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Abstract

This paper surveys the empirical evidence on causal effects of education
on earnings for Germany and compares alternative studies in the light of their
underlying identifying assumptions. We work out the different assumptions
taken by various studies, which lead to rather different interpretations of the
estimated causal effect. In particular, we are interested in the question to
what extend causal return estimates are informative regarding educational
policy advice.

Despite the substantial methodological differences, we have to conclude
that the empirical findings for Germany are quite robust and do not deviate
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on ignorability conditions, regardless of whether they use educational attain-
ment as a continuous treatment variable or as a discrete treatment indicator.
Own estimates based on the matching approach indicate that the selection
into upper secondary schooling is suboptimal.
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1 Introduction

It is beyond dispute among economists as well as non-economists, that educational

attainment and individual earnings are positively correlated. This observation is

mostly explained by the general notion that education has a productivity enhanc-

ing effect which is valued by the labor market through higher wages. This is why

the returns to education, here simply defined as the earnings differences related to

difference in educational attainment, have become a popular monetary measure to

assess the quality of a certain educational training in the light of the needs of the

labor market.

However, classical return estimates obtained from least squares estimation of earn-

ings functions, which do not take into account the heterogeneity of individual returns

and the endogeneity of the individual schooling decision, are less informative for ed-

ucational policy devices. First, the fixed coefficient specification assumes that the

individual returns are identical for all individuals with the same educational degree.

Furthermore, they are identical across different subpopulations, e.g an employee

with a lower secondary degree could (ceteris paribus) expect as much income as an

employee with an upper secondary degree if he or she had graduated from upper

secondary school. More important, conventional return estimates do not provide any

information to what extent more education is causally responsible for more income.

This is because they summarize an overall effect of education on earnings which de-

pend on a self-selection process due to individual differences in benefits, preferences,

and costs of education that drive the schooling decision. In order to learn anything

regarding the impact of the quality and/or quantity of educational attainment on

individual earnings, which solely can be attributed to the educational attainment

and not to self-selectivity, causal returns to education have to be estimated. Based

on the potential outcome approach going back to Roy (1951) and Rubin (1974), the

research interest has been centered around estimating causal returns to education

which compare earnings of a worker with a given educational attainment to a coun-

terfactual situation, i.e. the worker’s earnings in case he had received a different

educational attainment.

This paper provides a selective survey of recent studies on the causal effects of ed-

ucation on earnings for Germany. Besides obvious differences considering the data

base used as well as the definition of the education variable, the studies differ in
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terms of the underlying assumptions that identify the causal effect, the estimation

method, and the type of causal effect estimated. We work out the methodological

differences between various studies and the consequences for the interpretation of

their empirical findings in Section 2. In Section 3 we discuss studies in the tradition

of the Becker-Mincer type of human capital earnings function which uses schooling

as a continuous dependent variable. The case of the causal impact of educational ca-

reer choices within the structured school system, where educational input (program

choice) is taken as a discrete treatment variable is presented in Section 4. Section 5

draws attention to further aspects of the impact of education on earnings including

the role of program and income risk, overeducation, and the impact of school quality

on earnings. Section 6 concludes and gives an outlook on future research.

2 Causal Returns

Although estimates of the returns to education generally rely on estimating a re-

lationship between an individual’s log earnings, ln Y , and a variable which proxies

the individual’s educational attainment, S, the underlying assumptions and the re-

sulting interpretation of the return estimates are rather different. To clarify these

differences, we will use the correlated random coefficient representation

ln Y = α + β S, (2.1)

which nests a number of different specifications. Here α and β represent random

variables correlated with observable and unobservable individual attributes (i.e. ex-

perience, gender, cognitive and noncognitive skills, preferences, costs of education

etc.). Although the earnings function is usually motivated by the reasoning of hu-

man capital theory, it can simply be taken as a hedonic price equation relating

educational attainment to the individual’s wage. If educational attainment S is

conventionally measured in terms of years of schooling1, the returns to education

are given by
∂ ln Y

∂S
= β ≈ ln Y |S=s+1 − ln Y |S=s. (2.2)

1Studies on the German school system usually use the number of school years required to obtain
the highest degree the individual holds.
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Thus, the return rate is heterogeneous and varies across individuals. The focus of

interest is no longer a single coefficient, but different moments of β. The mean

causal return rate E [β] (mean partial derivative) reflects the effect of education on

earnings in the sense of a laboratory experiment, because it denotes the expected

income increase that arises from an one year increase of educational training of an

individual that is randomly drawn from the population. In terms of the nomencla-

ture of the econometric evaluation literature, E [β] is nothing else but the average

treatment effect for the case of a continuous treatment variable. Due to the self-

selection, the expected return rates for individuals with different schooling levels

are different; E [β|S = s0] 6= E [β|S = s1]. Even without imposing nonlinearities

between log earnings and schooling, e.g. through polynomials in S, the return rates

vary across education levels.

The classical Mincer type of earnings function arises as a special case of (2.1) for

α = α0 + ε and β = β0:

ln Y = ln Y (S) = α0 + β0 S + ε, (2.3)

where α0 and β0 are fixed parameters. Note, that selfselection still generates het-

erogeneous return rates

ln Y (S = s + 1)− ln Y (S = s) = β0 + ε(S = s + 1)− ε(S = s), (2.4)

unless the correlation between the error term and schooling is ruled out by assump-

tion. Turning the argument around, if the individual heterogeneity represented here

solely by ε is uncorrelated with S, the return rate is constant across individuals -

a property that is empirically rather improbable. Only under this very restrictive

assumption, least squares estimation yields consistent return estimates that have

a causal interpretation. As a benchmark we present in Table 1 conventional least

squares estimates of the return rate for Germany based on different samples and

time periods.
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Table 1: Least Squares Return Estimates for Germany

β0 males/females year sample

Franz (2002) 0.072 m 84-93 GSOEP-West

Pischke & Krueger (1995) 0.075 m 88 GSOEP-West

0.071 m 88 DDR

0.082 f 88 GSOEP-West

0.085 f 88 DDR

Pischke & DiNardo (1997) 0.064-0.072 m+f 79, 85/6, 91/2 BIBB-IAB-West

Pfeiffer (1994) 0.058-0.085 m 84-89 GSOEP-West

Steiner & Lauer (2000) 0.08 m 84-97 GSOEP-West

0.10 f 84-97 GSOEP-West

Jochmann & Pohlmeier (2004) 0.061 m 01 GSOEP-West

GSOEP - German Socio-Economic Panel, BIBB-IAB - Survey on educational and vocational

attainment and career of the Bundesinstitut für berufliche Bildung and the Institut für

Arbeitsmarkt und Berufsforschung

The estimates are based on traditional specifications of the earnings function with

the number of school years as explanatory variable. If we assume that the attenu-

ation bias resulting from a mismeasurement of the educational attainment variable

is negligible and education is positively correlated with the error term, the least

squares estimates are upward biased estimates of β0. In fact, least squares consis-

tently estimates β0 + δ, where δ > 0 is the coefficient of the linear predictor of ε on

S. Under these conditions and the assumption of a deterministic β, the least squares

estimates can be regarded as an upper bound for the average causal return rate in

the model with a continuous schooling variable. In fact, a random β generates an

additional upward bias (see Card (2001) for a proof).

For a structured school system as the German one, treating educational attainment

as a continuous variable is not utterly convincing, even if educational attainment

can be measured without error. Although the conventional concept of capturing

educational attainment by the number of school years is closer to the idea of human

capital accumulation, it is hardly consistent with a structured school system, be-

cause it assumes that an educational attainment of a certain quantity is equivalent
4



for any school track, e.g. nine years at the lower secondary school (Hauptschule)

is of the same quality in terms of income expectations and career options as nine

years at a school leading to a medium or upper secondary school degree (Realschule

or Gymnasium). Thus differences in the quality of educational attainment are com-

pletely ignored. Observed differences in earnings between graduates from different

school tracks are also the result from differences in curriculae, educational back-

ground of teachers, school infrastructure, and peer groups. Therefore, in the case

of the structured school system, earnings differences between graduates from dif-

ferent school tracks should be interpreted as effects of rather different educational

programs where the duration of the program is just one distinguishing element.

The random coefficient specification (2.1) is also consistent with the potential out-

come approach, if the causal return of participating in an educational program is

to be evaluated in comparison to some reference program. Let ln Y0 be the poten-

tial earnings obtained from completing reference program (S = 0) and ln Y1 be the

potential earnings in the case of completing the alternative program successfully

(S = 1). Then observed earnings take on the form ln Y = S ln Y1 + (1 − S) ln Y0

with α ≡ ln Y0 and β ≡ ln Y1 − ln Y0. Regardless of defining the education variable

as a continuous treatment variable (years of schooling) or as a discrete treatment

indicator (dummy variable for school track) within a structured school system, it

is important to emphasize, that in the case of heterogeneous returns it is no longer

meaningful to refer to the causal effect, because different parameters of interest for

policy analysis can be defined.

Inherent to the estimation of causal effects within the potential outcome approach is

the problem of identifying the counterfactual evidence. The literature on economet-

ric evaluation offers a variety of strategies to overcome this identification problem,

each hinging on specific, untestable assumptions. The use and applicability of these

different methods is restricted in the way in which the causal effect of interest is

defined, assumptions about individual heterogeneity of treatment effects are made

and data are available. In the following we discuss briefly two popular identification

methods for the mean causal parameters: the method of instrumental variables or

control function approach, and the identification via ignorability assumptions. Both

strategies have been applied to estimate causal returns to education and causal pro-

gram effects for Germany.
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The formulation of the random coefficient specification in terms of a traditional

earnings function with fixed coefficients

ln Y = α0 + β0S + ω, (2.5)

with α0 ≡ E [α] and β0 ≡ E [β] , seems to call for a standard instrumental variables

(IV) approach, since the error term ω ≡ α − α0 + (β − β0)S is by construction

correlated with the regressor.

The IV approach, as well as control function methods, rest on the assumption that

there exist one ore more instruments which are correlated with the education vari-

able but uncorrelated with the error term. Since the instrument affects earnings

only indirectly via the education variable, the causal effects can be identified by the

variation of the instrument. Popular examples used in the literature are educational

degree of parents, number of siblings, or proximity to the educational institution.

Because correlation between instruments and unobserved ability cannot be ruled out

in many cases, the validity of the instruments has to be viewed critically. Since the

validity of the instruments is in principle untestable, empirical support can only be

obtained through external studies.

Which causal parameter is identified by IV estimation depends on the specific as-

sumptions about underlying heterogeneity. If the returns to education are the same

for all individuals, IV identifies and consistently estimates the average causal return

rate. In a heterogeneous response model, IV no longer guarantees to identify any

of the mean causal effects. Heckman (1997) shows that if unobservable factors, like

ability, drive educational choices and outcome, the average causal return to educa-

tion is only identified by imposing the restrictive assumption that selection is not

based on unobservable gains of the individuals.

On the other hand, the ignorability approach assumes that the researcher observes all

relevant variables influencing both the educational choice of the individuals and the

earnings outcome. Heckman & Robb (1986) classify this assumption as the selection

on observables assumption. It basically means, that once having controlled for all

observable factors that potentially drive schooling choice and earnings, individuals

select themselves randomly into the corresponding educational treatment. Conse-

quently, the estimation approaches relying on the ignorability condition require rich
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datasets from which the researcher is able to measure all relevant covariates. If,

conditional on the observed factors, there is additional unobserved heterogeneity in

the treatment effects, no causal parameter of interest can be identified. Therefore,

applications based on the ignorability approach when estimating causal effects of

schooling using standard socio-economic surveys such as the GSOEP or the BIBB-

IAB data, are subject to the critique that obvious factors determining schooling

choice such as intelligence (IQ) and measures for cognitive and non-cognitive skills,

if available at all, are rather crude and may not guarantee the ignorability assump-

tion to hold.

3 Causal Returns based on Continuous Schooling

Variables

By far, the majority of the studies estimating some causal concept of the returns to

education for Germany use a continuous measure of educational attainment. The

most frequently used is the number of school years required to obtain the highest

degree. Lauer & Steiner (2000) estimate the returns to education by IV-methods

for the fixed coefficient case. Instruments used are for example parental education,

occupational position of the father or, if the family lives in an urban or rural com-

munity. The results vary between 6.6% and 14.8% for the male population. Their

IV-estimates are rather sensitive to the instruments used, but they do not depart

much from least squares estimates. One explanation for this can be the existence of

weak instruments. In this case, IV estimates are biased towards the least squares

estimates (see for example Staiger & Stock (1997)).

Skarupke (2005) applies a Panel Random Effects IV approach by Hausman and

Taylor on the basis of GSOEP-West data for the years 1988-1998. The estimated

returns to education for males range between 12.29% and 15.38%, depending on the

specification of the earnings function and whether a balanced or unbalanced panel

is used. The endogeneity problem in this model arises because of the correlation

between the schooling variable and the individual random effect.
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Jochmann & Pohlmeier (2004) estimate the average return to education for an

earnings function with a continuous schooling variable under the assumption of

heterogeneous returns. The instruments used are upper secondary school density

(DENS ), number of siblings (SIB) and the unemployment rate at the time of grad-

uation (URG). All three types of instruments can be interpreted along with Card

(1995, 2001) as proxies for individual differences in the costs of schooling. As can be

seen from Table 2 below, the IV estimates for the average causal return to education

strongly depend on the choice of instruments. The average causal effect lies above

the traditional (not causally interpretable) return rate. Moreover, most of the in-

struments turn out to be weak (see for example Bound, Jaeger & Baker (1995)), but

alternative k-class estimators with superior small sample properties do not change

the results substantially.

Table 2: IV Return Estimates Using Different Instruments

Model LS IV-DENS IV-URG IV-SIB IV-ALL

SCHOOL 0.061 0.097 0.054 0.075 0.086

(0.003) (0.019) (0.070) (0.016) (0.013)

# Instruments 4 2 2 8

1. Stage F-Test 10.52 1.38 26.52 11.46

Source: Jochmann & Pohlmeier (2004), p. 16,

standard errors in parenthesis, GSOEP-West 2001, n=1711

However, as was pointed out in the previous section, under heterogenous returns IV

estimation does no longer guarantee to identify the mean causal return to eduction.

Based on a simple structural model of educational choice leading to the random co-

efficient specification, Card (2001) shows that the identification of the mean causal

effects is only possible under strong distributional assumptions (e.g. independence

of marginal benefits and marginal costs of schooling). Since in his model the random

coefficient beta basically represents unobserved differences in the marginal benefits

of schooling, variables which are correlated with the marginal costs of education,

but are independent of the marginal benefits, can serve as valid instruments. Pro-

posed instruments in the literature for example are local proximity to college or the

regional unemployment rate at the time of graduation. as well as participation and

non-participation in educational reforms, which are assumed to have influenced the
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educational choice.2

Another approach is followed by Heckman & Vytlacil (1998), who assume a cor-

related random coefficient model and apply it to Card’s model of schooling. The

crucial assumptions are that the treatment variable is continuous, and the unob-

served interaction between schooling and the individual return to education does

not depend on the instruments. Wooldridge (2000) relaxes this assumption in order

to allow for discrete treatments at the expense of additional parametric assumptions.

On the basis of GSOEP data, Schnabel & Schnabel (2002) present estimates of the

mean causal return rate within the correlated random coefficient framework based on

a control function approach. In order to account for unobserved heterogeneity within

a family, they construct a siblings sample and apply family fixed effects and family

correlated random-effects estimation. Since the siblings sample contains foremost

young persons, their return estimates are relatively low compared to conventional

estimates based on full samples. The main result, however, is that the returns to

education depend significantly on factors like family background or gender. There-

fore they conclude that policies attempting to equalize educational opportunities

remain an important task, since individuals whose parents have a high educational

degree tend to have lower returns to schooling and higher wages than persons with

less-educated parents.

Wooldridge (2004) identifies the average causal effect in a correlated random co-

efficient framework under ignorability conditions. Following his approach, Maier,

Pfeiffer & Pohlmeier (2004) estimate a mean causal return rate of 8.7% based on a

cross-section of the BIBB-IAB data for German workers. Although their estimation

approach relies on rather different identifying assumptions, the estimates are sur-

prisingly close to the standard IV-estimates.

While identification of the average return to education under individual hetero-

geneity by means of instrumental variables requires strong assumptions, Imbens &

Angrist (1994) and Angrist, Imbens & Rubin (1996) show that IV estimation can

be meaningful in the presence of individual heterogeneity despite of a potential cor-

relation between the error and the instrument. Under fairly weak assumptions, IV

2See for example Pischke & Von Wachter (2005) for the impact of compulsory schooling in
Germany.
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identifies with the Local Average Treatment Effect (LATE) an interpretable causal

effect:

∆LATE = E [β|S(Z = 1)− S(Z = 0) = 1]

=
E [ln Y |Z = 1]− E [ln Y |Z = 0]

E [S|Z = 1]− E [S|Z = 0]
,

(3.1)

where Z represents a binary instrument and S(Z = j), j = 0, 1 is the schooling vari-

able as a function of Z. In addition to the exclusion restriction, identification of the

LATE requires a monotonicity condition with respect to the effect of the instrument

on the treatment. ∆LATE measures the average causal effect for those individuals

who change their treatment status due to a variation in the instrumental variable.

Since in the presence of unobserved heterogeneity the estimation of the average

causal return can only be targeted under restrictive assumptions, IV estimates should

be more conservatively interpreted as estimates of the LATE. Ichino and Winter-

Ebmer (1999, 2004) present estimates of the LATE for Germany using different in-

struments. On the basis of the LATE-interpretation and two instruments (parental

educational background and an indicator of father’s serving in the military during

World War II) Ichino & Winter-Ebmer (1999) estimate upper and lower bounds for

the returns to education in Germany. The lower bound is obtained by estimating

the LATE for those individuals who change their human capital investments due

to a change in the parental educational background, since it is assumed that this

instrument affects less able children from poor families. The second instrument mea-

suring the fact of father’s serving in the military during World War II, is likely to

affect highly able but liquidity constrained individuals. The corresponding LATE

estimate can therefore be regarded as an upper bound of the individual returns to

schooling. The estimated interval for the average causal return to schooling ranges

between 4.8% and 11.7%. Since both instruments could affect other individuals

with low or high returns to schooling than the previously discussed groups, the es-

timated range is very conservative. Nevertheless, it can be seen as further evidence

for heterogenous returns to education in Germany. Ichino & Winter-Ebmer (2004)

estimate the average return to education for those individuals who had to reduce

their educational investments in human capital due to World War II. As instruments

they use a 1930-1939 birth cohort indicator, an indicator of father’s serving in the

military during World War II and an indicator for high school education of the fa-

ther. Depending on the instruments being used, the estimated returns to education
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range between 9.4% and 16.2%. These returns are interpreted as measures for the

long-run educational costs of the war.

One of the problems estimating the LATE is that the parameter refers to a hypo-

thetical population, namely the compliers, which cannot be identified on the basis

of observational data. With the help of an additional assumption however, informa-

tion can be obtained with respect to the target population of the LATE parameter.

Thereby, it is assumed that the returns to education are constant for certain sub-

groups in the population. Based on this discrete heterogeneity assumption, Becker

& Siebern-Thomas (2001) replicate a study of Kling (2001) for the German case. By

means of observable factors describing the parental background, they identify the

population subgroup which reacts strongest to a variation of the instrument (proxy

for school infrastructure). Their results lead to the conclusion that subpopulations

with a poor family background and therefore high credit constraints especially drive

the estimator. Besides the limited identifiability of the target population, an addi-

tional drawback arises from the fact that LATE-estimates are only interpretable in

the case of one discrete instrument. The use of more than one instrument does not

lead to a straightforward interpretation, since other instruments would have to be

held fixed. Nevertheless, the LATE-interpretation is used to explain the tendency of

higher IV-estimates compared to LS-estimates. Card (2001) favors the hypothesis

that instruments which constitute interventions on the supply side of human capi-

tal, have an impact especially on less educated individuals. It is thereby assumed,

that the corresponding persons face high marginal costs but at the same time have

higher returns to education than the average. For Germany, the same interpreta-

tion is followed by Becker & Siebern-Thomas (2001). The range of the IV-estimates

(9.2%-13.8%) clearly exceeds the corresponding range of their LS-estimates (6.6%-

6.7%).

4 Causal Program Returns

The basic setup for measuring causal treatment effects is the potential outcome

model. Applying this model to a discrete education indicator, let ln Yj be the po-

tential outcome under treatment status j, where j ∈ S. In the context of multiple

treatments let S = {0, 1, 2, ..., m} be the set of indices for the corresponding treat-

ment regimes. S ∈ S is a random variable indicating the treatment level received.

11



The actually observed outcome is ln Y = ln YS.

The average causal return to education of a higher degree l compared to a lower

degree m is defined as:

∆l,m
ATE = E [ln Yl − ln Ym] . (4.1)

Obviously, in this definition a natural ordering (e.g. m and l are sequential pro-

grams) is assumed. Alternatively, we may interpret (4.1) as the expected income

difference between program choices. This parameter measures the average causal ef-

fect of schooling degree l compared to m on the outcome of an individual randomly

chosen from the population. In the evaluation literature this parameter is defined

as the Average Treatment Effect (ATE).

A further parameter of interest for the evaluation of educational policies is the

Average Treatment Effect on the Treated (TT):

∆l,m
TT = E [ln Yl − ln Ym|S = l] . (4.2)

This parameter represents the average causal effect of schooling degree l on the par-

ticipants with school degree l, compared to the outcome which would arise if they

obtained school degree m. If, for example, l represents upper secondary schooling

and m stands for technical school, then ∆l,m
TT measures the return to education of

the 13th school year for the individuals attending the upper secondary school.

Alternatively, we can define the Treatment Effect on the Untreated as

∆l,m
TUT = E [ln Yl − ln Ym|S = m] . (4.3)

Referring to the example from above, ∆l,m
TUT measures the expected rise in earnings

for employees with a technical school degree, if they had completed a 13th year of

schooling. Therefore, ∆l,m
TT measures the average success on the labor market for

those who participated in an educational program and ∆l,m
ATE measures the success

on the labor market as an average across participants and nonparticipants. Finally,

∆l,m
TUT gives information about the success of the nonparticipants, if they had been

forced to participate in an educational treatment. Comparing the three causal pa-

rameters may reveal useful information for policy analysis. Heckman & Li (2003) for

example refer to the difference between ∆l,m
TT and ∆l,m

ATE as to the ”sorting gain”. Let
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the treatment be upper secondary schooling (l) compared to intermediate schooling

(m). A positive sorting gain would indicate that persons with higher ability are

allocated to the appropriate educational institution. On the other hand, a negative

sorting gain indicates that there may be individuals at the intermediate secondary

level who should attend upper secondary school according to their abilities.

Furthermore, in combination with the LATE, the mean causal effects give informa-

tion on whether a policy targets the right individuals. For example, if the instrument

is an educational treatment like tuition fees, which induce some individuals to revise

their decision to attain a university degree, ∆l,m
LATE measures the return to education

of this population subgroup. A comparison between ∆l,m
TT and ∆l,m

LATE gives infor-

mation about the direction of the selection effect. For ∆l,m
TT > ∆l,m

LATE the reform

can be viewed as successful, because it has motivated more productive individuals

to continue attending the university.

The ignorability approach identifies the mean causal effects according to the follow-

ing conditional independence assumption (CIA):

(Yl, Ym)⊥S|{X = x, S = m, l}, ∀x ∈ X , ∀m, l ∈ S (4.4)

0 < Pr [S = l |X = x ] < 1, ∀x ∈ X , l ∈ S (4.5)

where X is a vector of observable covariates with outcome space X and ⊥ denotes

’independence’.3 Condition (4.5) requires a common support. The CIA basically

means, that given certain covariates X, schooling choice is ignorable. As a conse-

quence, conditional on the observed covariates, the ATE, TT and the TUT defined

above are the same. They differ only in the way the distribution of the observable

factors differs across the population subgroups of interest.

The estimation methods based on the ignorability condition differ with respect to

the parametric assumptions about the earnings equation. The simple regression

approach (including all covariates as additional controls) constitutes a parametric

variant. On the other hand, matching methods do not require parametric assump-

tions about the relation between the education variable and the outcome of interest,

3One could weaken the assumptions even more by restricting the conditional independence to
hold only for certain moments. An example would be the widely used conditional mean indepen-
dence assumption. However, it is often difficult to argue from a theoretical point of view why mean
independence should hold and the CIA not. See Lechner (2001).
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and therefore constitute an example for a nonparametric estimation approach. For

an overview of these methods see Imbens (2004).

Due to data limitations, the number of studies using the ignorability assumption to

estimate causal educational program effects is rather negligible. A notable example

is the study by Blundell, Dearden & Sianesi (2005) for the United Kingdom using

matching methods. Mainly for illustrative purposes, we also invoke the ignorability

assumption and estimate average causal returns to schooling by matching methods

using the 2001 wave of the GSOEP. In our sample we include all German men which

are full-time employed and live in West-Germany. Apart from the standard covari-

ates on the socio-economic background, additional variables indicating the individ-

ual’s activeness in music and sports have been added to proxy individual motivation

and therefore to account for unobserved noncognitive skills. The treatment variable

consists of three different categories, reflecting the special institutional setting of

the German school system. The treatment variable is defined as the highest school

degree obtained by the individual: secondary school, intermediate/ technical school,

and upper secondary school. The ATE, TT and TUT are estimated for each binary

combination of treatment categories (Table 3 below).

Table 3: Average Causal Returns for the German School Tracks

compared school tracks ∆TUT ∆ATE ∆TT

second./upper second. .061 (.013) .068 (.011) .080 (.015)

second./interm. .076 (.034) .094 (.023) .114 (.026)

interm./upper sec. .065 (.016) .061 (.013) .057 (.018)

Source: Own computations, estimation by NN-matching,

standard errors in parenthesis, n=1054

For the first two educational treatment variables, the TT is larger than the ATE,

which gives rise to the conclusion that individuals are allocated to the appropriate

institutions according to their abilities. Surprisingly, for the third pair of compar-

ison (interm./upper sec.), we find that the average treatment effect is larger than

the treatment effect on the treated. This indicates that the selection of students in

the two groups is inefficient. A random selection of students having at least a sec-

ondary degree in the last three years of the Gymnasium would yield higher returns

to schooling. Because the TT is lower than the ATE for the third treatment variable
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(intermediate vs. upper secondary school), there are workers with intermediate de-

gree and high potential who would have gained more by attending upper secondary

school. At any rate, this finding does not contradict the critics of selection into

the school tracks after the fourth grade, raising doubts about the suitability of the

selection process at this early stage of the educational career.

While the standard IV approach generally does not identify average causal effects

when returns to education are heterogeneous, the control function approach pro-

vides a solution without the need of imposing unrealistic assumptions about the

individual schooling choice. A drawback of the control function approach is that an

equation for the educational choice has to be specified. Based on the parameters

of the choice equation, control functions are estimated and added as control vari-

ables to the outcome equation. The probably most prominent example for a control

function approach is Heckman’s (1979) two stage estimator (’Heckit’), which heavily

depends on parametric assumptions. Modern control function approaches attempt

to relax the assumptions on the functional form of the control function and use semi-

parametric selection models (see Powell (1994) for a survey). A serious problem of

control function estimators remains the choice of appropriate instruments to achieve

identification. A valid instrument has to enter the selection equation but not the

earnings function. For most of the variables used in the literature, the choice of such

an exclusion restriction is as hard as the search for valid instruments in the standard

IV framework. In many cases, it can be convincingly argued that the instrument

used in the selection equation can also serve as an explanatory variable for individual

earnings.

Recently, the Local Instrumental Variable (LIV) approach has been introduced as

a new variant to estimate the ATE, TT and TUT in a nonparametric selection

model by Heckman & Vytlacil (2005a, 2005b). Interestingly, Vytlacil (2002) shows

the equivalence between imposing a nonparametric version of the standard selection

model and the LATE assumptions imposed by Imbens & Angrist (1994). By means

of the LIV method, it is possible to estimate the marginal treatment effect (MTE),

which measures the mean return for the individuals who are indifferent between two

treatment regimes. It can be shown that all treatment parameters, matching esti-

mators, and IV-estimators can be written as weighted averages of the MTE. Maier

(2004) applies the LIV-method to estimate the effect of a university degree on wages

compared to vocational training. The unemployment rate at the year of graduation
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serves as the identifying instrument. His estimates for the program returns are:

∆TUT = .564, ∆ATE = .569 and ∆TT = .640. Although there seems to be a positive

sorting gain (∆TT > ∆ATE), the difference turns out to be insignificant.

5 Some Neglected Issues

5.1 Overqualification

Overeducation can be defined as the part of a worker’s overall educational attain-

ment that is not required to perform the current job. In this sense, the returns to

overeducation shed light on the efficient use of education and skilled labor. Obvi-

ously, overeducation, as a fuzzy concept, is difficult to measure. In the literature, a

range of subjective and objective measures for overeducation have been proposed.

Subjective measures are more or less based on the worker’s self-assessment of the

skills required for his current position compared to his own educational attainment.

Objective measures usually relate the legally required education for a worker’s cur-

rent position to the actual level of education. If available, combinations of the two

extreme concepts are conceivable and require that both a subjective and an objec-

tive criterion have to be satisfied to define a worker as being overqualified. Based on

25 econometric studies, Groot & van den Brink (2000) show in their meta-analysis

that the estimates of (noncausal) returns to overeducation is rather sensitive to the

measurement concept. However, in general they find broad international evidence

that the returns to overeducation are considerably lower than the returns to required

schooling.

To our knowledge, the studies by Jochmann & Pohlmeier (2003) and Maier, Pfeiffer

& Pohlmeier (2003) are the only studies explicitly focussing on the causal effects of

overeducation. While the former study treats overeducation as a binary event within

a Bayesian evaluation framework, the latter study is based on a random coefficient

earnings function for specific skill groups where schooling additional to the required

schooling serves as the continuous treatment variable. Table 4 below contains the

estimation results for male fulltime employed German workers (BIBB-IAB, 1998/99

sample) based on the unconfoundedness approach proposed by Wooldridge (2002,

2004).
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Table 4: Causal Returns to Overeducation

Skill Group E [β]

Unskilled .049 (1.18)

Vocational training .082 (23.25)

Foreman, sen. craftsman .061 (12.58)

University graduates .237 (7.66)

Source: Maier et al. (2003). p.144, t-values

in parenthesis, trimmed observations

For the group of skilled and high skilled workers, they find no evidence that the

average causal returns to overeducation are lower than the average causal returns

to required education. This somewhat stands in contrast to the evidence found

for the majority of traditional studies. Therefore they conclude that overeducation

should be viewed as a rational investment strategy, especially by a large part of the

group of skilled workers. Only for the group of unskilled workers do the average

returns to overeducation turn out to be very low. However, Maier et al. (2003) find

considerable heterogeneity in the returns to overeducation, as well as in the returns

to required education.

5.2 Income Risk and Program Risk

Heterogeneity and self-selectivity also have serious implications for the assessment

of the quality of educational policies beyond the econometric problem of identifying

causal mean returns. Focussing only on mean returns ignores that the quality of

educational policies also depends on the riskiness of the educational programs sup-

plied, i.e. on V [β], the variance of the causal return effect. If policy makers are risk

averse, they should also be concerned about the risk of an educational program. In

order to estimate the program risk, additional identifying assumptions are required.

For the case of a comparison of two educational programs (binary treatment model)

the information on the covariance between α and β is equivalent to information on

the correlation between the potential outcomes Y0 and Y1.

V [ln Y1 − ln Y0] = V [ln Y1]− V [ln Y0]− 2 Cov [α, β] . (5.1)

Pohlmeier & Flossmann (2005) point out that the term V [ln Y1] − V [ln Y0] is a

causal measure of the residual earnings inequality which can be estimated without
17



additional identifying assumptions other than those used for the estimation of the

mean causal returns. Hence the residual earnings inequality

V [ln Y1 − ln Y0] ≥ V [ln Y1]− V [ln Y0] (5.2)

can serve as an informative lower bound for the program risk if V [ln Y1]−V [ln Y0] >

0. However, it is important to note, that causal mean and variance effects are ex-

post measures based of the random variable earnings (i.e. more precisely on the

realization of this random variable). Thus the variance effect captures both in-

dividual income variation resulting from individual heterogeneity unknown to the

econometrician, but known to the individual, income risk due to risk concerning the

educational program (failure risk, matching risk of choosing the appropriate pro-

gram etc.), and income risk due to the labor market conditions (e.g. macro shocks).

Surprisingly, the aspect that educational choice is also based on risk evaluations and

the trade-off between risk and return has been tackled only in a few studies. Notable

exceptions are the papers by Belzil & Hansen (2002) and Hogan & Walker (2001),

who model the individual schooling decision as a dynamic programming decision

under uncertainty. Hartog & Serano (2002) estimate the impact of income risk on

the education decision on the basis of a static expected utility maximization calcu-

lus. They find out that income risk is a non-negligible determinant of the schooling

decision. Heckman, Lochner & Todd (2003) compute the internal return rate of ed-

ucation taking into account income risk about the future income stream. Using US

Census data (1940-1990), they find that the internal rate decreases substantially if

one accounts for income risk. However, none of the studies mentioned above tries to

combine the idea of the potential outcome approach with the aspect of educational

choice under uncertainty.

5.3 School Quality and Returns to Education

Causal return estimates are helpful to discriminate between successful and less suc-

cessful programs. In particular, a comparison of the mean causal returns with the

mean causal returns for the treated and the untreated may yield valuable informa-

tion on how well students are selected into different educational programs. From

an educational economics point of view, however, causal return estimates are only

of limited value, because they do not provide any specific information on whether

educational programs are to be (re-)designed to improve the students’ labor mar-
18



ket prospects. For the improvement of the design of educational programs, it is

therefore of greater importance to investigate how certain aspects of educational

programs (e.g. expenditures per student, class size, student-teacher ratio, enumera-

tion of teachers, assessment test for applicants) have an effect on the labor market

performance in later years.

For the US, Card and Krueger (1992, 1996) provide supporting empirical evidence

for a positive link between school quality and subsequent earnings.4 For various

methodological reasons, their results were questioned by a number of studies in-

cluding Betts (1995), Heckman, Layne-Farrar & Todd (1996) as well as Hanushek,

Rivkin & Taylor (1996). Using data for West Germany, Baumgartner (2004) in-

vestigates the impact of class size on early career earnings and finds no significant

empirical evidence for this relationship.

Similar to the case of the return estimates, the problem of heterogeneity and self-

selectivity arises here, too, such that good scholars are more likely to attend good

schools. Hence, it is impossible to infer that the above average performance/earnings

of a worker educated at a ’good’ school is causally related to the higher quality of the

educational input. It may rather be the result of a self-selection process. Whether

the selectivity problem is severe for the case of Germany is at least doubtful, because

the dominating public school system guarantees fairly equal standards in terms of

the schools’ endowments. However, the low variation across observational units in

Germany is likely to aggravate the problem of finding significant empirical support

for a positive link between quality and earnings. Nevertheless, an analysis on the

causal link between the quality of educational attainment and individual labor mar-

ket success on large scale micro-data would nicely complement studies on the link

between school quality and the outcomes of learning (e.g. based on the PISA or

TIMSS data).

4See also Brewer & Ehrenberg (1999), Dale & Krueger (2002), Light & Strayer (2000) and the
survey by Brewer & Ehrenberg (1996).
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6 Conclusion

This paper surveys the empirical evidence on causal effects of education on earnings

for Germany and compares alternative studies in the light of their underlying identi-

fying assumptions. We point out, that given these assumptions, the various studies

estimate rather different causal effects. But despite the substantial methodological

differences, we have to conclude that the findings are quite robust and do not de-

viate substantially from each other. This also holds for the few studies which rely

on ignorability conditions, regardless whether they use educational attainment as a

continuous treatment variable or as a discrete treatment indicator. The classical IV

estimates are somewhat less robust compared to the results obtained by the con-

trol function and ignorability approaches, and are sensitive to the instrument chosen.

Studies which additionally estimate the causal returns for the treated and the un-

treated indicate that the selection gain for graduates of the upper secondary school

level is not significantly different from zero, if compared to the earnings of workers

with intermediate secondary schooling. This at least raises some doubts about the

effectiveness of the selection process at the early stage of the educational career.

In this survey we restricted ourselves to the estimation of the mean causal returns

to education that have been estimated for Germany. However, in order to use the

potential outcome approach for educational policy analysis, information beyond the

mean effects of a treatment is often required. For example, the policy maker could

be interested in the extent of variation of a certain educational treatment effect,

or in the proportion of individuals who gain from schooling. Methods which try to

estimate evaluation parameters beyond the mean treatment effects are discussed, for

example, by Heckman, Smith & Clements (1997), Chib and Hamilton (2000, 2002),

and Carneiro, Hansen & Heckman (2003).

Although the econometric evaluation literature offers a variety of sophisticated meth-

ods for the estimation of causal effects on the basis of non-experimental data, at the

end, the choice and applicability of these estimators depend on the available data.

In Germany, the information in the data is limited, if not marginal, for the purpose

of estimating causal returns to education. In the future, a lot more effort should

be taken in collecting appropriate and rich data sets, especially regarding the mea-

surement of cognitive and non-cognitive skills, in order to give valid answers for
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questions in educational policy analysis.
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