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1 Introduction

There is a well established positive correlation between socioeconomic status and health,
often denoted as the health-gradient to signal that health increases over the full range
of the distribution of socioeconomic outcomes. However, in order to inform policy,
causal pathways of the gradient need to be identified. Health is an important as-
pect of the economy (see Grossman, 1972, Acemoglu and Johnson, 2007, Cervellati
and Sunde, 2005, among many others) and, therefore, it is also on the research agenda
of economists. Therefore, a vivid recent economic literature puts much effort in find-
ing valid instruments to approach the endogeneity of the socioeconomic status and
establish causal effects of socioeconomic variables on health.

Apart from income, economists are mostly interested in the effect of education on
health as education is a comparably accessible tool for policy reform and, moreover,
it is speculated to improve health through a multitude of pathways (e.g. health behav-
ior, capability of processing health information, psychosocial stress, wages and income,
neighborhood and housing effects). Some authors even discuss educational reforms as
a more efficient tool than health care reforms to improve population health (Weinstein
and Skinner, 2010, Jürges, 2014).1

The evidence on causal effects of schooling on health is mixed and seems to depend on
identifying assumptions, outcomes (broadly speaking either health or health behav-
ior) and kind of schooling (mainly either secondary schooling or college). In a most
convincing recent study, Clark and Royer (2013) find negligible effects of secondary
schooling on health in the UK using a regression discontinuity design and compulsory
schooling reforms as exogenous variation in schooling. This is in line2 with a couple of
studies using similar measures and instruments but in contrast to some others.3

As regards health returns to college education – the research question in this paper –
Grimard and Parent (2007) and de Walque (2007) find effects on health behavior (smok-
ing) using the Vietnam draft as source of exogenous variation. All of the cited studies
have in common that, if one assumes heterogeneous returns to education, they iden-
tify local average treatment effects (Imbens and Angrist, 1994). That is, average health
effects for those who change their education due to a change in the instrument. Given
valid instruments as, e.g. compulsory schooling laws are typically viewed as, these ef-
fects are of high internal validity. However, there is a debate on the external validity

1However, in summarising the recent literature, Jürges (2014) is very sceptic about the potential if
educational reforms for health improvements.

2For instance, Mazumder (2008), Albouy and Lequien (2009), Braakmann (2011), Jürges et al. (2013).
3For instance, Arendt (2005), Lleras-Muney (2005), van Kippersluis et al. (2011). The findings in

Kemptner et al. (2011) and Jürges et al. (2011) vary by health outcomes and gender.
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(see, e.g., Heckman, 2010 versus Imbens, 2010). Heckman (2010) argues that the local
average treatment effect (LATE) might or might not answer questions of policy inter-
est, but in general it does not. This is particularly the case if intended future policies
affect different groups than the compliers to reforms analyzed in previous studies. In
this case, these results do not help at all to infer reactions to reforms that have not been
implemented so far.

A solution proposed by Heckman (2010) is to impose slightly more economic structure
on empirical models in order to estimate deeper economic parameters. Such a param-
eter is the marginal treatment effect (MTE) that dates back in its idea to Björklund and
Moffitt (1987). The main feature of this approach, as shown in Heckman and Vytlacil
(2005), is to explicitly model the choice for schooling, thus turning back from a mere
statistical view of exploiting exogenous variations in schooling to a description of the
behavior of economic agents. Translated into our research question, the MTE gives the
effect of education on health for individuals at the margin of taking more education.
In principle, it can be used to generate all conventional treatment parameters, such as
the average treatment effect (ATE), the average treatment effect on the treated (ATT),
or the LATE but also to calculate what Heckman (2010) calls the policy relevant treat-
ment effect (PRTE), the likely effect of a policy not necessarily implemented yet but
one policy makers might be interested in. Thus, this parameter is arguably of more ex-
ternal validity than the LATE.4 Major shortcomings of these (more structural) models
which originate from the Roy model, namely fairly strong parametric assumptions, are
relaxed in the previously suggested models by Heckman and Co-Authors which use
semiparametric estimation techniques.

This paper estimates the effect of college education on health in Germany using the
marginal treatment effect framework and representative data from the German Na-
tional Education Panel Study (NEPS). We, thereby, derive the entire distribution of
treatment effects over the support of the propensity score. Instruments in the choice
equation are the distance to universities at the time individuals decide for college ed-
ucation as employed by Card (1995) and the order of birth. Our results suggest that
health effects of college attention are indeed heterogenous. They are significantly pos-
itive, however, over the the largest part of the support.

Applications of the MTE are quite rare so far in the literature. As an example, Carneiro
et al. (2010, 2011) estimate labor market returns to education for the United States.
Nybom (2014) uses Swedish data to estimate lifetimes earnings returns to college. We

4Certainly the external validity of the LATE increases with the size of the complier group. As dis-
cussed in Clark and Royer (2013), a large group of people was affected by their reform, while much less
are affected by reforms exploited by other authors.
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contribute to the existing literature by employing MTE estimation in the context of
health outcomes. One previous study in this area is Basu et al. (2007) who analyse
cost-effectiveness of breast cancer treatments.

The paper is organized as follows. Section 2 discusses the empirical approach, Section
3 presents the data. The results are reported in Section 4 while Section 5 concludes.

2 Empirical Strategy

We start by sketching the generalized Roy model, followed by the definition of the
marginal treatment effect (MTE) and ways to estimate it. We draw heavily on Heckman
and Vytlacil (2007). A more in-depth discussion of all issues can be found there or in,
e.g., Heckman and Vytlacil (2005); ? or Heckman (2010).

2.1 Basic set-up and notation

Assume two potential outcomes of individual i, Yi1 in case of college attendance, and
Yi0 in case of no college attendance. The observed outcome is

Yi = Yi1Di + Yi0(1 − Di) = Yi0 + Di(Yi1 − Yi0) =


Yi1 if Di = 1

Yi0 if Di = 0

where the binary variable Di indicates college education. In a general way, we can for-
mulate Y1 = µ1(X) + U1 and Y0 = µ0(X) + U0, where the vector X contains observ-
able and the terms U1, U0 unobservable factors. µ1 and µ0 are some general functions
with µ1(x) = E[Y1|X = x], µ0(x) = E[Y0|X = x].

The individual treatment effect (which cannot be observed) is given by βi = Yi1 − Yi0.
Which treatment effects can be identified in an econometric analysis broadly depends
on two factors:

1. The degree of selection (based on observables or unobservables).

2. The degree of variation in βi.

In a typical microeconometric application, there is selection based on unobservables. A
standard solution to this problem is an instrumental variables estimator that relies on
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exclusion restrictions, that is, variables Z which contain components not included in X

and independent of the treatment indicator Di. In the easiest case, if βi is a constant (or
does not vary over i, conditional on X) instrumental variables estimators identify the
ATE and ATT which necessarily coincide. The same result holds if treatment effects
are heterogeneous but completely randomly distributed over treated and untreated
individuals.

Things are much more complicated if βi depends on the treatment (conditional on X),
a situation Heckman et al. (2006) call “essential heterogeneity”. Put differently, indi-
viduals self-select into the treatment based on their expected idiosyncratic gains. This
issue complicates the evaluation problem and the interpretation of the results. Here
instrumental variables estimators identify local average treatment effects if indepen-
dence, rank and monotonicity assumptions hold (Imbens and Angrist, 1994). These
parameters usually differ from ATE and ATT.

Heckman (2010) advises against using classical instrumental variables methods if there
is essential heterogeneity and the parameter the researcher is interested in is not the lo-
cal average treatment effect but, e.g., the average treatment effect or any other one (for
instance, the policy relevant treatment effect, PRTE). Moreover, as Basu (2011, 2014)
notes, essential heterogeneity is not restricted to sorting into gains but is always an
issue if selection is based factors that are not completely independent of the gains.
Thus, in health economic applications, where gains are arguably harder to predict for
the individual than in, say, labor economics, essential heterogeneity is nevertheless a
common issue.

In order to identify parameters of interest and unify the treatment effect literature,
Heckman and Vytlacil (2005) suggest to explicitly model the treatment decision using
the logical indicator function 1[·] and

D = 1[µD(Z) ≥ V]

Again, µD(Z) is some general function of the vector of instruments Z. This amounts
to the generalized Roy model that, in principle makes no parametric assumptions. Let
P(z) = Pr(D = 1|Z = z) = FV(µD(Z)) be the likelihood to attend college (the
propensity score) where FV ist the cumulative distribution function of V. For ease of
exposition, define UD = FV(V) which, following from the probability integral theo-
rem, is a uniformly distributed random variable. Thus, different values of UD denote
different quantiles of V.
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2.2 The marginal treatment effect

The marginal treatment effect (MTE) is defined as

MTE(x, uD) = E(Y1 − Y0|X = x, UD = uD)

= µ1(x)− µ0(x) + E(U1 − U0|UD = uD)

The MTE is the average treatment effect at a given (unobserved) desire to partici-
pate in a treatment. It can be interpreted as a more fundamental parameter than the
usual treatment parameters as, for instance, ATE, ATT and LATE can be expressed as
weighted averages of the MTE (see, e.g. Heckman and Vytlacil, 2007):

∆j(x) =

1∫
0

MTE(x, uD)hj(x, uD)duD

where ∆j(x) denote a treatment parameter j and hj(x, uD) the respective weights. As
shown by Heckman and Vytlacil (1999, 2001, 2007), the MTE can be identified by local
instrumental variables (LIV):

MTE(x, p) =
∂E(Y|X = x, P(Z) = p)

∂p

where

E(Y|X = x, P(Z) = p) = E(Y0|X = x, P(Z) = p)+E(Y1 −Y0|X = x, D = 1, P(Z) = p)p.

The identifying assumption is

(U1, U0, V) ⊥ Z|X

meaning that the error terms are independent of Z given X . That is, a shift in the
instruments Z (or the single index P(Z)) has no effect on the potential outcome distri-
butions. This is the typical assumption of exclusion restrictions.

The MTE can, in theory, be estimated completely nonparametrically, e.g. by using local
polynomial regressions of Y on X and P(Z). However, this requires the support of
P(Z) conditional on X to be the unit interval. This would imply extremely large and
rich data and extremely powerful instruments. Thus, in estimating the MTE, we follow
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Carneiro et al. (2010, 2011) and use semi parametric techniques. These assume additive
separability of the indices µ1(X) = Xδ1 and µ0(X) = Xδ0, thus writing

E(Y|X = x, P(Z) = p) = xδ0 + px(δ1 − δ0) + K(p)

where

K(p) = E(U1 − U0|D = 1, P = p)

and claculating

MTE(x, p) =
∂E(Y|X = x, P(Z) = p)

∂p

= x(δ1 − δ0) +
∂E(U1 − U0|D = 1, P = p)

∂p
. (1)

Basu et al. (2007) use a flexible approximation to K(p) based on a polynomial of the
propensity score. This amounts to estimating the parameters of

E(Y|X = x, P(Z) = p) = xδ0 + px(δ1 − δ0) +
k

∑
j=1

φj pj

by OLS and using the estimated coefficients to calculate

M̂TE(x, p) = x(δ̂1 − δ̂0) +
k

∑
j=1

φ̂j jpj−1.

Alternatively, K(p) is estimated non-parametrically using local polynomial regression.
This amounts to using the semi-parametric regressor of Robinson (1988) and is em-
ployed by, e.g. Carneiro et al. (2011) and Nybom (2014). This approach is also used
here.

Nonparametrically (or semiparametrically), the MTE can only be identified over the
support of P. The greater the variation in Z and, thus P(Z)), the larger the range over
which the MTE can be identified. This is a serious drawback of the MTE, in particular,
because treatment parameters that have weight unequal to zero outside the support
of the propensity score are not identified using nonparameteric techniques. This is
sometimes called the “identification at infinity” requirement of the MTE. However, the
MTE over the support of P is already very informative – arguably more informative
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than the standard LATE. Moreover, broader treatment parameters can be estimated
imposing some additional assumptions.

One way of imposing more assumptions would be to rely on a joint multivariate nor-
mal distribution of the error terms, to estimate the parameters by maximum likelihood
and to calculate

M̂TE(x, uD) = x(β1 − β0) + E(U1 − U0|UD = uD)

= x(β1 − β0) + E(U1 − U0|V = Φ−1(uD))

= x(β1 − β0)− (σ1V − σ0V)Φ−1(uD)

where σ1V , σ0V are the correlations of U1 and U0, respectively with V. This ensures
identification of the MTE over the full unit interval. However, we discard this ver-
sion here, as this assumption is hardly justified for other reasons than just conve-
nience. Hence, we use semiparametric estimates of the MTE and either extrapolations
to unidentified regions in order to calculate the ATE or we restrict the results to the
empirical ATE or ATT that are identified for those individuals who are in the sample
(see Basu et al., 2007).

3 Data

3.1 Data set and sample selection

Our main data source are individual level data from the German National Educa-
tional Panel Study (NEPS), see Blossfeld et al. (2011). In total, the NEPS covers more
than 58,000 persons in six age groups (infants, kindergarten aged children, children in
grades 5 and 9, university students, and adults) and is the largest European survey on
educational trajectories. Within each age group, called “starting cohort”, the respon-
dents are followed over the years. It includes extensive information on competence
development, learning environments, educational decisions, migrational background,
and socio-economic outcomes for each cohort.

We aim at analyzing longer term effects of college education on health and, therefore,
restrict the analysis to the “adults starting cohort” interviewed in 2009/10.5 It includes

5Strictly speaking, there are no colleges in Germany, only universities. However, to be in line with
the international literature, we use the terms college and university interchangeably, meaning any kind
of schooling after A-level degrees.
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individuals born between 1944 and 1986. From the originally 11,000 respondents in
this cohort, we exclude observations for three reasons: First, we focus on individu-
als from West Germany due to the different educational system in the former German
Democratic Republic (GDR), thereby dropping 2,400 individuals living in the GDR at
the age of 18. Second, to allow for long term health effects we make a cut-off at col-
lege attendance before 1990 and drop 2,000 individuals who were aged 18 or younger
in 1990. An attractive feature of NEPS is information on the district of residence dur-
ing secondary schooling which is used to create instruments in the selection equation.
However, we need to drop 1,200 individuals with missing information on the district
of residence.6 The instruments are discussed in detail below. Our final sample includes
5,391 observations.

For these 5,391 respondents the NEPS includes information on the educational and
occupational history, particulary the year of graduation from secondary education, the
district, and whether the person received a university degree. About one fourth of the
sample, 1,316 individuals, has a university degree, while three fourth (4,075) does not.

The outcome variable is health satisfaction in 2009/10 measured on an 11-point scale
from 0 (very unsatisfied) to 10 (very satisfied). It is a subjective measure but this kind
of measures have been shown to have high predictive power for morbidity and subse-
quent mortality (see, e.g., Idler and Benyamini, 1997, for a review of studies which use
self-rated health as a health outcome). Furthermore, it gives a more complete picture
of overall health than many single objective measures can do. It combines physical and
mental health and might be the preferred measure when we think of health in terms
of the utility derived from it. Clark and Royer (2013) compare objective and subjective
measures of health in their analysis of effects of compulsory schooling on health and
find no qualitative differences in results.

While health satisfaction is an ordered outcome variable, sources from the life satisfac-
tion literature show that it makes no difference whether linear regressions or methods
for ordered outcomes are used (e.g., Ferrer-i-Carbonell and Frijters, 2004). Another
possible outcome in the data set is self-rated health on a five point scale. It is highly
correlated with health satisfaction but harder to make the case for continuous regres-
sion models here. Therefore, information and results on this variable are not presented
but available on request. In terms of conclusions, the results do not depend on the
choice between the two measures.

6Due to the design of the NEPS, district of school information is only available for respondents who
entered sample in the 2009/10 wave or later (43% of the full sample). We therefore use the information
of the district of birth for respondents who entered the NEPS before 2009. Mobility is rather low in
Germany (see e.g. Pischke and von Wachter, 2008).
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Table 1 and Figure 1 show the exact question and the distribution of health satisfaction
across individuals with and without college degree. Unsurprisingly those with college
degree have a higher health satisfaction. However, the difference is not very large (0.35,
on average).

Table 1: Descriptive statistics of health satisfaction

Question

How satisfied are you with your health?

Answers (in percent)

Respondents... with university degree w/o university degree

very unsatisfied 0 0.14 1.13

1 0.28 0.77

2 0.91 1.61

3 1.61 3.07

4 2.94 3.87

5 6.50 10.81

6 11.61 8.62

7 17.69 15.13

8 27.06 25.70

9 20.35 16.55

very satisfied 10 11.40 12.73

Notes: Information taken from NEPS–Starting Cohort 6. Own calculations based on 5.391
observations.

Table 2 provides definitions of the control variables in the outcome equation, that is,
the variables in X . We include gender, migrational background, and year of birth
(which also captures cohort effects) as well as federal state of schooling fixed effects.
We also take into account if the district at schooling age and the today’s district are
rural or urban. Using the year of the first marriage and the year of birth of the first
child, we can control whether the respondent was responsible for other persons. The
NEPS includes information on military drafts, the medical ability to serve, and the re-
spondents decision to do military or civilian service. Therefore, we observe for males
if they were physical able to do military service at the end of secondary schooling.7

We also include whether a drawn respondent did military or civilian service because
this partly reflects personality traits before the college decision. Moreover, we use ret-

7For the time under review, military service was only mandatory for males. From the 2,499 males in
our final sample, 2,359 report the year and the result of their military eligibility test.

9



Figure 1: Distribution of health satisfaction by college attendance
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Source: NEPS. Own calculations.

rospective information on the living conditions at the respondents’ age of 15, thus 3 to
5 years ahead of the decision to enroll at a university at the end of secondary school-
ing. This is likely to be correlated both with health outcomes today and the decision
to attend a college. Particulary, we include the family structure, i.e., being an orphan,
raised by a single parent, and lived in a patch work family (reference category is raised
by both parents). Furthermore, we are able to control for educational achievements in
secondary schooling. It is reasonable to assume that those factors have had a strong
impact of the possibility to go to a college. Therefore, we take the overall grade of
the highest educational degree into account (measured by four dummies ranging from
excellent to failed). We also include if a respondent had to repeat one grade or two
or more grades. Moreover, dummy variables for mother’s and father’s employment
status at the age of 15 and before, schooling and vocational degrees, whether the par-
ents are still alive in 2009, and for migrational background of the parents are included.
Because we use the birth order to instrument the college decision (as described in the
following subsection) we need to control for the number of siblings to isolate family
size from birth order effects and parental birth cohort fixed effects to capture the effect
of the parents’ age; see Black et al. (2005).

Table 2: Definitions of variables

Variable Definition

General information

Female =1 if respondent is female

Continued on next page
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Table 2 – continued

Variable Definition

Migrational background =1 if respondent was born abroad
No native speaker =1 if mother tongue is not German
Rural district =1 if current district is rural
Mother still alive =1 if mother is still alive in 2009/10
Father still alive =1 if father is still alive in 2009/10

Pre-college living conditions

Married before college =1 if respondent got married before the year of the college
decision or in the same year

Parent before college =1 if respondent became a parent before the year of the
college decision or in the same year

Siblings Number of siblings
Age 15: lived by single parent =1 if respondent was raised by single parent
Age 15: lived in patchwork fam-
ily

=1 if respondent was raised in a patchwork family

Age 15: orphan =1 if respondent was a orphan at the age of 15
Age 15: rural district =1 if district at the age of 15 was rural
Age 15: mother employed =1 if mother was employed at the respondents age of 15
Age 15: mother never unem-
ployed

=1 if mother was never unemployed until the respondent’s
age of 15

Age 15: father employed =1 if father was employed at the respondent’s age of 15
Age 15: father never unem-
ployed

=1 if father was never unemployed until the respondent’s
age of 15

Pre-college health and education

Capable of military service =1 if respondent was capable for military service at the end
of secondary schooling

Military or civilian service =1 if respondent did military or civilian service
Military =1 if respondent did military service

Parental characteristics

Mother: migrational back-
ground

=1 is mother was born abroad

Mother: at least inter. edu =1 if mother has at least an intermediate secondary school
degree

Mother: vocational training =1 if mother’s highest degree is vocational training
Mother: further job qualification =1 if mother has further job qualification (e.g. Meister de-

gree)
Mother: college degree =1 if mother has a college degree
Father: migrational background =1 if father was born abroad
Father: at least inter. edu =1 if father has at least an intermediate secondary school

degree
Father: vocational training =1 if father’s highest degree is vocational training

Continued on next page
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Table 2 – continued

Variable Definition

Father: further job qualification =1 if father has further job qualification (e.g. Meister de-
gree)

Father: college degree =1 if father has a college degree

Notes: Information taken from NEPS–Starting Cohort 6.
a Only available for males who did military eligibility test (2,359 observations).

3.2 Instruments

Our first instrument (that is, variable in Z but not in X) measures the distance to
colleges and was introduced to the literature by Card (1995). It has frequently been
employed since then, also in the MTE literature (e.g. Carneiro et al., 2011 and Nybom,
2014). We use information on universities as well as the number of students per univer-
sity from the German Statistical Yearbooks from 1958 to 1990 (German Federal Statis-
tical Office, 1990) and measure distances on the level of the 321 West German counties
(Kreise), specifically between the county centroids.8 Thereby, we use exogenous vari-
ation over time and space in the supply of universities induced by the educational
expansion in West Germany in the 1970s. Figure 2 compares the number of counties
with a university in 1958 and 1990. The increase in supply of possibilities to study is
mirrored both in more universities but also in increased places for students in existing
universities, see Figure 3. We use information on both for the instrument.

In order to do so, we define a measure that incorporates both distance to and size of
universities as it reflects the opportunities to attend a university. Therefore, for every
county, we weight the size of each available university in the year where the decision
to attend a university is made by a weight that declines if distance goes up. We choose
a Gaussian kernel with a bandwidth of 150 (km) in order to convert the distance into
a weight. Our measure is the sum of the distance-weighted university sizes for each
county and year. This measure can be interpreted as the relevant student number for
each county in each year. If a university in the same county expands by 1,000 students,
the measure increases by 1, if, all other things the same the expanding university is
150km away, the measure rises by .6.

8We use the district definition as per 2009.
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Figure 2: Distribution of universities 1958 and 1990

1958 1990

Notes: Own illustration based on the German Statistical Yearbooks 1958–1990 (German Federal Statistical
Office, 1990).

Figure 3: Number of students and universities over the time
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Notes: Own illustration based on the German Statistical Yearbooks 1958–1990 (German Federal Statistical Office, 1990). See text
below for a definition of group 1 and 2.

As we only have county-level information on the number of students in “regular”
(public) universities, this measure only captures these universities. They offer degrees
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in various subjects and are by far the most important type of higher education in terms
of numbers of students. In the time period under review, studying at these universities
was basically free of charge. However, there are also other types.

We collapse these into a second group that summarizes all other institutions which of-
fer higher educational degrees, e.g., “universities of applied science” (Fachhochschulen
and Gesamthochschulen), technical universities (Technische Hochschulen) and other scien-
tific institutes (Sonstige wissenschaftliche Hochschulen). The latter are highly specialized
institutes, e.g., in the fields human medicine, agriculture, and business schools. Study-
ing at those institutes was also free of charge. Moreover, the few private universities
are also included into the second group. In order to simplify the wording, we refer to
institutes of both groups as university.9

The idea of measuring changes for the second group of universities follows the one
of the first group. However, for institutes of the second group we do not observe the
number of students. Hence, we only use the information on the distance between the
county of residence at the age of the college enrollment decision to all other counties
with institutes of the second group. Since institutes are smaller in size, more higher
specialized, and have usually a smaller catchment area, we put a stronger emphasis on
institutes close to the county of residence. Put differently, we take all universities into
account but weight closer ones stronger.

Another instrument uses birth order as exogenous source of variation in college atten-
dance. A strong effect of birth order on educational outcomes has been documented
by Black et al. (2005). They argue that controlling for the years of birth of the child and
its parents and the number of siblings (as we do) ensures that the birth order captures
opportunities of higher educational attendance which are independent form other so-
cioeconomic factors like health. Mazzonna (2012) argues in the same vein and uses
birth order to instrument education when old-age cognitive abilities and health are
outcome variables.

3.3 Descriptive statistics

Table 3 reports the means of all variables by treatment status. Apart from a better
health status, individuals with a university degree are more likely to be males from

9We disregard institutes (Hochschulen) specialized on theological science, philosophy, fine arts, and
music. Detailed information on those institutes are not available. Nevertheless, we know that those
institutes are very small (often less than 500 students) and ever more specialized than the other institutes
of the second group of universities. Thus, we would argue that neglecting those institutes does not affect
the results.
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an urban county without a migrational background. Moreover, they are more likely
to have healthy parents (in terms of mortality). Other variables seem to be less deci-
sive at first sight. As regards the instruments, there seems to be a tendency towards
higher a likelihood to have a university degree if a university was nearby before in-
dividuals decided to attend college. A formal F test in a linear instrumental variables
setting in Section 4 confirms that the instruments have sufficient explanatory power
for a university degree.

Table 3: Variable means by university degree

Respondents

with university without university
degree degree

HEALTH MEASURE

Health satisfaction 7.50 7.15

CONTROL VARIABLES

General information (in percent)

Female 42.71 57.18
Migrational background 0.46 0.86
No native speaker 0.15 0.44
Rural district 19.86 25.06
Mother still alive 65.35 59.34
Father still alive 44.68 36.81

Pre-college living conditions (in percent)

Married before college 2.92 4.14
Parent before college 2.43 2.87
Siblings (number) 1.14 1.36
Age 15: lived by single parent 5.40 6.12
Age 15: lived in patchwork family 1.37 2.75
Age 15: orphan 0.76 2.38
Age 15: rural district 19.72 25.24
Age 15: mother employed 44.83 46.80
Age 15: mother never unemployed 62.92 62.53
Age 15: father employed 93.77 89.33
Age 15: father never unemployed 98.56 96.22

Pre-college health and education (in percent)

Capable of military service 42.86 30.53

Continued on next page
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Table 3 – continued

Respondents

with university without university
degree degree

Military or civilian service 32.22 21.25
Military 26.29 21.46
Final school grade: excellent 4.33 1.40
Final school grade: good 30.24 20.10
Final school grade: satisfactory 16.45 21.57
Final school grade: sufficient or worse 0.76 1.30
Repeated one grade 22.11 17.99
Repeated two or more grades 2.35 1.47

Parental characteristics (in percent)

Mother: migrational background 5.62 4.69
Mother: at least inter. edu 19.53 7.73
Mother: vocational training 21.73 20.44
Mother: further job qualification 4.64 2.12
Mother: college degree 2.89 0.81
Father: migrational background 6.10 5.52
Father: at least inter. edu 23.63 10.63
Father: vocational training 20.06 28.74
Father: further job qualification 11.09 9.25
Father: college degree 9.73 3.02

EXOGENOUS VARIATION IN COLLEGE ATTENDANCE

First born (in %) 35.49 31.04
Average distance (group 1, in km) 28.68 33.88
Average distance (group 2, in km) 32.25 40.14
University in district (group 1, in %) 27.13 19.56
University in district (group 2, in %) 30.32 21.79
Weighted distance for group 1 172.19 147.38
Weighted distance for group 2 0.18 0.13

Number of observations 1,316 4,075

Notes: Information taken from NEPS–Starting Cohort 6.
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4 Results

Although we are primarily interested in analyzing heterogeneous effects of education
on health under essential heterogeneity, we start with ordinary least squares (OLS) and
linear instrumental variables estimations as a benchmark. Table 4 reports results from
these regressions of health satisfaction on college degree and several other controls.
Column (1) recovers the difference in health satisfaction observed in the descriptive
Table 3. Columns (2) to (4) report the results from different instrumental variables
specifications. Point estimates almost double in each specification, however, standard
errors increase, too, and the precision of the estimates is strongly reduced. In total, the
different IV results show that the choice of the instrument seem to matter – not only in
terms of significants but also regarding the magnitude.

The OLS results in column (1) of Table 4 indicate that persons who visit a university
are 0.28 units more satisfied with their health. In the first IV specification (column (2))
we use all three instruments for the decision to study. The second stage effect is rather
big, about 1 unit. The IV specification in columns (3) and (4) use the same observations
the same set of control variables, however, the magnitude of the coefficients declines
sharply. Since different groups of compliers seems to react differently on more educa-
tion and because the instruments do not clearly defines who is likely to comply (this is
especially true for the birth order), we prefer the MTE approach to assess the effect of
a college degree on health satisfaction.

First stage results are reported in Table A3 in the Appendix. They show that instru-
ments have the expected signs and that the majority is individually significant. Tests
on joint significance of the instruments give F values above 10 fulfilling the Staiger and
Stock (1997) rule of thumb.

Table 4: OLS and IV

(1) (2) (3) (4)
OLS IV Specific. 1 IV Specific. 2 IV Specific. 3

College degree 0.276∗∗∗ 1.028∗ 0.476 0.051
(0.067) (0.608) (0.689) (0.741)

Socioeconomics controls yes yes yes yes
Number of observations 5,391 5,391 5,391 5,391
First-stage F statistic 22.020 24.795 44.962

Standard errors in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Regressions also include year-of-birth and
federal-state fixed effects. Full estimation results reported in Table A1 in the Appendix.

Figure 4 shows the distribution of the propensity scores used in estimating the MTE.
They are obtained by probit regressions of the university degree on all Z and X vari-
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ables. Regression results are reported in Table A2 in the Appendix. Variation in the
propensity score after keeping the X variables fixed is used to identify local effects
conditional on the propensity score. Although the identifying variation is not depicted
here, the overall propensity score varies from about 0 to 0.9. Given that the individuals
without any university degree a more frequent in absolute terms in our sample, there
is a large common support. It is important to observe individuals with and without
college degree for every manifestation of the propensity score, since effects are identi-
fied locally. A larger common support therefore means a higher ability to generalize
our effects for the whole sample.

Figure 4: Distribution of propensity scores by treatment status
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Source: NEPS. Own calculations.

Figure 5 shows the distribution the marginal treatment effect. It is calculated using the
semiparametric Robinson estimator with a bandwidth of 0.24 and a polynomial of the
fourth order. The figure is generated by evaluating (1) in Section 2 at average values
of X . Following Carneiro et al. (2011) we trim the MTE at 5%- and 95%-quantiles of
the propensity score distribution. These are only a few observations leading to very
imprecise estimations of the MTE of this range.

We see considerable heterogeneity in marginal treatment effects over the range of UD.
For low value of UD close to 0.05 the MTE is about 0.2. On the other end of the common
support the propensity score (UD value close to 0.6) the effect of college attendance on
health satisfaction is ten times as big as for persons with a low UD. In the interval
[0.15,0.38] the effect is significantly different from zero, even though the lower bound
of the 95% confidence interval is rather close to zero. For values of UD above 0.4 but
below 0.55 the MTE is not significantly different from zero, although the effect is only
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Figure 5: Marginal Treatment Effect
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slightly below the one of the significant part. We would argue that this is partly driven
by the choice of the order of the polynomial. Figure A1 in the Appendix shows the
distribution of the MTE for a polynomial of the order 3. For high values of UD the effect
is even higher than in Figure 5 and above 0.15 the MTE is always significantly different
from zero. Our results show that university education increases health satisfaction;
however, the effect size strongly depends on the individual desire. Certainly, this does
not say anything about other gains from education like wages or skills.

This interpretation should be made very cautiously. First of all, very few individuals
in the sample are in this range of very low unobserved effects. Thus, this effect is non-
parametrically identified using only few observations. Moreover (and for the same
reason) the confidence bands are very wide, leading to an MTE that is not significantly
different from zero over almost all of the negative part. The lower the likelihood that
individuals sort into college education the higher are the marginal health gains, turn-
ing significantly positive in the interval that includes most of the individuals in the
sample (compare Figure 4). That is, in terms of probability mass, the MTE is positive
over most of the part of the distribution.

As discussed before, without imposing further assumptions, the ATE is not identified
in semi-parametric models where the propensity score is not fully distributed over
the unity interval. Likewise the ATT is not identified if the propensity score is not
distributed over the full interval [0,pu] where pu is the highest propensity scores of and
individual who take the treatment. One way of dealing with this issue is to restrict the
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parameters to the empirical parameters identified by those observations in the sample.
This is done by Basu et al. (2007) who also note that these parameters do not necessarily
reflect the population parameters ATE and ATT as exactly those individuals with most
extreme effects are not included in the sample. A second approach suggest by Basu
et al. (2007) is to extrapolate the MTE to not identified regions and use the extrapolated
values to calculate the ATE.

5 Conclusion

This paper uses the framework introduced and advanced by Heckman and Vytlacil
(2005, 2007) to estimate effects of college education on health under essential hetero-
geneity. We use informative representative data from the German National Educa-
tional Panel Study (NEPS). As usual, health is positively correlated with having a col-
lege degree in our data set. Using instruments that exploit exogenous variation in the
supply of universities and birth order, we estimate marginal treatment effects. We find
that there is indeed heterogeneity in health returns to education and that these returns
are correlated with university studies.

This paper is work in progress. In a next step a major drawback of our semiparamet-
ric estimation approach will be settled, namely that the MTE is only identified over
the support of the propensity score and that this renders the calculation of interest-
ing treatment parameters like the ATE oder the ATT infeasible as long as they have
positive weights outside the range of the support of the propensity score.

One way to address this issue could be to calculate marginal policy relevant treatment
effects (MPRTE) as done in Carneiro et al. (2010, 2011) that do not require (almost) full
support of the propensity score. Nevertheless this first step already allows interesting
results on heterogeneous effects of education on health.
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Appendix

Table A1: OLS and IV, full estimation results

(1) (2) (3) (4)
OLS IV Specific. 1 IV Specific. 2 IV Specific. 3

College degree 0.276∗∗∗ 1.028∗ 0.476 0.051
(0.067) (0.608) (0.689) (0.741)

Female 0.254 0.309 0.269 0.238
(0.198) (0.200) (0.202) (0.203)

Married before college −0.274 −0.212 −0.258 −0.293
(0.175) (0.181) (0.182) (0.184)

Parent before college 0.186 0.207 0.191 0.179
(0.182) (0.185) (0.182) (0.182)

Number of siblings −0.014 −0.010 −0.013 −0.015
(0.010) (0.011) (0.011) (0.011)

Rural district 0.078 0.136 0.093 0.060
(0.084) (0.096) (0.099) (0.102)

Migrational background −0.217 −0.178 −0.205 −0.226
(0.450) (0.439) (0.443) (0.448)

No native speaker 0.686 0.709 0.686 0.667
(0.462) (0.438) (0.450) (0.462)

Military or civilian service 0.032 0.009 0.027 0.041
(0.151) (0.151) (0.149) (0.149)

Military service −0.068 0.076 −0.029 −0.109
(0.128) (0.177) (0.188) (0.194)

Age 15: lived by single parent 0.048 0.031 0.044 0.053
(0.138) (0.139) (0.137) (0.137)

Age 15: lived in patchwork fam-
ily

−0.289 −0.249 −0.279 −0.302

(0.186) (0.188) (0.187) (0.187)
Age 15: orphan −0.552∗∗ −0.502∗ −0.539∗∗ −0.568∗∗

(0.253) (0.257) (0.254) (0.253)
Mother: migrational back-
ground

−0.180 −0.206 −0.187 −0.172

(0.140) (0.142) (0.140) (0.141)
Mother: at least inter. edu 0.135 0.023 0.105 0.168

(0.124) (0.155) (0.160) (0.165)
Mother: vocational training −0.027 0.114 0.130 0.143

(0.192) (0.094) (0.094) (0.095)
Mother: further job qualification 0.000 0.095 0.146 0.184

(.) (0.209) (0.207) (0.208)
Mother: college degree −0.308 −0.174 −0.152 −0.135

(0.307) (0.274) (0.273) (0.276)

Continued on next page
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Table A1 – continued

(1) (2) (3) (4)
OLS IV Specific. 1 IV Specific. 2 IV Specific. 3

Mother: still alive 0.155∗∗ 0.136∗ 0.149∗∗ 0.159∗∗

(0.073) (0.075) (0.074) (0.074)
Age 15: mother unemployed 0.008 0.014 0.010 0.008

(0.084) (0.083) (0.083) (0.083)
Age 15: mother never employed −0.005 −0.003 −0.004 −0.005

(0.087) (0.087) (0.087) (0.087)
Father has migrational back-
ground

0.088 0.080 0.086 0.090

(0.136) (0.134) (0.134) (0.135)
Father: at least inter. edu 0.062 −0.034 0.036 0.090

(0.120) (0.142) (0.147) (0.152)
Father: vocational training 0.159 −0.144 −0.125 −0.110

(0.167) (0.122) (0.122) (0.122)
Father: further job qualification −0.068 −0.396∗∗∗ −0.359∗∗ −0.330∗∗

(0.175) (0.153) (0.153) (0.154)
Father: college degree 0.000 −0.384∗ −0.305 −0.244

(.) (0.209) (0.212) (0.216)
Father: still alive 0.103 0.062 0.091 0.114

(0.070) (0.077) (0.078) (0.079)
Age 15: father unemployed 0.264 0.255 0.262 0.268∗

(0.162) (0.161) (0.160) (0.160)
Age 15: father never employed −0.162 −0.209 −0.173 −0.146

(0.298) (0.303) (0.299) (0.297)
Capable of military service 0.308∗∗ 0.297∗∗ 0.305∗∗ 0.312∗∗

(0.125) (0.126) (0.124) (0.124)
Age 15: rural district 0.056 0.039 0.052 0.061

(0.090) (0.090) (0.090) (0.091)
Final school grade: excellent −0.025 −0.068 −0.035 −0.010

(0.322) (0.328) (0.319) (0.316)
Final school grade: good −0.074 0.029 −0.046 −0.103

(0.277) (0.304) (0.298) (0.294)
Final school grade: satisfactory −0.206 −0.009 −0.153 −0.263

(0.278) (0.337) (0.339) (0.341)
Final school grade: sufficient or
worse

−0.338 −0.110 −0.277 −0.406

(0.390) (0.450) (0.450) (0.449)
Repeated one grade 0.019 0.006 0.016 0.023

(0.073) (0.073) (0.073) (0.074)
Repeated two or more grades −0.304 −0.320 −0.309 −0.299

(0.228) (0.228) (0.226) (0.227)
Constant 7.433∗∗∗ 7.100∗∗∗ 7.365∗∗∗ 7.570∗∗∗

Continued on next page
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Table A1 – continued

(1) (2) (3) (4)
OLS IV Specific. 1 IV Specific. 2 IV Specific. 3

(0.651) (0.640) (0.649) (0.652)
Number of observations 5,391 5,391 5,391
First-stage F statistic 22.02 24.80 44.96

Information taken from NEPS–Starting Cohort 6. Standard errors in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A2: Estimation results of propensity score

(1) (2) (3)
Probit Specific. 1 Probit Specific. 2 Probit Specific. 3

First born 0.057∗∗∗

(0.014)
Weighted distance for group 1 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.000) (0.000) (0.000)
Weighted distance for group 2 0.084∗∗∗ 0.083∗∗∗

(0.029) (0.029)
Female −0.069∗∗ −0.069∗∗ −0.070∗∗

(0.035) (0.035) (0.035)
Married before college −0.098∗∗∗ −0.099∗∗∗ −0.100∗∗∗

(0.034) (0.034) (0.034)
Parent before college −0.035 −0.040 −0.038

(0.038) (0.038) (0.038)
Number of siblings −0.002 −0.005∗∗ −0.005∗∗

(0.002) (0.002) (0.002)
Rural district −0.075∗∗∗ −0.073∗∗∗ −0.072∗∗∗

(0.016) (0.016) (0.016)
Migrational background −0.093 −0.099 −0.096

(0.082) (0.082) (0.082)
No native speaker −0.092 −0.091 −0.089

(0.129) (0.127) (0.127)
Military or civilian service 0.002 0.003 0.001

(0.028) (0.028) (0.028)
Military service −0.125∗∗∗ −0.125∗∗∗ −0.125∗∗∗

(0.024) (0.024) (0.024)
Age 15: lived by single parent 0.029 0.026 0.028

(0.028) (0.028) (0.028)
Age 15: lived in patchwork family −0.068∗ −0.066 −0.069∗

(0.041) (0.041) (0.041)
Age 15: orphan −0.084 −0.077 −0.074

(0.052) (0.052) (0.052)
Mother: migrational background 0.040 0.040 0.041

(0.027) (0.027) (0.027)
Mother: at least inter. edu 0.122∗∗∗ 0.123∗∗∗ 0.123∗∗∗

(0.021) (0.021) (0.021)
Mother: vocational training 0.031∗ 0.033∗ 0.032∗

(0.018) (0.018) (0.018)
Mother: further job qualification 0.071∗∗ 0.075∗∗ 0.077∗∗

(0.034) (0.034) (0.034)
Mother: college degree 0.020 0.027 0.027

Continued on next page
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Table A2 – continued

(1) (2) (3)
Probit Specific. 1 Probit Specific. 2 Probit Specific. 3

(0.048) (0.049) (0.049)
Mother: still alive 0.019 0.021 0.022

(0.014) (0.014) (0.014)
Age 15: mother unemployed 0.002 −0.001 −0.002

(0.016) (0.016) (0.016)
Age 15: mother never employed −0.009 −0.008 −0.007

(0.016) (0.016) (0.016)
Father has migrational background 0.012 0.014 0.016

(0.025) (0.025) (0.025)
Father: at least inter. edu 0.117∗∗∗ 0.115∗∗∗ 0.118∗∗∗

(0.021) (0.021) (0.021)
Father: vocational training 0.053∗∗ 0.054∗∗ 0.054∗∗

(0.025) (0.025) (0.025)
Father: further job qualification 0.088∗∗∗ 0.088∗∗∗ 0.088∗∗∗

(0.028) (0.028) (0.028)
Father: college degree 0.126∗∗∗ 0.125∗∗∗ 0.127∗∗∗

(0.036) (0.036) (0.036)
Father: still alive 0.049∗∗∗ 0.052∗∗∗ 0.051∗∗∗

(0.014) (0.014) (0.014)
Age 15: father unemployed 0.021 0.022 0.023

(0.032) (0.032) (0.032)
Age 15: father never employed 0.082 0.078 0.078

(0.079) (0.079) (0.079)
Capable of military service 0.010 0.011 0.011

(0.023) (0.023) (0.023)
Age 15: rural district 0.044∗∗ 0.044∗∗ 0.034∗∗

(0.017) (0.017) (0.017)
Final school grade: excellent 0.057 0.060 0.056

(0.055) (0.056) (0.056)
Final school grade: good −0.095∗∗ −0.094∗∗ −0.096∗∗

(0.046) (0.046) (0.046)
Final school grade: satisfactory −0.211∗∗∗ −0.211∗∗∗ −0.213∗∗∗

(0.046) (0.046) (0.046)
Final school grade: sufficient or worse −0.259∗∗∗ −0.262∗∗∗ −0.265∗∗∗

(0.070) (0.070) (0.070)
Repeated one grade 0.018 0.017 0.017

(0.013) (0.013) (0.013)
Repeated two or more grades 0.006 0.007 0.008

(0.039) (0.039) (0.039)
Number of observations 5,391 5,391 5,391

Continued on next page
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Table A2 – continued

(1) (2) (3)
Probit Specific. 1 Probit Specific. 2 Probit Specific. 3

Information taken from NEPS–Starting Cohort 6. Standard errors in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A3: IV First stage

(1) (2) (3)
IV Specific. 1 IV Specific. 2 IV Specific. 3

First born 0.057∗∗∗

(0.014)
(sum) weight stud dist 150 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.000) (0.000) (0.000)
(sum) weight stud dist 10 0.086∗∗∗ 0.086∗∗∗

(0.031) (0.031)
Female −0.067∗ −0.066∗ −0.067∗

(0.036) (0.036) (0.036)
Married before college −0.095∗∗∗ −0.095∗∗∗ −0.096∗∗∗

(0.033) (0.033) (0.033)
Parent before college −0.036 −0.042 −0.041

(0.038) (0.038) (0.038)
Number of siblings −0.002 −0.005∗∗ −0.005∗∗

(0.002) (0.002) (0.002)
Rural district −0.075∗∗∗ −0.073∗∗∗ −0.071∗∗∗

(0.017) (0.017) (0.017)
Migrational background −0.056 −0.062 −0.058

(0.071) (0.071) (0.071)
No native speaker −0.051 −0.059 −0.057

(0.102) (0.102) (0.102)
Military or civilian service 0.015 0.017 0.014

(0.029) (0.029) (0.029)
Military service −0.171∗∗∗ −0.170∗∗∗ −0.170∗∗∗

(0.027) (0.027) (0.027)
Age 15: lived by single parent 0.025 0.023 0.025

(0.027) (0.027) (0.027)
Age 15: lived in patchwork family −0.053 −0.051 −0.053

(0.036) (0.036) (0.037)
Age 15: orphan −0.070 −0.063 −0.060

(0.044) (0.044) (0.044)
Mother: migrational background 0.037 0.038 0.039

(0.028) (0.028) (0.028)
Mother: at least inter. edu 0.145∗∗∗ 0.146∗∗∗ 0.146∗∗∗

(0.024) (0.024) (0.024)
Mother: vocational training −0.059 −0.061∗ −0.063∗

(0.036) (0.036) (0.036)
Mother: further job qualification 0.000 0.000 0.000

(.) (.) (.)
Mother: college degree −0.056 −0.054 −0.055

(0.060) (0.061) (0.061)

Continued on next page
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Table A3 – continued

(1) (2) (3)
Probit Specific. 1 Probit Specific. 2 Probit Specific. 3

Mother: still alive 0.020 0.022 0.022
(0.014) (0.014) (0.014)

Age 15: mother unemployed −0.003 −0.005 −0.005
(0.016) (0.016) (0.016)

Age 15: mother never employed −0.008 −0.007 −0.006
(0.017) (0.017) (0.017)

Father has migrational background 0.009 0.011 0.012
(0.026) (0.026) (0.026)

Father: at least inter. edu 0.124∗∗∗ 0.123∗∗∗ 0.126∗∗∗

(0.023) (0.023) (0.023)
Father: vocational training −0.104∗∗∗ −0.103∗∗∗ −0.104∗∗∗

(0.034) (0.034) (0.034)
Father: further job qualification −0.071∗∗ −0.070∗∗ −0.071∗∗

(0.035) (0.035) (0.035)
Father: college degree 0.000 0.000 0.000

(.) (.) (.)
Father: still alive 0.051∗∗∗ 0.053∗∗∗ 0.052∗∗∗

(0.014) (0.014) (0.014)
Age 15: father unemployed 0.011 0.012 0.013

(0.030) (0.030) (0.030)
Age 15: father never employed 0.063 0.061 0.059

(0.066) (0.066) (0.066)
Capable of military service 0.013 0.013 0.013

(0.024) (0.025) (0.025)
Age 15: rural district 0.046∗∗ 0.046∗∗ 0.036∗∗

(0.018) (0.018) (0.017)
Final school grade: excellent 0.071 0.074 0.069

(0.064) (0.064) (0.064)
Final school grade: good −0.128∗∗ −0.126∗∗ −0.129∗∗

(0.053) (0.053) (0.053)
Final school grade: satisfactory −0.255∗∗∗ −0.254∗∗∗ −0.257∗∗∗

(0.053) (0.053) (0.053)
Final school grade: sufficient or worse −0.297∗∗∗ −0.297∗∗∗ −0.300∗∗∗

(0.073) (0.073) (0.073)
Repeated one grade 0.017 0.016 0.016

(0.014) (0.014) (0.014)
Repeated two or more grades 0.010 0.010 0.010

(0.043) (0.043) (0.043)
Constant 0.634∗∗∗ 0.630∗∗∗ 0.633∗∗∗

(0.137) (0.138) (0.138)
Number of observations 5,391 5,391 5,391

Continued on next page
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Table A3 – continued

(1) (2) (3)
Probit Specific. 1 Probit Specific. 2 Probit Specific. 3

First-stage F statistic 22.02 24.80 44.96

Information taken from NEPS–Starting Cohort 6. Standard errors in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A4: Robinson estimator – parametric part

Coefficient

Female 0.216
(0.362)

Married before college 0.153
(0.299)

Parent before college 0.003
(0.331)

Number of siblings −0.008
(0.022)

Rural district 0.244
(0.177)

Migrational background −0.291
(0.623)

No native speaker −0.835
(1.063)

Military or civilian service 0.329
(0.284)

Military service −0.394
(0.429)

Age 15: lived by single parent 0.367
(0.245)

Age 15: lived in patchwork family −0.188
(0.346)

Age 15: orphan −0.687∗

(0.405)
Mother: migrational background −0.032

(0.291)
Mother: at least inter. edu 0.020

(0.339)
Mother: vocational training −27.537

(29.041)
Mother: further job qualification −28.602

(29.041)
Mother: college degree −28.362

(29.058)
Mother: still alive 0.257∗

(0.131)
Age 15: mother unemployed 0.150

(0.155)
Age 15: mother never employed −0.094

(0.161)

Continued on next page

34



Table A4 – continued

Coefficient

Father has migrational background 0.192
(0.261)

Father: at least inter. edu 0.336
(0.305)

Father: vocational training 22.487
(22.501)

Father: further job qualification 22.307
(22.501)

Father: college degree 22.356
(22.492)

Father: still alive −0.042
(0.148)

Age 15: father unemployed 0.134
(0.247)

Age 15: father never employed −0.064
(0.521)

Capable of military service 0.657∗∗∗

(0.247)
Age 15: rural district 0.054

(0.163)
Final school grade: excellent −0.584

(1.160)
Final school grade: good −0.419

(0.979)
Final school grade: satisfactory −0.601

(1.007)
Final school grade: sufficient or worse −0.042

(1.106)
Repeated one grade −0.051

(0.145)
Repeated two or more grades −0.470

(0.441)
Number of observations 5291

Information taken from NEPS–Starting Cohort 6. Standard errors in parentheses; ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure A1: Marginal Treatment Effect (with a polynomial of the order 3)
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Source: NEPS. Own calculations.
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