplicity, we check
this using OLS models which do not include cross terms between distance and other variables, and
which are estimated for males and females together. An advantage of using OLS models here is that
we can report the F test statistics for the exclusion restrictions which are conventionally used to
assess whether instruments are weak. The two distance instruments are not significant at the 5%
level. In the model for completion, the F test statistic is 2.5 with a p value of 0.084, and in the
model for enrollment the F statistic is 1.9 with a p value of 0.150; see Appendix Table A19. This is
in sharp contrast to the clearly significant estimates in our first stage for completion of (enrollment
in) vocational instead of general education. Here, the corresponding F statistics are 129.6 and 91.8;
see Appendix Table A19.
As placebo tests of instrument validity, we estimate choice models for completion of
compulsory school (9th grade). Thus, we do not expect distance to upper secondary school to affect
completion of lower secondary school except through possible confounders. We omit 9th grade test
score controls from these regressions and consider four different definitions of completion: At least
one non-missing 9th grade test score; non-missing test scores in math and Danish; passing test
scores in math and Danish; and passing test scores in math, Danish, English and science. The two
distance instruments are jointly insignificant for all four definitions of completing 9th grade when
we use the full sample, and also when we condition on enrollment in (or completion of) an upper
secondary education by age 25; see Appendix Table A20.
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As another check of instrument validity, we estimate the first-stage models without controls
for test scores (and teachers’ marks for the year’s work).28 Large differences in the estimates of the
coefficients on distance, compared to our main specification with test score controls, might indicate
that including additional controls for student ability (that are not in our data) would also have large
effects on coefficients and significance of the instruments. Estimated coefficients of distance
variables tend to be a little larger numerically when we exclude test score controls, but differences
are small and not statistically significant; see Appendix Table A21.

7. Conclusion
This paper contributes to a rather limited literature on effects of choice between vocational and
general upper secondary education programs. We use MTE methods to estimate effects on labor
market outcomes of completing a vocational instead of a general upper secondary education
focusing on heterogeneity in effects with respect to both observable covariates and unobservables.
The research questions we are trying to answer are whether young people who choose a vocational
(or general) upper secondary education benefit, on average, from their choice, and whether students
at the margin of indifference between vocational and general education would typically benefit
from choosing vocational programs.
We find that the ATE (of completing vocational instead of general upper secondary
education) on earnings at age 28 is positive for males and negative for females. This also tends to be
the case for the probability of being employed or student at age 28, but here the estimates are
insignificant. For predicted earnings at age 40, the ATE is negative for both genders. On average,
males gain $8,000 in earnings at age 28 by completing vocational instead of general education but
lose $8,700 at age 40. Females lose about $6,700 in earnings at age 28, and $12,200 at age 40. The
more negative long-term average effects (compared to the short-term effects) of choosing
vocational education are consistent with findings in earlier studies including Hanushek et al. (2017)
who find this pattern for both male employment and earnings.
However, we find important heterogeneity in effects (in terms of both observables and
unobservables) which are consistent with selection on gains. For earnings, the ATT is positive and
significant, while the ATUT is negative or insignificant, and the difference between the ATT and
the ATUT is substantial and clearly significant for both genders. For earnings at age 28, the ATT

28

Nybom (2017) applied a similar check for a first-stage selection model of choice of college with distance as
instrument.
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and ATUT estimates are $14,900 and $3,300 for males, and $5,100 and -$10,200 for females. For
predicted earnings at age 40 they are $3,700 and -$17,300 for males, and $8,100 and -$18,100 for
females. Thus, individuals who complete vocational education benefit on average from their choice
when evaluated in terms of earnings, both at age 28 and 40 (because the ATTs are positive).
Females who complete general education also benefit on average from this choice both at age 28
and 40 (because the ATUTs are negative). Males who complete general education benefit from this
choice in the long term (at age 40), but not at age 28. However, the positive ATUT effect for males
at age 28 (of $3,300) is not significant. The estimated effects for the probability of being employed
or student at age 28 are not very precise; the only significant effect is the ATT for males which is
positive (3.7 percentage points).
To investigate whether students at the margin of indifference between vocational and general
education would typically benefit from choosing vocational (or general) programs, we estimate
policy-relevant treatment effects for policies which in different ways manipulate the propensity
score for choosing vocational instead general education, including a policy increasing the
propensity score by 1 percentage point for all individuals, and a policy that increases the distance to
general schools by 1 km for all individuals. For females, the PRTEs are largely small and
insignificant indicating no important benefit or loss from a shift in educational choice. For males,
the PRTEs on earnings at age 28 are positive while the PRTEs on earnings at age 40 are negative.
However, this long-term effect tends to be small and insignificant for males with low math skills.
These results indicate that for most males at the margin, it may be an advantage in terms of longterm earnings to choose general instead of vocational education, but not for males with low math
skills.
However, conclusions based on the PRTEs should be cautious. Different policies will affect
different marginal groups, and we have only considered a few stylized policy simulations. It is also
important to note that we cannot conclude from our estimates of conventional treatment effects or
PRTEs that specific groups of students make suboptimal choices. For instance, those choosing
vocational education might have higher (unobserved) psychic costs and lower direct consumption
value of attending the more academic general schools instead of vocational education. So even if
our estimates indicate that some of those who choose vocational education could gain in terms of
earnings by choosing general education, their choice may in fact be optimal.
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Appendix

Table A1. Sample selection
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.

Criteria
Birth year 1986-1989, living in Denmark in at least one year before age 14
Was enrolled in at least one of the grades 8, 9 or 10 in Denmark
Did not enroll in upper secondary school and then re-enter lower secondary
Only Danish upper secondary education programs are included a
Was living in Denmark Jan. 1st in the year leaving lower secondary school
Did not complete 9th grade earlier than prescribed if born in 1986 b
Was living in Denmark at age 25 (when we measure basic education status)
Distances to educational institutions (the instruments) are observed c
Outcomes at age 28 are observed (lived in Denmark at age 28)
Was living in Denmark in 2015-2018 d
Enrolled in an upper secondary education program by age 25
Completed an upper secondary education program by age 25

N
253,923
243,135
242,197
241,014
240,840
238,629
228,328
221,812
214,871
210,339
198,048
161,432

a

Was enrolled in an upper secondary program if completed such a program.
Persons born in 1986 (the first cohort) who completed 9 th grade earlier than in 2002 are excluded since we do not have
data on 9th grade test scores before 2002.
c
We exclude persons living on small islands without a bridge to the mainland since distances are based on the road
network. Residential address is measured the 1st of January in the year of leaving lower-secondary school.
d
The last year in our dataset is 2018 and data for 2015-2018 are used in the estimation of predicted earnings at age 40.
b

Table A2. Main types of general and vocational upper secondary education by gender (percent)
General programs
General, 3-year (stx)
General, 2-year (hf)
Mercantile (hhx)
Technical (htx)
Total

Males
55.39
5.84
22.34
16.43
100.00

Females
66.82
11.01
19.36
2.81
100.00

Vocational programs
Commercial field, office
Technology, communication
Construction
Craftsmanship
Food production, catering
Mechanics, transport, logistics
Service, care, health
Total

Males
17.36
18.49
25.59
8.40
10.86
18.07
1.24
100.00

Females
48.94
3.45
3.98
1.29
18.98
1.40
21.96
100.00

Note. Students are categorized by the first program in which they enroll.
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Table A3. Educational attainment by age 28-31: Highest completed education by level and field of
study (per cent)
Males
Females
Upper secondary education
General upper secondary
9.0
5.8
Vocational: Commercial field, office
6.9
12.1
Vocational: Technology, communication
9.4
0.9
Vocational: Construction and craftsmanship
11.9
1.1
Vocational: Food production, catering
5.1
4.8
Vocational: Mechanics, transport, logistics
6.6
0.2
Vocational: Service, care, health
0.8
8.0
2-year post-secondary education
Social science
2.8
3.4
Technical educations
2.4
0.7
Other 2-year post-secondary programs
1.9
1.7
4-year post-secondary education
Educational programs
4.8
11.6
Social science
2.8
4.5
Technical educations
5.8
0.7
Health
1.4
10.7
Other 4-year post-secondary programs
1.9
2.5
University programs (bachelor, master, PhD)
Humanities and arts
5.4
10.4
Science
3.5
2.7
Social science
10.4
11.5
Technical sciences
5.2
2.9
Health
1.9
3.8
Total
100.0
100.0
N
79,070
82,362
Note. If an individual has completed both a general and a vocational upper secondary education, but no post-secondary
education, their highest completed education is defined (by Statistics Denmark) as the vocational education. In the
lower part of the table we have merged the three levels of university programs (bachelor, master and PhD) because the
number having completed a bachelor but not a master or PhD by age 28-31 is small, and so is the number having
completed a PhD. Appendix Table A4 which shows highest completed education by level, but not by field of study,
distinguishes between the bachelor, master and PhD levels.

Table A4. Level of education attained by age 28-31 (per cent)
Males
General upper secondary
9.0
Vocational upper secondary
40.6
2-year post secondary
7.1
4-year post secondary
16.9
Bacehlor
4.4
Master
21.3
PhD
0.7
Total
100.0
N
79,070

Females
5.8
27.1
5.7
30.0
4.3
26.7
0.3
100.0
82,362

Note. If an individual has completed both a general and a vocational upper secondary education, but no post-secondary
education, their highest completed education is defined (by Statistics Denmark) as the vocational education.
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Table A5. Means of covariates by type of completed upper secondary program
General Vocational Total
Male
Western immigrant
Western 2nd generation immigrant
Non-Western immigrant
Non-Western 2nd generation immigrant
Only child
1 full sibling
2 full siblings
First-born
Any older half siblings, mother
Any older half siblings, father
Parents separated at age 14
Not with parent(s) at age 14
Child not in population, age 14
Mother not in population, age 14
Father not in population, age 14
Mother vocational edu.
Mother short further edu.
Mother medium further edu.
Mother higher education
Father vocational edu.
Father short further edu.
Father medium further edu.
Father higher education
Mother self-employed
Mother unemployed
Mother disability pension
Mother not in work force
Father self-employed
Father unemployed
Father disability pension
Father not in work force
Log income mother
Log income father
Mother conviction: Child age 0-13
Father conviction: Child age 0-13
Father imprisonment/probation: Child age 0-13
Father violence (conviction): Child age 0-13
Test score math
Test score Danish
Test score English
Test score science
Math score by teacher
Danish score by teacher

0.423
0.004
0.004
0.029
0.030
0.160
0.498
0.252
0.389
0.071
0.099
0.253
0.005
0.004
0.012
0.042
0.334
0.100
0.294
0.066
0.393
0.107
0.155
0.124
0.047
0.023
0.024
0.077
0.113
0.018
0.023
0.045
5.733
5.966
0.026
0.088
0.026
0.015
8.435
8.685
8.999
8.418
8.665
8.722
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0.637
0.004
0.002
0.029
0.023
0.191
0.481
0.232
0.346
0.101
0.112
0.333
0.013
0.004
0.014
0.044
0.429
0.058
0.116
0.008
0.510
0.059
0.048
0.016
0.042
0.033
0.045
0.101
0.114
0.022
0.036
0.057
5.624
5.797
0.044
0.145
0.056
0.030
7.038
7.209
7.230
7.224
7.320
7.262

0.490
0.004
0.003
0.029
0.028
0.170
0.492
0.246
0.375
0.080
0.103
0.279
0.008
0.004
0.013
0.043
0.364
0.086
0.238
0.048
0.430
0.092
0.122
0.090
0.046
0.026
0.031
0.085
0.114
0.019
0.027
0.049
5.699
5.913
0.031
0.106
0.036
0.020
8.020
8.245
8.509
8.096
8.265
8.289

General Vocational
English score by teacher
Science score by teacher
Test score project report
Age 17+ grade 9 test scores
No 9th grade test scores
N

8.667
8.435
9.243
0.006
0.021
110,707

7.083
7.251
7.746
0.041
0.072
50,725

Total
8.202
8.096
8.819
0.017
0.037
161,432

Note. If a student completed both a general and a vocational upper secondary education program before age 25, they are
categorized by their first completed program. Dummies for cohorts (4), municipalities (93) and missing information on
specific variables are not shown.
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Table A6. OLS estimation results. Effect of completing a vocational instead of a general program.
Males
Females
Employed
Earnings
Predicted
Employed
Earnings
Predicted
or student
age 28
earnings
or student
age 28
earnings
age 28
age 40
age 28
age 40
Controls: Cohort and municipality dummies
17.423*** -124.047***
-0.065***
-57.958***
(1.215)
(1.221)
(0.003)
(1.114)

Vocational

0.007***
(0.002)

Vocational

Controls: Cohort and municipality dummies, and family background
0.008
17.021*** -101.927***
-0.057***
-51.553*** -119.639***
(0.002)
(1.310)
(1.284)
(0.003)
(1.169)
(0.828)

Vocational
N

-143.373***
(0.800)

***

Controls: Cohort and municipality dummies, family background, and test scores
0.025***
46.548***
-36.229***
-0.030***
-17.633*** -57.127***
(0.003)
(1.574)
(1.486)
(0.004)
(1.389)
(0.985)
79,070
79,070
79,070
82,362
82,362
82,362

Note. The table shows OLS estimates of effects of completing a vocational instead of a general upper secondary
education. If a student completed both a general and a vocational upper secondary education program, they are
categorized by their first completed program. Earnings are in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange
rate end of 2018), i.e., DKK 1 ≈ $0.15. The lower panel of the table shows results when full set of controls are included:
92 municipality dummies, 3 cohort dummies, and 62 family background and 9th grade test score variables. These
estimates are identical to those reported in Table 4. The two upper panels show estimates with reduced sets of controls
as indicated by their subtitles. Appendix Table A5 shows means for the family background and test score controls
included. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A7. Linear IV estimates with 𝑃(𝑍) and 𝑍 𝑒 as instruments. Effect of completing vocational
instead of general upper secondary education.
(1)

(2)
Males
Earnings
age 28

(3)

(4)

(5)
Females
Earnings
age 28

(6)

Employed
Predicted
Employed
Predicted
or student
earnings
or student
earnings
age 28
age 40
age 28
age 40
***
***
***
***
P(Z) as instrument
0.003
76.892
27.692
-0.066
19.548
56.809***
(0.010)
(6.018)
(6.522)
(0.010)
(4.525)
(3.855)
*
***
**
𝑒
0.111
203.051
71.407
-0.043
-12.158 -65.321*
𝑍 as instruments
(0.043)
(25.683)
(23.382)
(0.096)
(35.497) (27.244)
N
79,070
79,070
79,070
82,362
82,362
82,362
Note. The excluded instruments (𝑧 𝑒 ) are distances to vocational and general education and their interactions with the
math test score and a dummy for missing math test score. The first row shows linear IV estimates with P(Z) as
instrument where P(Z) is constructed from the parameter estimates of the first-stage logit models for which we report
average marginal derivates in columns (1) and (3) of Table 5. The second row shows standard linear IV estimates with
𝑧 𝑒 as instruments. Earnings are in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1
≈ $0.15. All models control for socio-demographics, test scores and cohort and municipality dummies. Appendix Table
A5 shows the family background and test score controls included. Heteroskedasticity robust standard errors in
parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A8. Bootstrapped standard errors of treatment effect parameters
(1)
Employed
or student
age 28
Treatment effects
ATE

ATT

ATUT

N
Order of polynomials in p

0.018
(0.0157)
[0.0161]
0.037*
(0.0168)
[0.0175]
0.004
(0.0236)
[0.0239]
79,070
2

(2)
Males
Earnings
age 28

(3)

(4)

Predicted
earnings
age 40

Employed
or student
age 28

52.235*** -56.437***
(9.389)
(6.559)
[9.013]
[6.541]
97.149***
24.055**
(10.190)
(8.449)
[8.973]
[8.088]
21.154 -112.134***
(14.100)
(9.293)
[14.248]
[9.147]
79,070
79,070
2
1

-0.037
(0.0372)
[0.0369]
-0.023
(0.0166)
[0.0172]
-0.041
(0.0476)
[0.0469]
82,362
2

(5)
Females
Earnings
age 28

(6)
Predicted
earnings
age 40

-43.805*** -79.265***
(12.994)
(17.068)
[13.242]
[16.851]
33.355***
52.894***
(7.697)
(9.520)
[7.467]
[9.523]
-66.228*** -117.705***
(16.555)
(21.764)
[16.696]
[21.412]
82,362
82,362
2
3

Note. The table shows the main results from Table 6 on treatment effects of completing vocational instead of general
upper secondary education, and in addition bootstrapped standard errors based on 500 replications. Bootstrapped
standard errors are shown in squared brackets below the heteroskedasticity robust standard errors which ignore the
estimation error of the propensity score used in the MTE estimation. Earnings are in DKK 1,000, 2015 prices. $1 ≈
DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A9. Robustness check: Distance instruments not interacted with math test score in first stage
(1)
Employed
or student
age 28
Baseline: cross terms in 1st stage
ATE
ATT
ATUT

0.018
(0.016)
0.037*
(0.017)
0.004
(0.024)

(2)
Males
Earnings
age 28

52.235***
(9.389)
97.149***
(10.190)
21.154
(14.100)

No cross terms in 1st stage
ATE

(3)

(4)

Predicted
earnings
age 40

Employed
or student
age 28

-56.437***
(6.559)
24.055**
(8.449)
-112.134***
(9.293)

-0.037
(0.037)
-0.023
(0.017)
-0.041
(0.048)

(5)
Females
Earnings
age 28

-43.805***
(12.994)
33.355***
(7.697)
-66.228***
(16.555)

(6)
Predicted
earnings
age 40
-79.265***
(17.068)
52.894***
(9.520)
-117.705***
(21.764)

0.022
54.702*** -54.405***
-0.029
-40.645** -62.144***
(0.016)
(9.371)
(6.563)
(0.038)
(13.154)
(17.825)
ATT
0.038*
96.905***
24.599**
-0.024
33.695***
55.180***
(0.017)
(10.260)
(8.472)
(0.017)
(7.732)
(9.610)
ATUT
0.012
25.494+ -109.074***
-0.031
-62.247*** -96.276***
(0.024)
(14.040)
(9.292)
(0.048)
(16.761)
(22.741)
N
79,070
79,070
79,070
82,362
82,362
82,362
Order of polynomials in p
2
2
1
2
2
3
Note. The table shows the main results from Table 6 (upper panel) on treatment effects of completing vocational instead
of general upper secondary education, and results when we omit cross terms between the distance instruments and math
test scores in the first stage (lower panel). Earnings are in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate
end of 2018), i.e., DKK 1 ≈ $0.15. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A10. Excluding individuals enrolled in education at age 28.
(1)
(2)
(3)
(4)
Males
Females
Employed Earnings
Employed Earnings
or student
age 28
or student
age 28
age 28
age 28

ATE
ATT
ATUT
N

0.018
(0.016)
0.037*
(0.017)
0.004
(0.024)
79,070

Baseline estimates
52.235***
-0.037
(9.389)
(0.037)
97.149***
-0.023
(10.190)
(0.017)
21.154
-0.041
(14.100)
(0.048)
79,070
82,362

-43.805***
(12.994)
33.355***
(7.697)
-66.228***
(16.555)
82,362

Excluding persons enrolled in education at age 28
0.032*
34.662***
-0.041
-42.382***
(0.016)
(8.815)
(0.039)
(12.406)
**
***
ATT
0.058
71.844
-0.009
21.691**
(0.018)
(9.906)
(0.018)
(7.438)
ATUT
0.013
7.356
-0.050
-61.442***
(0.024)
(13.306)
(0.050)
(15.880)
N
73,199
73,199
75,657
75,657
ATE

Note. The table shows effects of completing vocational instead of general education on outcomes at age 28. The upper
panel shows the baseline estimates of Table 6. The lower panel shows results when we exclude individuals enrolled in
education at age 28. Here, the ‘employment or student’ outcome is the probability of employment at age 28. Earnings
are in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. The order of the
polynomial in the propensity score is 2 in all analyses. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A11. Results using total income at age 28 as the outcome (instead of earnings).
(1)
(2)
(3)
(4)
Males
Females
Earnings
Total
Earnings
Total
age 28
income
age 28
income
(baseline) age 28
(baseline)
age 28
effects
ATE
52.235*** 44.782***
-43.805*** -26.907**
(9.389)
(8.092)
(12.994)
(8.968)
ATT
97.149*** 84.057***
33.355*** 44.304***
(10.190)
(9.006)
(7.697)
(6.104)
ATUT
21.154
17.578
-66.228*** -47.612***
(14.100) (12.079)
(16.555)
(11.394)
N
79,070
78,987
82,362
82,332
Mean of outcome with vocational education
325
347
203
272
Mean of outcome with general education
306
333
262
310
Note. The table shows effects of completing vocational instead of general education on outcomes at age 28: Earnings as
in Table 6 and total income including public transfers and interest and dividend income. Earnings and total income are
in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. The order of the
polynomial in the propensity score is 2 in all analyses. The number of observations is a little smaller in the models for
total income. This is because we trim observations with income below zero and above DKK 1m. The last two rows
show descriptive means of earnings and total income for those who completed vocational and general education,
respectively. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A12. Results for alternative specifications of predicted earnings at age 40
(1)

(2)
(3)
(4)
(5)
(6)
Males
Females
Baseline
Cohorts
No lags
Baseline
Cohorts
No lags
71-77
71-77
ATE
-56.437***
-58.847***
-62.404***
-79.265***
-77.807***
-82.549***
(6.559)
(6.371)
(6.131)
(17.068)
(16.435)
(16.557)
ATT
24.055**
21.007*
19.447*
52.894***
57.416***
48.992***
(8.449)
(8.268)
(8.117)
(9.520)
(9.350)
(9.210)
ATUT
-112.134*** -114.102*** -119.042***
-117.705*** -117.131*** -120.809***
(9.293)
(8.999)
(8.582)
(21.764)
(20.950)
(21.114)
N
79,070
79,070
79,070
82,362
82,362
82,362
Order of polynomials in p
1
1
1
3
3
3
Note. Columns 1 and 4 in this table show the main results for predicted earnings at age 40 from Table 6 on treatment
effects of completing vocational instead of general upper secondary education. Columns 2 and 5 show results when we
base predicted earnings on 3 extra older cohorts. Columns 3 and 6 show results when we omit lagged variables of
earnings, labor market status and educational level in the model predicting earnings at age 40. Earnings are in DKK
1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. Heteroskedasticity robust
standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

Table A13. Results when only educational status at age 28-31 is used to predict earnings at age 40
(1)

ATE
ATT
ATUT

N
Order of polynomials in p

(2)
Males
Baseline
Education
-56.437*** -93.187***
(6.559)
(5.047)
24.055**
-58.352***
(8.449)
(7.690)
-112.134*** -117.307***
(9.293)
(6.591)
79,070
79,070
1
2

(3)

(4)
Females
Baseline
Education
-79.265*** -89.461***
(17.068)
(12.308)
52.894***
1.831
(9.520)
(8.348)
-117.705*** -116.034***
(21.764)
(15.631)
82,362
82,362
3
3

Note. Columns 1 and 3 in this table show the main results for predicted earnings at age 40 from Table 6 on treatment
effects of completing vocational instead of general upper secondary education. Columns 2 and 4 show results when we
base predicted earnings on only educational attainment (290 categories of education in terms of both level and field of
study) by age 28-31. Earnings are in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK
1 ≈ $0.15. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A14. Specification check. Effects on earnings at age 28: Observed, predicted from sample of
older cohorts, and predicted from the main sample. Predictions are based on observations at age 2527

ATE
ATT
ATUT
N

ATE
ATT
ATUT
N

(1)
Earnings
age 28
(baseline)

(2)
Earnings
age 28
(reduced
sample)

(3)
Fitted (older
cohorts)

(4)
Fitted (main
sample)

(5)
Fitted (main
sample, all
controls)

52.235***
(9.389)
97.149***
(10.190)
21.154
(14.100)
79,070

52.117***
(9.387)
97.601***
(10.223)
20.533
(14.097)
78,563

Males
46.523***
(7.557)
88.775***
(8.499)
17.183
(11.254)
78,563

50.326***
(7.951)
95.731***
(8.825)
18.799
(11.884)
78,563

50.719***
(7.927)
95.060***
(8.798)
19.931+
(11.847)
78,563

-43.805***
(12.994)
33.355***
(7.697)
-66.228***
(16.555)
82,362

-43.040***
(13.003)
32.292***
(7.702)
-64.990***
(16.576)
81,969

Females
-39.675***
(9.768)
27.786***
(6.080)
-59.331***
(12.442)
81,969

-36.271***
(10.012)
31.364***
(6.228)
-55.975***
(12.753)
81,969

-34.463***
(9.970)
30.855***
(6.194)
-53.493***
(12.700)
81,969

Note. The table shows in column 1 the main results for earnings at age 28 from Table 6 on treatment effects of
completing vocational instead of general upper secondary education. Column 2 also show results using observed
earnings at age 28. It differs from column 1 only because the sample is a little smaller and identical to the sample used
in columns 3-5 (see below for more details). Columns 3-5 show results using instead predicted earnings at age 28
conditional on outcomes by age 27 based on estimates for the sample of older cohorts (column 3) and the main sample
(columns 4-5). The predicted earnings used in columns 4 and 5 are different because the set of pre-treatment controls
used for prediction differs; in column 5 all control variables used in the MTE analysis are used, whereas in column 4 a
more limited set of pre-treatment controls are used. The Number of observations is about 0.5% smaller when predicted
earnings at age 28 are used as the outcome. Therefore, column 2 shows the results for observed earnings estimated on
this reduced sample. The reason for the small loss of observations when we use predicted earnings is that, to predict
earnings at age 28, we use short-term outcomes measured at age 25-27 and these are only observed for those living in
Denmark at these ages. When we predict earnings at age 40, the sample restriction is a little different. For instance, for
cohort 1986 where we can observe outcomes up to age 31, we condition on outcomes at age 28-31. Earnings are in
DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. The order of the
polynomial in the propensity score is 2 in all models. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A15. Educational status at age 25 by type of upper secondary education enrolment after lower
secondary school.

Upper secondary educational
attainment by age 25
Completed general program
Completed vocational program
Did not complete any program
Total

Males
Type of upper secondary enrolment
General
Vocational
N
Pct
N
Pct
43,657 87.13
3,122
6.21
2,430
4.85
29,861 59.44
4,018
8.02
17,256 34.35
50,105 100.00
50,239 100.00

Females
Type of upper secondary enrolment
General
Vocational
N
Pct
N
Pct
60,403 90.91
3,525
11.28
2,248
3.38
16,186 51.78
3,795
5.71
11,547 36.94
66,446 100.00
31,258 100.00

Note. If a student had completed (or enrolled in) both a general and a vocational upper secondary education program,
they are categorized by their first completed (started) program.

Table A16. Outcomes by gender and type of upper secondary enrollment
Males
Females
General Vocational
General Vocational
Employed or student age 28
0.901
0.847
0.881
0.757
Earnings age 28
302.374 276.667
256.738 170.107
Predicted earnings age 40
535.199 368.529
412.581 249.081
N
50,105
50,239
66,446
31,258

All
0.858
259.666
406.623
198,048

Note. If a student enrolled in both a general and a vocational upper secondary education program before age 25, they
are categorized by their first enrollment. Earnings are measured in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the
exchange rate end of 2018), i.e., DKK 1 ≈ $0.15.
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Table A17. First stage logit model. Decision on enrolling in vocational instead of general upper
secondary education. Average marginal derivatives
(1)
(2)
(3)
(4)
Male
Male
Female
Female
Distance to vocational education
-0.0005
-0.0005
-0.0005
-0.0005
(0.0003)
(0.0003)
(0.0003)
(0.0003)
Distance to general education
0.0030*** 0.0031***
0.0016*** 0.0017***
(0.0003)
(0.0003)
(0.0003)
(0.0003)
Cross terms: distance×math score
X
X
Control variables
X
X
X
X
N
100,344
100,344
97,704
97,704
Chi squared, exclusion restrictions
260.1
178.6
112.4
46.0
P value, exclusion restrictions
2.836e-53 1.657e-39
6.448e-22 1.042e-10
Degrees of freedom, exclusion restrictions
6
2
6
2
Chi squared, cross terms
79.9
68.0
P value, cross terms
1.808e-16
6.092e-14
Degrees of freedom, cross terms
4
4
Note. The dependent variable is an indicator for enrolling in a vocational instead of a general upper secondary
education. Average marginal derivatives based on the logit model estimates are shown for the two distance measures.
For each individual, we calculate the effect of increasing the distance by one unit (1 km), holding all control variables
fixed, on the probability of enrolling in vocational instead of general education. In models (2) and (4) the exclusion
restrictions are the two distance measures. In models (1) and (3) they also include cross terms between each distance
variable and two control variables, namely the math test score and an indicator variable for missing math test score. The
first chi-square test is for all exclusion restrictions. The second is for only the cross terms in models (1) and (3). All
control variables are included in the models: Socio-demographics, test scores and cohort and municipality dummies.
Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A18. Effects of enrolling in vocational instead of general education
(1)
Employed
or student
age 28
Conventional treatment effects
ATE
ATT
ATUT
Policy-relevant treatment effects
PRTE: p + 0.01
PRTE: Kink increase in p
PRTE: Distance general + 1 km

(2)
Males
Earnings
age 28

(3)

(4)

Predicted
earnings
age 40

Employed
or student
age 28

(5)
Females
Earnings
age 28

(6)
Predicted
earnings
age 40

0.001
(0.013)
-0.014
(0.015)
0.016
(0.022)

25.799***
(6.671)
63.147***
(9.005)
-11.643
(9.660)

-52.025***
(6.688)
1.897
(10.140)
-106.083***
(8.534)

-0.050*
(0.024)
-0.085***
(0.014)
-0.033
(0.034)

-41.622**
(12.753)
16.323+
(9.374)
-68.975***
(18.137)

-73.729***
(10.427)
28.112***
(8.200)
-121.860***
(14.768)

0.003
(0.017)
-0.001
(0.012)
0.008
(0.012)

30.573***
(8.811)
25.020***
(5.886)
27.814***
(6.301)

-51.792***
(8.892)
-46.439***
(5.860)
-48.993***
(6.458)

-0.033
(0.021)
-0.073***
(0.015)
-0.056***
(0.015)

4.751
(14.888)
-24.121***
(7.253)
-14.310+
(8.098)

-20.941+
(12.609)
-34.394***
(6.087)
-25.834***
(6.853)

PRTEs by 9th grade math scores
PRTE: p + 0.01, math low

-0.026
41.983***
7.384
-0.079**
-30.976+
-26.999*
(0.023)
(11.154)
(10.175)
(0.025)
(16.319)
(12.939)
PRTE: p + 0.01, math medium
0.017
35.504*** -39.840***
-0.012
21.873
-0.043
(0.014)
(7.239)
(7.515)
(0.020)
(14.153)
(12.140)
PRTE: p + 0.01, math high
0.061*
33.628*
-94.790***
0.037
43.489
-16.643
(0.025)
(13.893)
(14.983)
(0.032)
(26.694)
(22.601)
N
100,344
100,344
100,344
97,704
97,704
97,704
Order of polynomials in p
2
2
2
2
3
3
P value, observed heterogeneity
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
P value, unobserved heterogeneity
.7507
.0008
.0104
.5471
<0.0001
<0.0001
Note. The table presents estimation results using the separate approach and parametric polynomial models. For each
model, we estimate specifications with 1st, 2nd and 3rd order polynomials in the propensity score. We report results for
the specification with a 3rd order polynomial if the 3rd order terms are statistically significant (for either k0 or k). If they
are not significant, we report results for the specification with a 2nd order polynomial if the 2nd order terms are
significant. Else we report results for a 1 st order polynomial. The test for observed heterogeneity is a test that 𝛽1 − 𝛽0 =
0. The test for unobserved heterogeneity is a test that coefficients of the polynomial for k are equal to zero. Earnings are
in DKK 1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. The mean propensity
score is 0.501 for males and 0.320 for females. The six PRTEs are effects per net individual shifted for six different
policy-related shifts in the propensity score. The first policy augments the propensity score by 1 percentage points for
all observations. The second policy is a kink proportional increase which increases the propensity score most for those
with p=0.5 (p’ = (1+0.01)×p if p≤0.5; p’ = (1-0.01)×p + 0.01 if p>0.5). This policy increases the average propensity
scores for both males and females by 0.1 percentage points. The third policy increases the distance to general schools by
1 km for everyone. This results in an average increase in the propensity score by 0.3 and 0.2 percentage points for males
and females, respectively. The last three sets of PRTEs are for policies which increase the propensity score by 0.01, but
only for those with low, medium, and high 9 th grade math scores, respectively. Heteroskedasticity robust standard errors
in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A19. Tests of significance of the two distance instruments in four OLS selection models: (1)
Enroll into an upper secondary education; (2) complete an upper secondary education; (3) enroll in
vocational instead of general education; (4) complete vocational instead of general education
(1)
Enroll
vs. not
F test, distance instruments
1.9
P value
0.150
Degrees of freedom, constraints
2
N
210,339

(2)
Complete
vs. not
2.5
0.084
2
210,339

(3)
(4)
Enroll in
Complete
vocational vocational
vs. general vs. general
91.8
129.6
1.41e-40
5.75e-57
2
2
198,048
161,432

Note. This table reports the F tests for the significance of the two distance instruments in four OLS selection models.
The two models in columns 3 and 4 correspond to our first-stage equations reported in Table A17 and Table 5 (columns
2 and 4) except for the functional form (OLS versus logit) and that we here estimate the models for males and females
together (with control for gender). These models are conditional on having enrolled in (completed) some upper
secondary education by age 25. The models in columns 1 and 2 are models for selection into these two estimation
samples. All models include the full set of controls (see Table A5).

Table A20. Placebo test of significance of the two distance instruments in OLS choice models for
completing compulsory school: p value of F test
(1)
(2)
(3)
Sample
Full sample Enrollment Completion
Dependent variable (completing compulsory school):
At least one non-missing 9th grade test score
Non-missing test scores in math and Danish
Passing test scores in math and Danish
Passing test scores in math, Danish, English and science
N

0.84346
0.91426
0.39449
0.17906
210,339

0.22523
0.36963
0.29984
0.40590
198,048

0.13284
0.19729
0.25187
0.26180
161,432

Note. This table shows p values of F tests for the two distance instruments in linear probability models for completion
of compulsory school (9th grade). The p values are shown for four different definitions of completion, and for three
samples: The full sample, the sample restricted to those who had enrolled in an upper secondary education by age 25,
and the main sample restricted to those who had completed an upper secondary education by age 25.
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Table A21. First stage logit models with and without control for test scores. Decision on completing
vocational instead of general upper secondary education. Average marginal derivatives

Distance to vocational education
Distance to general education

(1)
Males
-0.0004
(0.0004)
0.0042***
(0.0004)
X

(2)
Females
-0.0007*
(0.0003)
0.0019***
(0.0003)
X

All control variables
All control variables except test scores
N
79,070
82,362
Chi squared, exclusion restrictions
256.8
49.7
P value, exclusion restrictions
1.745e-56 1.644e-11
Degrees of freedom, exclusion restrictions
2
2

(3)
Males
-0.0010*
(0.0005)
0.0054***
(0.0005)

(4)
Females
-0.0011**
(0.0004)
0.0020***
(0.0004)

X
X
79,070
82,362
241.8
29.2
3.169e-53 4.500e-07
2
2

Note. The models in columns 1 and 2 are the baseline first stage except that the distance variables are not interacted
with math test scores. They are identical to the models in columns 2 and 4 of Table 5. The models in columns 3 and 4
do not include controls for 9th grade test scores or teacher assessed marks for the year’s work. The dependent variable is
an indicator for completing a vocational instead of a general upper secondary education. Average marginal derivatives
based on the logit model estimates are shown for the two distance measures. For each individual, we calculate the effect
of increasing the distance by one unit (1 km), holding all control variables fixed, on the probability of completing
vocational instead of general education. Heteroskedasticity robust standard errors in parentheses
+
p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001

61

Figure A1. Common support: Frequency distribution of propensity score by treatment status and
gender

Note. The two upper graphs show the frequency distribution of the propensity score for the treatment group by gender.
The next two graphs show the distribution for the control group by gender. Here the distribution is very skewed making
it difficult to assess whether we have common support for high values of the propensity score. Therefore, the last two
graphs show the frequencies for propensity scores above 0.5.
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Figure A2. Marginal treatment effects of enrolling in vocational instead of general education

Note. The two upper panels show MTEs on the probability of being employed or student at age 28 for males and
females, respectively. The two middle panels show MTEs on earnings at age 28, and the two lower panels show MTEs
on predicted earnings at age 40. The MTEs are evaluated at the sample means of covariates. Earnings are in DKK
1,000, 2015 prices. $1 ≈ DKK 6.5 (the exchange rate end of 2018), i.e., DKK 1 ≈ $0.15. The order of the polynomials in
the propensity score are reported in Table A18.
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