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Abstract
In this paper, I evaluate potential side effects of the educational expansion in Germany on the
learning outcomes of today’s students. The educational expansion was a demand shock in
the labor market of teachers, which could have thus encouraged individuals with different
teaching abilities to eventually become teachers. I find that replacing a non-affected teacher
with an educational expansion teacher leads to a 2 percent reduction in students’ test scores.
Explorative analyses suggests that these teachers are more extrinsically rather than intrinsically motivated. The results highlight that monitoring and investing in quality is important
for future extensions of public institutions.
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Introduction

In recent years, the view that has ultimately prevailed is that education throughout the
life course is important for acquiring skills that are decisive for, but not exclusively confined to, the labor market (Heckman et al., 2010; Chetty et al., 2011; Zimmerman, 2014;
Kamhöfer et al., 2017). Teachers have a key role in creating environments and incentives
for students to acquire these important skills, typically referred to in economics as the
acquisition of human capital (Hanushek, 1971; Hanushek and Rivkin, 2006; Chetty et al.,
2014a). Because of this key role, it is important to look at the leverage of educational
policy on attracting high-quality teachers. If, for example, relatively less suitable individuals take up the teaching profession in response to changes of institutional arrangements, they could have a negative impact on the performance of their students. As all
teachers educate generations of pupils over the course of their career, teachers can have
a highly persistent impact on the skill acquisition of these pupils. Evidence from recent
studies advocates such a persistent impact of teachers since resulting skill differentials at
school may well spill over to later life by, for instance, affecting labor market performance
(Chetty et al., 2014b).
In Germany, as in most industrialized societies, in the second half of the past century,
educational policies were at the core of government institutional reforms. The goal was
to increase access in particular to higher secondary education, namely the intermediate
track (Realschule) and the academic track (Gymnasium), relative to the then-dominant
basic track.1 The quantitative expansion of both tracks was substantial even in relative
terms: whereas only 20 percent of all pupils went to either one of both tracks in the
1960s, this share had doubled by the end of the 1980s. This tremendous increase led to an
upsurge in the demand for teachers.2 Due to the educational expansion, roughly 150,000
new positions as teachers were created. These positions could not even theoretically be
filled with basic track teachers, as these positions required more formal training.3
Did the implementation of this quantitative expansion lead to a diminishing quality of
teachers? If, at any time, only the most motivated and able individuals took up the profession, an unanticipated and unprecedented increase in the demand for teachers could
have encouraged less motivated and able individuals to eventually become teachers. The
educational expansion is not only important because it created a demand-side variation
in the labor market for teachers, it also captures a highly policy-relevant effect. Many of
1 At

the same time, comprehensive schools (Gesamtschulen) were introduced. This school track, however, only played a minor role.
2 Because of a coinciding reduced student-teacher ratio, the demand for teachers was even higher than
the increase in student numbers.
3 In addition, the overall number of students in secondary education mechanically increased due to the
changing track composition (academic track required four more years of schooling; the intermediate track,
one year).
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today’s policies are often targeted at expanding public institutions like, for instance, the
recent extension of the daycare sector and – potentially – of the future formal long-term
care sector in Germany. These expansions exhibit characteristics that are similar to the
educational expansion in the 1970s and ’80s. Hence, knowledge about the past expansion
is informative about how to efficiently implement new ones in the future.
The literature on teacher selection and its effects on student performance initially focused
on identifying determinants of teacher selection. There is a large strand of literature that
looks at the role of wage differentials between teachers’ and the outside labor market (see,
for instance, Britton and Propper, 2016, Loeb and Page, 2000, and Figlio, 1997, among
others). Nagler et al. (2015) examine the consequences of business cycle-induced teacher
selection on students’ test scores. These studies find that a larger wage-differential leads
to a diminishing teacher quality. Beyond wages, there are also further characteristics of
the labor market of teachers subject to some studies. For instance, Lakdawalla (2001)
determines the role of technological change and Bacolod (2007) considers the soared acceptance of female teachers. These studies likewise detect that teachers react to changed
external incentives. Chetty et al. (2014b) go one step back by identifying the general impact of teachers on the human capital acquisition of their students. They uncover that
replacing an average teacher with a teacher from the 5% quantile of the distribution of
teacher quality raises the net present value of their lifetime earnings of the affected students by $250,000 per classroom.
I contribute to the literature on teacher selection and its effects on student performance
mainly in two ways. First, this is the first study to specifically assess the consequences
of one particular and major social change of the last 60 years – the educational expansion
– not on those who are taught4 but rather on those who teach. Insights into teachers are
important since they are under a more direct control of policymakers who could then
apply these insights to modifying the hiring process of teachers. Second, I am able to
provide evidence on a much more homogeneous group of high-skilled pupils who attend
the academic track in Germany. This is in contrast to the existing literature that looked
primarily at the comprehensive school system of the US or the UK.
To substantiate the exact specification of the educational expansion rate and the subsequent interpretation of the effects, I employ a simple theoretical framework of how
marginal teachers affect the average quality of all teachers of a certain cohort. This model
corroborates using relative changes in the stock of teachers in the federal state and year
of the high school graduation as the educational expansion rate. This rate proxies the
conditions of the teachers’ labor market (and coinciding career incentives for those who
are encouraged to become teachers). Subsequently, this proxy is related to the test scores
4 Studies that focus on students comprise Siegler (2012) and Kamhöfer et al. (2017) for tertiary education,

as well as Jürges et al. (2011) for secondary education.
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of students instructed by a teacher decades later. By using these changes within German
federal states that control and legislate the educational system within their borders, I am
able to isolate the overall effects from a wide range of other effects. These confounding
effects may arise because of unobserved third factors, for example, effects that go along
with teachers’ general experience or, more importantly, potential persistent differences
in the quality of the educational system of the federal state. Concerning the former, for
instance, the students’ performance is measured decades later, long after the educational
expansion was complete. Hence, I can disentangle the effects of the educational expansion that operates through teachers from the repercussions on students. Furthermore, I
use a between-subjects difference-in-differences model to address the concern that good
teachers may want to teach at good schools with better students. In the absence of any
spillover effects, estimates of the cross-subject teacher environment on student test score
relations (math teacher, reading scores and German teacher, math scores) identify confounding school selection effects, which can then be differenced out from the same-subject
effects. If this teacher skill differential of educational expansion teachers is indeed driving
the effect, I would expect this skill differential to also be reflected in some observed characteristics, such as subjectively assessed measures on intrinsic and extrinsic motivation.
To summarize the results, I find that students taught by teachers who witnessed an expanding teacher force in their federal state just after high school graduation score less in
math and reading competence tests. By decomposing the effect into a component that is
due to school selection (correlation between good teachers and initially good students)
and a direct effect on test scores, I find that a significant share of the overall effect can be
attributed to the direct effect of teachers on students. Teachers who graduated from high
school in an average expansion year reduce the test scores of their students by 2 percent
of an unconditional standard deviation (sd) relative to teachers that graduated in years
with no expansion. The magnitude of the effect is comparable to related studies and is
non-negligible. In providing an explanation for the identified test score differential, I look
at the reported grade of the teachers’ high school exit exam (Abitur) and examine further
subjective measures of job choice and work ethic. I find that the educational expansion
rate weakly predicts the academic achievement of teachers. In addition, educational expansion teachers are more extrinsically rather than intrinsically motivated.
The results have at least two important implications. First, as the policymaker certainly
has more leverage in hiring good teachers than on directly influencing students or their
family background, the conclusions of this paper are important for shaping future policies. Connected to this, the second implication concerns today’s and future expansions
of public institutions in general, which become increasingly necessary in changing societies. Given the results of this paper, it seems crucial to not only invest in quantitative
aspects, such as increasing the scope of arguably beneficial public institutions. Qualitative aspects are an important margin to invest in when implementing the expansion of
3

these institutions. The substantial ongoing extension of daycare facilities (day nurseries
and preschools) serves as a prime example. Since the educational expansion is paralleled by this expansion of daycare facilities, the results of this paper can rather easily be
extrapolated to this setting.
The remainder of the paper is structured as follows: Section 2 sets out the institutional
background of the educational expansion in general and the teacher market in particular. Section 3 presents the empirical strategy that aims at estimating causal effects. Subsequently, a small theoretical mechanism is introduced that justifies the specification of
the educational expansion rate and facilitates the interpretation of the results. Section
4 presents the data. Section 5 shows the main results of students’ learning outcomes,
assesses its robustness and presents supporting evidence on the characteristics of educational expansion teachers. Finally, Section 6 concludes.

2

The educational expansion and the market for teachers
in Germany

In Germany, at least three things changed the notion of the scope of higher education, all
of which took place roughly within 15 years. First, the view ultimately prevailed that education was key for social participation as a citizen, which served as a powerful intellectual
and publicly influential argument to promote education (Dahrendorf, 1965). Second, as a
consequence of its increased role internationally, reports of the OECD showed that Germany’s system was internationally underdeveloped. This had, not least because of an
influential book (Picht, 1965, which based on arguments set out in Picht, 1964), a huge
impact on public opinion. The new and changed notion of education was reflected by
the Social Democratic Party (SPD) making it the cornerstone of their new programmatic
orientation: education policy was granted federal political importance by a party whose
clientele traditionally came from educationally deprived strata (Osterroth and Schuster,
2000). Third, because of the Sputnik crisis in 1957, Western societies realized that they
were trailing behind the Soviet Union. Opening higher secondary and tertiary education for a broader population was identified as being important for closing this gap in
the long run. All these developments led to changes mainly in the supply of education,
which shifted the composition of the students in terms of their field of study from public
institutions traditionally being the most important employer of university graduates toward newly created jobs in engineering, administration, and the business sector (see, for
example, Lundgreen and Schallmann, 2013).
The educational expansion also substantially affected secondary schools. This is visible
in Figure 1a, where the share of pupils in the intermediate and academic track is plotted
4
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over time. The increased number of pupils required more teachers, also because shifts in
the track composition led to a mechanical increase in the average years of schooling (the
intermediate track had one more year of schooling, the academic track four years more).
Figure 1b illustrates the upsurge in teacher positions in higher secondary education over
time: within 20 years, 150,000 additional teacher positions were created. The long-term
repercussions of these new teachers are the subject of this paper. This requires looking
at the dynamics that took place simultaneously, concerning, among others, teacher remuneration and the education of teachers in Germany. The current process of teacher
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Figure 1: Impact of the German educational expansion
Source: Köhler and Lundgreen (2015)

training in Germany was implemented in 1917 for academic track teachers and was extended to include all teachers at primary and secondary schools up until 1970 (Köhler
and Lundgreen, 2015). This process is called the "academization of the teaching profession" (Bölling, 1983; Köhler and Lundgreen, 2015). The training of all teachers from at
least 1970 onward is set up as a two-stage process. All high school graduates with an
academic track education (Abitur) are in principle eligible to be trained as teachers. Initially, teachers are educated at a university, commonly graduate in two specific subjects
(Erstes Staatsexamen) and start a more education-specific vocational training at a certain
school. After graduation from university – which takes 4.5 years – teachers graduate a
second time (Zweites Staatsexamen) – which takes an additional 1-2 years – where teaching skills are tested. At the same time, there were also some changes in how teachers were
remunerated. For example, one consequence of the academization was an increase in the
salary level of teachers (Bölling, 1983). In addition, the teacher salary was leveled up to
reduce the excess demand of teachers and to match their salary to wages in professions
that required a similar qualification level. This, however, was largely completed before
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1970 (Bölling, 1983; Köhler and Lundgreen, 2015) and therefore does not interfere with
the study period (from 1970 onward).

3
3.1

Empirical strategy and theoretical mechanism
Empirical strategy

The aim is to compare "educational expansion" teachers (EETs) with teachers who were
not influenced by the educational expansion. I consider EETs as being individuals who
started their teacher training and education during the massive demand increase that occurred during the educational expansion. On average, these teachers may differ because
of some marginal teachers. These marginal teachers are a subset of all EETs and only
took up the teaching profession because of changed career incentives (Ashraf et al., 2014).
For instance, an awareness of the possibility of eventually becoming a teacher may have
surged. If the educational expansion occurred in certain years and not in others, I could
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Figure 2: Illustration of the fixed effects setup

simply compare EETs with teachers who started their education after or before the educational expansion. The time scale at the bottom of Figure 2 illustrates this hypothetical
clear temporal demarcation. However, the time of the educational expansion cannot be
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clearly defined. Yet, it can be exploited that the federal states in Germany have discretion over when, where, and to which extent to increase the capacity of the (secondary)
educational system. Additionally, federal states decide on the curriculum in schools and
in teacher training. Because of this institutional peculiarity, the mobility of teachers between federal states is low (Table A2 shows that nearly three quarters of teachers stay in
the federal state where they graduated from high school). Consequently, I use the relative expansion of the teacher force at the federal state level to capture the part of the
educational expansion that affected the job prospects of future teachers.
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Notes: the time-series are residuals from a population-weighted regression of the stock of teachers on federal state and year
fixed-effects. The data are based on administrative records and taken from Köhler and Lundgreen (2015).

This relative change in the stock of teachers over time and by federal state is depicted
in Figure 3. In this graph, the differences in the timing as well as in the intensity with
which the educational expansion was carried out are clearly visible. Each panel in Figure 3 depicts the West-German ’Flächenländer’ (the urban federal states Berlin, Bremen,
and Hamburg are excluded for the sake of clarity). The graph illustrates the different
developments in the teacher market. If the teacher force of any given federal state grows
faster relative to all federal states in a given year and faster than the own average growth
rate, the relative changes plotted in Figure 3 are positive. Conversely, if the growth of
the teacher force is lower than the trend in the federal states as well as the overall yearly
change on the federal level, the relative change is negative. Another way to interpret the
relative change in Figure 3 is by relating the number of (marginal) EETs to the number
of teachers that were projected to be needed in the absence of the educational expansion,
which is clarified in the next subsection.
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Figure 2 also illustrates the general data structure that is exploited in the empirical approach. The three classes on the right-hand side of Figure 2 represent all fifth and ninth
grades in the data. The pupils in those classes are subjected to objective tests on their
math and reading performance. These test scores can be linked to teachers that teach the
respective subject: German teachers are assigned to reading test scores and math teachers
to math test scores. The educational expansion rate is merged to those teachers based on
the federal state and the year (birth year plus 19) of their high school graduation. The
effect of the educational expansion on students’ learning outcomes may then be picked
up by β FE in the following regression:
yiτl jst = β FE ln(#teachersst ) + θs + πt + ηl + µτ + X0 ρ + eiτl jst

(1)

where y measures the test scores of student i in year τ taught by teacher j at a school
in state l who received his secondary school diploma in state s in year t. Because of the
twofold fixed effects at the teacher level (θs and πt ), β FE is essentially identified by relative
deviations from the state-specific mean and the average yearly change across all federal
states.5 These deviations are exactly what is depicted in Figure 3. In addition to the
teacher level fixed effects, student level fixed effects are also employed (ηl and µτ ) to control for any persistent differences between the years and the federal states of the schools.
Moreover, X may contain further covariates to possibly control for class composition, depending on the exact specification. In this fixed effects model, β FE may pick up the effect
of teacher quality on students’ learning outcomes, if changes ln(#teachersst ) only capture
the difference in teaching quality between EET and non-EET (see next subsection) with
all else held fixed. However, one could still be concerned that skilled teachers have better
opportunities to choose the school they teach in. Such a selection would confound β FE .
To break the correlation between the initial skills of the students and teacher quality, variation between subjects (math and German) is exploited. Table 1 shows how this information helps to improve the identification. As every student has a German and a math
teacher and is assessed in both reading and math skills, there are four possibilities for
using the test score observations of a certain student (indicated by the gray-shaded cells).
First, the math score is evaluated with respect to the exposure to the educational expansion (the relative changes depicted in Figure 3) of his math teacher. Second, reading scores
and the exposure of the German teacher can be used. Both assessments are reflected in
β FE . This coefficient captures the direct effect of teacher quality plus, potentially, some
school sorting effect. Moreover, also assessing across subjects can be informative: relating math scores to German teachers and reading scores to math teachers. Estimating Eq.
5 Thus,

it can also be termed a difference-in-differences model with continuous treatment. The reason why I refer to this model as ‘fixed effects’ is to clearly separate the wording from the difference-indifferences model that is employed later on.
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Table 1: Setup of the difference-in-differences approach
Math
Scores

Reading
Scores

Math
Teacher

Treatment (D = 1)

Control (D = 0)

German
Teacher

Control (D = 0)

Treatment (D = 1)

(1) using this cross-subject test score-teacher association yields the school sorting effect
and potentially also the same spillover effect. In the absence of a spillover effect, the
school sorting effect is identified and can be substracted out of β FE . This can be directly
done by defining a treatment and a control group (indicated by the treatment variable D)
and by estimating the following model:
yiτlF jtsF = α + β DiD ln(#teachersst ) × D + δ ln(#teachersst ) + γD

+θt× D + θs× D + ηl + µτ + X0 ρ + eiτlF jtsF

(2)

Because this model differences out the school sorting effect, it is a difference-in-differences
approach (DiD). The treatment group comprises students’ test scores and teachers from
the same subject and is indicated by the treatment indicator D taking the value 1. The
control group, on the other hand, connects students’ test scores and teachers between the
subjects (math and German). This relation is indicated by D = 0. To facilitate interpretation, the fixed effects of the state and the year of the teacher’s high school graduation
are now interacted with D.6 Finally, standard errors for β FE and β DiD are clustered on the
federal state and year level of the teachers’ high school exit exam since this is the level
where the hiring of teachers occurs.
Besides a school sorting effect, this regression automatically purges all individual and also
class and school fixed effects. If the assignment of German and math teachers to classes
is mean-independent of teacher quality and of the relative, subject-specific skills of the
class, the coefficient β DiD identifies the causal effect (see Appendix A1.1 for a clear list of
6 In the difference-in-differences equations as in (2) interpreting

β DiD as being identified from deviations
from state and year-specific means would not work. To get these deviations, regress ln (#teachersst ) × D
on the respective fixed effects (by the Frisch-Waugh-Lovell Theorem, a ‘second stage’ regression of y on ωst
and ln (#teachersst ) would yield the same coefficients as in Eq. (2) without interacted fixed effects):
ln (#teachersst ) × D = µt
+ ηs
+ωst
E [ln (#teachersst ) × D ] = δt × Pr( D )+πs × Pr( D )+est × Pr( D )
Applying the law of iterated expectations shows that the essential variation that identifies β DiD is deflated
by Pr( D ). Using D-specific fixed effects adjusts for this deflation directly. Hence, interacted fixed effects are
necessary in order to interpret β DiD as deviations from the state-specific as well as the year-specific mean.
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the identifying assumptions). Also, in the case of spillover effects, the school sorting effect
is differenced out. Then β DiD is a lower bound for the gross effect of teacher quality, since
school sorting and spillover effects are both likely to be positive. However, the literature
only finds weak evidence of the existence of spillover effects (Koedel, 2009). In robustness
checks, however, I will scrutinize these spillover effects directly.

3.2

Theoretical mechanism

In response to the educational expansion, different individuals could have been encouraged to become teachers who also exhibit different career incentives. Why is that? As in
every market, the labor market for teachers can also be characterized by two major forces,
demand and supply. Regarding the former, the federal state s may project the demand for
teachers in year t based on the expected number of academic track pupils, Est Pst . Also,
the fraction of the teaching force that retires, δTst may contribute to the demand for new
teachers. In total, the overall demand for teachers can be expressed as Dst (Est Pst , δTst ).
Because the federal states hire based only on how many students are enrolled or will enroll into the secondary educational system, supply-induced demand is unlikely to occur.
Therefore, the demand can be seen as independent of the potential quality of teachers. It
is exogenous to potential teachers.
Supply, on the other hand, is determined by the number of academic track graduates
in year j and federal state s, as the job mobility between federal states is rather limited.
Each individual within a cohort and a federal state has a net benefit of teaching B( jst ).
This net benefit is the benefit of working as a teacher minus the benefit of working in the
next best occupation. Hence, having the highest net benefit does not necessarily mean
being the best teacher. It means that the skills or preferences of this individual are most
teacher-specific. This benefit may depend on a vector of individual characteristics S jst of
the potential teacher jst that can be closely related to teacher quality Q jst . For instance,
this vector may comprise intrinsic motivation to teach, specific teacher quality, and general skills among others. Thus, individuals with the highest benefit are most likely to be
intrinsically motivated and have a high teacher quality. Similar to a Roy-type selection
model of occupational choice (Roy, 1951), individuals will start teacher training based on
this net benefit. But for individuals at the margin of becoming teachers, the decision may
additionally depend on external market forces, such as the recruiting policy of the federal state. These individuals are less determined to join the teaching profession. Hence,
extrinsic factors such as chances of eventually being hired as teachers, the prestige of the
teaching job, or the relative salary are more important to those individuals.
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Figure 4 plots the supply and demand forces. On the horizontal axis the share of academic
track graduates in year t and federal state s with at most a certain teacher net benefit is depicted (for clarity, the scales are exaggerated). This share is mapped on the net benefit of
being a teacher for all individuals in this cohort. Along the horizontal axis, the net benefit
decreases. Thus, this supply function is equivalent to the quantile function of individuals having at most a certain net benefit. This is also called the inverted complementary
distribution of the teacher net benefit: q jst = (1 − F ( Bjst ))−1 .
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qj: quantiles of the complemtary distribution of the teacher net benefit
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B(jst): net benefit of being a teacher
Dst: general teacher demand
Dst+∆Dst: teacher demand due to the educational expansion
Cumulative net benefit of teachers
Induced net benefit due to the educational expansion

Figure 4: Possible impact of the educational expansion
on the job market for teachers

In the absence of the educational expansion – which is targeted at increasing the share of
each birth cohort with an academic track education – a fraction p1 of each birth cohort can
become teachers. This fraction depends on the demand for teachers Dst , which introduces
external equilibrium factors to influence individual choices. Most likely, the individuals
who become teachers are among those with the highest net benefit and implicitly exhibit
those characteristics S jst that are better suited for being a good teacher. Note that Dst can
also monotonously change from year to year in response to a constant fraction of teachers
retiring or because the cohorts of students who transition to academic track education
and those of high school graduates are constantly growing in the federal state.
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In response to the educational expansion, there is an exogenous increase in Dst , denoted
by ∆Dst . This has two notable consequences that outline the tradeoff between the quantity and quality of teachers. First, an additional fraction p2 (the marginal teachers) of the
high school graduate cohort that witnesses the demand increase for teachers in year t and
federal state s decide to become teachers (the share of EETs amounts to p1 + p2 if p2 > 0).
The second consequence is that the average net benefit of all teachers – and therefore,
most likely also the corresponding teacher quality – diminishes. In this model, the average net benefit of the p1 teachers from a high school cohort in a federal state in normal
Rp
years amounts to B ( Dst ) = 0 1 B( jst )dF (q jst ) (depicted by the dark gray area in Figure
4) where F (q jst ) is a uniform distribution (quantiles of a population are uniformly distributed). Accordingly, the average net benefit of those individuals who become teachers
R p +p
due to the educational expansion (marginal teachers) is: B (∆Dst ) = p 1 2 B( jst )dF (q jst )
1
(indicated by the light gray area). The overall average net benefit (light and dark grayshaded areas) of a teacher cohort t in federal state s that witnesses a teacher expansion (or
contraction, p2 6= 0) can then be expressed as:

Net benefit differential
between marginal and
non-marginal EEsT

Average net benefit
of non-marginal
EETs

B ( Dst + ∆Dst )
|
{z
}

Average net benefit of EETs

=

z }| {
B( Dst )

+

p2
p +p
| 1 {z 2}

zh

}|
i{
B(∆Dst ) − B( Dst )

(3)

Fraction of
marginal EETs
to all EETs

This expression explicitly shows how the average individual net benefit changes with respect to newly entering marginal teachers. The same effect applies not only to the net
benefit but also to teacher quality if the benefit is monotonously related to the ability to
teach (which is likely): Q ( Dst + ∆Dst ). This equation is important in mainly two respects.
First, p2/( p1 + p2 ) is similar to the employed educational expansion rate as depicted in Figure 3. This rate is p2/p1 . In the appendix, I show that the empirical results are insensitive
to employing p2/p1 , or p2/( p1 + p2 ). Thus, it shows that the effect of the educational expansion on the labor market for teachers can be measured by the relative share of incoming
teachers (rather than, for instance, the absolute number of teachers). As this is achieved
by the log-specification, Eq. (3) justifies its use as the preferred specification in the empirical models of Eq. (1) and (2). Using ln(#teachersst ) mechanically adjusts the effect from
all EETs (p1 + p2 ) to the marginal teachers (p2 , as a local average treatment effect adjusts
the effect to the complying population) – the EET (light gray area) – and thus does not average the effect over all teachers in a particular cohort (light and dark gray areas). In this
sense, one can think of this approach as also being an instrumental variables approach.
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The second reason for why Eq. (3) is useful is for interpreting the results later. As outlined
in the empirical strategy, I test whether p2/p1 is correlated with the test scores of students.
If it is correlated, the effects in β FE and β DiD are given for the average change in teacher
quality [ Q(∆Dst ) − Q( Dst )] (if this is the exclusive driver behind the effect on student
performance) averaged over all years and federal states (changes in B( Dst ) are captured
by the fixed effects, πt and θs in the regression models (1) and (2)). If this quality differential was observed, one could regress [ Q(∆Dst ) − Q( Dst )] in a first state on p2/( p1 + p2 ).
Then, the reduced-form effect can be adjusted not only to the marginal teachers but also
to a one-unit increase in teacher quality. These two features imply that the effects of the
educational expansion can be precisely identified. In contrast, the effect of latent teacher
quality on students’ learning outcomes is a reduced-form effect (in terms of teacher quality) as teacher quality is unobserved.

4
4.1

Data
Sample selection and student-teacher linking

This study exploits the National Educational Panel Study (Blossfeld et al., 2011). The
NEPS has a multi-cohort design and covers the educational trajectories of all individuals from six different stages of life. Specifically, I use the third (SC3) and the fourth
(SC4) starting cohorts. SC3 comprises individuals that attended the fifth grade, whereas
SC4 contains individuals from the ninth grade at the start of the school year 2010/2011.
Compared to any survey data in Germany, the advantage of the NEPS is that it includes
information on both the students and their teachers. The design of the questionnaire is
equivalent across both cohorts. Hence, individuals and teachers from both starting cohorts can be pooled together in one sample.
The sampling population are all German fifth and ninth graders in 2010. In a first step,
234 schools are sampled (Skopek et al., 2012). All students in grades 5 and 9 from these
schools are asked to participate in the survey. Since the NEPS is a panel survey, it follows
these students as they move through the education system, including general education
and occupational training. The survey also extends to the students’ parents and the teachers in math, German as well as the class teachers. Teachers are interviewed once and can
be linked to the respective class they teach. Information on teachers include year of birth,
their high school graduation, their college education, retrospective determinants of their
occupational choice and their attitude toward their job as a teacher.
Several restrictions need to be imposed on the data. From initially 1,206 teachers and
9,042 students that attend higher secondary schools in West Germany (the educational
13

expansion did not take place east of the Iron Curtain, including East Germany), I restrict
the sample to academic track schools. This group of students is high-skilled and mostly
homogeneous in their abilities. Furthermore, I keep only teachers who either teach math
and German (thereby dropping the class teachers). Both restrictions reduce the sample to
345 teachers and 4,259 students. Lastly, I restrict teachers to being younger than 60 years
old as older teachers might already anticipating retirement . Therefore, I additionally
drop 23 teachers. This means the oldest teachers in my final sample made the decision in
1970 to become a teacher, which is after the adjustment processes of teacher salaries and
teacher training had finished.

25

Figure 5 shows the number of teachers in my sample by subject over time. There is approximately an equal amount of math and German teachers, and only a negligible minority teach both subjects. As is visible by the co-movement in the number of subject
teachers over time, there is more variation over time than between subjects. In the NEPS
teacher force, there are many teachers who graduated from high school (at age 19) in the
1970s. The 1980s are characterized by a saturated teacher force and relatively fewer hirings, which is also reflected in Figure 5. In the 1990s and 2000s (until 2005) the number of
teachers in the sample increases again.
# math teachers: 163
#German teachers: 154
# math and German teachers: 6

German teacher

Number of teachers
10
15
20

Math teacher

0

5

Math and German teacher

1970s

80s

90s

2000s

Year teacher turned 19

Figure 5: Number of teachers by year and subject
Notes: own calculations using NEPS data.
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4.2

Test score data

THe unidimensional competence scores serve as the main outcome variables in reading
and mathematics.7 These scores have been assessed in tests conducted between November and January of a school year. As the school year usually starts in August, teachers can
impact the test scores of their students through lessons in the first three to five months
of the school year (on average, it is 3.72 months). Teachers cannot control the results of
the test as these are conducted by trained NEPS interviewers. The scores are assessed
by multiple choice questionnaires that every pupil has to fill in. The answers to these
questions are aggregated by a weighted maximum likelihood estimation (WLE, Pohl and
Carstensen, 2012). WLEs in the first wave are constrained to having a mean of zero.
Values above zero therefore indicate abilities above average. This makes the scores comparable across the waves and cohorts. The variance of the WLE scores is not restricted.

Math competence score
Mathematical competence is targeted at measuring the "ability to flexibly use and apply
mathematics in realistic situations" (Schnittjer and Duchhardt, 2015, p.2). Mathematical
competence is assessed by 24 items in grade 5 and 22 items in grade nine on several
domains.8 For both grades, the test is designed to take 28 minutes in total. Examples
of multiple choice questions include the following: "Mr. Brown owns a rectangular plot,
which he wants to fence. After some calculations he buys 40m fence. The plot is 8m wide.
How long is the plot?"

Reading scores
Understanding and using written texts is an important skill and a prerequisite for participating in cultural and social life (Gehrer et al., 2012). The reading score test is designed
to measure those skills. As German lessons are designed to let students acquire the exact
same skill, the reading score skills can be attributed to the domain of the German teacher.
In order to accurately assess these skills, it is distinguished between five "text functions
and associated text types" (informational texts, commenting or argumenting texts, literary texts, instructional texts, and advertising texts). Within the time of the test (also 28
minutes), the test participants are given the five types of texts ranging from informational
to literary texts. Each type of text is associated with a different skill. Texts are adjusted to
the lexical level, difficulty, and thematic orientation of the specific cohort and age level.
The participants are ask to read a short text, before answering multiple choice questions
Right after having read each text, .
7 The data are cleaned from effects of position and order.

This is achieved through a random assignment
of the order of the two tests to respondents (Durchhardt and Gerdes, 2012).
8 Quantity is captured by eight items, space and shape in total have five, change and relationships six
and Data and chance five.
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4.3

Descriptive statistics

Table 2 presents some descriptive statistics with respect to the educational expansion status of the teacher. For the sake of simplicity, the educational expansion rate p2/p1 is discretized at a threshold of zero. According to this definition, 2,203 students are taught by
EETs, while 2,816 students have a non-EET.
Table 2: Descriptive statistics
Educational
expansion
teachers:
p2/p1 > 0

Non-expansion
teachers:
p2/p1 ≤ 0

Mean

sd

Mean

sd

Test scores
Reading
Math

0.92
1.01

(1.13)
(1.12)

0.94
1.08

(1.14)
(1.14)

Student characteristics
Share female pupils

0.53

(0.50)

0.52

(0.50)

Teacher characteristics
Share German teachers

0.49

(0.50)

0.55

(0.50)

Treatment, the relative expansion in the stock of teachers:
Raw values:
ln(#teachersst ) for German teachers
10.30
(0.61)
ln(#teachersst ) for math teachers
10.30
(0.80)

10.22
10.24

(0.49)
(0.60)

(0.04)

−0.03

(0.02)

0.03

(0.03)

−0.03

(0.02)

17.43

(5.94)

18.42

(5.35)

3.58

(0.57)

3.86

(0.62)

0.64

(0.48)

0.53

(0.50)

0.60

(0.49)

0.53

(0.50)

Effective variation: p2/p1 (plotted in Figure 3):a
p2/p1 for German teachers
0.05
p2/p1

for math teachers

Class characteristics
Class size
Minimum instructional
time of teachers
General characteristics
Share from SC4
Share from second wave
among SC3 observations
Number of
student-teacher-course-wave observations

2,203

2,816

a

Notes: This is the effective variation, which refers to the variation in ln(#teachersst ) when all other variables, most importantly federal state and year fixed effects, are held fixed: the residual of log stock on year
and federal state fixed effects, which are relative changes in the federal state-specific stock of teachers from
the general expansion trend across all federal states.

Educational expansion teachers teach students with a worse test score (0.92 vs. 0.94 for
reading and 1.02 vs. 1.08 for math) – a first descriptive indication of an effect. The gender
of the students is balanced between EET and non-EET. German teachers are less likely to
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be classified as EET according to my definition. Potentially, this is because math teachers
possess skills that make them react more sensitively to the changed career incentives of
the educational expansion. The next four characteristics refer to the educational expansion rate. It is shown as its raw values (the log stock of teachers) and as the effective variation (demeaned by year and federal state fixed effects). These measures are presented
separately for math and German teachers.
The average class size differs slightly between EET and non-EET (17.4 vs. 18.4). The
instructional time (time from start of the school year to the assessment of the test score)
also varies slightly according to the educational expansion status of the teacher. In the
overall sample, slightly more students are in the initial ninth grade (SC4). The students in
this grade have a higher chance of being taught by an EET. Within the initial fifth grade
(SC3), 56 percent of the observations come from the second wave (all observations from
SC4 are assessed in the first wave). This statistic also varies somewhat by the educational
expansion status of the teacher. Although the sample appears to be slightly imbalanced in
these respects, the empirical strategy and the robustness checks rule out that imbalances
between cohorts and waves can carry over to the identification of the main effects.

5
5.1

Results
Effects on students’ learning outcomes

Table 3 presents the estimation results from Eq. (1), the baseline fixed effects results specification by subject. It is a first step in clarifying whether individuals were encouraged to
become teachers by the educational expansion and are now teaching students that today
perform differently at school. The first line of Table 3 shows the association between the
change in the stock of teachers in the year and the federal state of high school graduation
and the respective test score of the pupils that they taught in the survey year. The first
three columns refer to math teachers and the associated math score of their pupils, the
last three columns are results for German teachers and the reading score of their pupils.
On average, the math competence score is 0.0127 points lower for every 1 percent that
the stock of teachers increased relative to the overall trend in the year the teacher turned
19 and decided on his future job (as reflected by p2/p1 ). Two things are worth noting:
first, the result is non-negligible in magnitude and suggests that teachers play an important role. Why is the coefficient plausible? The mean effective variation that identifies
β FE (the mean absolute deviation of the residual of a regression of ln(#teachersst ) on all
the controls) shows that the mean change in the stock of teachers was 4.33 percent on
average. Multiplying β FE with this variation and dividing by the standard deviation in
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Table 3: Fixed effects results for mach and reading competence
Math teacher
– math competence

ln(#teacherst )

(1)

(2)

−1.237∗∗
(0.536)

−1.295∗∗
(0.510)

German teacher
–reading competence
(3)

(4)

−1.382∗∗∗ −0.382
(0.509)
(0.500)

(5)

−0.650
(0.456)

(6)

−0.743
(0.464)

Further condition on:
–

Cross-subject
competence score

3

3

– Federal state
of school FE
Observations
Number of teachers

3

3

3
3

2,713

2,620

2,620

2,437

2,399

2,399

168

168

168

158

158

158

Federal-state-by-year-level clustered standard errors in parentheses, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01. All columns refer to
a separate regression with additional federal state and year fixed effects plus all effects indicated.

math competence indicates that 5.3 percent9 of a math score standard deviation can on
average be attributed to the educational expansion (if interpreted as causal). As I will
try to demonstrate below, this magnitude fits well into what previous studies found. The
second notable point is that the effect is robust toward the inclusion of important control
variables that may mitigate the role of school selection: including reading competence is
supposed to capture the general ability of the student whereas state of school fixed effects
should control for persistent migration patterns of teachers within Germany. Because the
results are robust toward the inclusion of these fixed effects, migration of teachers (shown
in Table A2) does not affects the results.
For reading competence, the results are somewhat different, although the direction of the
effect is unchanged. Having a teacher that was gradually exposed to a higher degree of
the educational expansion – as measured by a 1 percent increase in the relative change in
the stock of teachers – goes along with having a 0.0038–0.0074 lower score in reading competence depending on the specification. Applying the same calculation as above yields
the fraction of a standard deviation in reading scores that can be attributed to the educational expansion (again, a causal interpretation) shows that this fraction amounts to 2.79
percent. Note, however, that none of these results are significant at the 5 percent level.
Moreover, recall that the finding of smaller effects on reading competence is in line with
the literature where, for instance, Nagler et al. (2015) also find smaller effects of recession
teachers on the reading value-added measure of their students. Also, Chetty et al. (2014a)
report a smaller value-added transmission on reading compared to math scores. In the
context of this paper, this finding can be due to two reasons. First, German teachers may
9 Calculation:

1.3827[coefficient] × 4.33[[mean absolute deviation in %]/1.13[sd of test score].
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generally have a lower leverage on reading scores whereas the math score might better
capture what is taught in the lessons. Second, the German teachers might have reacted
differently to the educational expansion such that the effect on teacher quality is not that
pronounced. One reason for this can be the potentially better outside option for math
teachers.
How likely is it that these effects are attributable to the teacher and not to some unobserved class, school, or individual characteristics? To answering this important question,
I now turn to the difference-in-differences estimation outlined in equation (2). Its results
are presented in Table 4. These are the main results of the paper, since it comes closest to
answer the question – what is the effect of teacher selection induced by the educational
expansion on the learning outcomes of today’s pupils. To approach an answer, I first pool
data from all the cells of Table 1 into one comprehensive sample. As a result, I have one
pupil by test score observation by teacher (see an example data set in Table A3), but every
pupil can now appear in the sample up to four times. This approach allows me to use
information on all teachers and students simultaneously. To adjust standard errors to this
restructuring, standard errors remain clustered on federal state by year level as before and
throughout the whole analysis. In Table 4 the main coefficients are presented, with subsequently added control variables as one moves from the left to the right columns. The
Table 4: Main results – impact of the educational expansion on students’ test scores

Competence scores
(1)
ln(#teachersstF ) × D −0.822∗∗
(0.382)
ln(#teachersstF )
Subject FE
Gender

0.332
(0.413)

(2)

−0.822∗∗
(0.382)

(3)

(4)

−0.816∗∗ −0.966∗∗
(0.0383) (0.378)

(5)

(6)

(7)

(8)

−0.966∗∗
(0.378)

−0.968∗∗
(0.381)

−0.969∗∗
(0.381)

−0.966∗∗
(0.381)

0.341
(0.417)

0.321
(0.410)

0.229
(0.358)

0.289
(0.347)

0.033
(0.310)

0.058
(0.307)

0.335
(0.399)

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

3

School state FE
Cohort FE
Wave & class FE
Test month FE
State specific trends

3

Observations
Number of pupils
Number of teachers

10,330
6,772
322

Federal-state-by-year-level clustered standard errors in parentheses, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01. Baseline regression equation is
shown in (2). All columns refer to a separate regression with additional Federal State and year fixed effects plus all effects indicated.
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main and most important effect listed in the first line (ln(#teachersst ) × D). It captures
the additional effect of the educational expansion of teachers that teach the corresponding subject measured by the outcome variable (math competence for math teachers and
reading competence for reading teachers). This effect is significant and robust toward the
inclusion of further fixed effects (columns 2–8): explicit subject fixed effects do not change
the result (column 2; as they are implicitly incorporated in Eq. (2)), neither do the characteristics of the teachers (column 3). Including state of school fixed effect slightly inflate
the effect (column 4), whereas cohort, wave, class, test month fixed effects nor even statespecific trends impact the coefficient any further. Causally interpreting this effect means:
every 1 percent of a higher relative demand for teachers would attract teachers that – on
average – reduce the subject-specific test scores of their pupils by 0.00822 to 0.00966. Conducting the same exercise as above and taking the mean effective variation that identifies
the effect for ln(#teachersst ) × D – which in this setting amounts to 2.38 percent – shows
that 2.02 percent of the overall standard deviation can on average be attributed to the
educational expansion.10 The difference between this fraction and the average effects of
the FE model in math and reading (5.3 for math and 2.8 for reading – roughly equal to 4
percent) can hence be attributed to a selection effect that the first analysis was not able to
control for.
How do the effects place themselves in the literature? Chetty et al. (2014a) use an event
study of teachers who move between schools as a natural experiment to assess the impact
on the test scores of the newly taught students. They find that test scores are raised by
3.5 percent of a sd because of the entry of a teacher from the top 5 percent of the teacher
value-added distribution (as assessed by data on previous years). On the one hand, Eq. (3)
shows that the effects in β FE and β DiD are already adjusted to the educational expansion
teachers (by p2/p1 , see Eq. (3)). On the other hand, it is not adjusted to the average quality
differential between marginal and non-marginal EETs. Because this differential is most
likely to be lower than between a teacher from the top 5 percent versus an average teacher,
the β FE and β DiD needs to be inflated. This fact puts my results even more into the range of
the findings of Chetty et al. (2014a). The results presented here are in that sense reducedform effects, since I am not able to normalize them using value-added measures (as the
second stage of a two-stage-least-squares estimation would do).
If I expect the same effects as in Chetty et al. (2014a) to operate in my data (0.14sd for
math and 0.10 for English:11 0.12 on average), I can back out a first stage: the effect of
an expanding teacher force on teacher quality (the quality differential in Eq. (3)). In this
case, every 1 percent increase in p2/p1 would induce individuals to become teachers such

10 Calculation:
11 The

−0.966[coefficient] × 2.38[mean absolute deviation in %]/1.14[sd of test score].
scores are normalized on a one-sd increase in the teacher value-added.
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that the value-added of the whole teachers’ cohort is increased by 0.0805sd.12 Also, the
literature offers estimates on such a "first stage." Nagler et al. (2015) aim at estimating the
effect of recessions on teacher quality, which may be roughly comparable to this setting.
They find that due to a recession, the teacher value-added increases by 0.11sd in math
and 0.05sd in reading for recession teachers. On average, this is equivalent to the backof-the-envelope calculation that also yields 0.08.

5.2

Assessing the validity of the estimates

Threats to the identifying assumptions
To check that the overall effects are not driven by anything but the causal effect of the
subject teacher on the subject test score, I present two complementary pieces of evidence
in Table 5.
Table 5: Robustness checks – placebo regression and predicting parental characteristics
Placebo regression

Parental characteristics

Math
teacher
–
reading
score

German
teacher
–
math
score

(1)

(2)

ln(#teachersst )

0.079
(0.514)

0.268
(0.516)

Observations
Number of teachers

2,713
168

2,437
158

Edu. years
log HH
income

mother

father

(3)

(4)

(5)

−0.085
(0.399)

−0.236 −0.110
(0.353) (0.360)

2,361
226

4,079
343

Federal-state-by-year-level clustered standard errors in parentheses, ∗ p < .1, ∗∗ p < .05,
All columns refer to a separate regression with federal state and year fixed effects.

2,749
315
∗∗∗ p

< .01.

First, I present a placebo regression where I assign to each teacher the cross-subject test
score; hence, reading scores to math teachers and vice versa (put differently, regression
model (1) is estimated within each of the light gray cells in Table 1). Results of this placebo
regression are presented in the first two columns of Table 5. If at all, having a math teacher
12 The

exact calculation looks like this:
from Table 4

Second Stage
|
{z
}

=

z
}|
{
Reduced Form
First Stage

from Chetty et al. (2014a)

⇔ First Stage =

0.00966

h

0.12

h

Test score
1 % increase in # teacherst
Test score
Teacher value-added
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i


Teacher value-added
= 0.0805
1 % increase in # teacherst



who took up the profession because of the educational expansion raises the reading competence scores of his students (column 1). Similarly, this kind of teacher in German does
not decrease his student’s math competence score (column 2). This finding is consistent
with the notion that teachers affect the test score mainly in the subject they teach. Thus,
there is not much evidence of either a school selection effect or a spillover effect.
Second, an implicit assumption of the regression models (1) and (2) is that – conditional
on all controls, foremost the fixed effects – everything apart from the educational expansion rate of the teacher is held fixed, even potential factors that are not incorporated in the
regression (see Pei et al., 2017 for details). To test for this, I consider potentially important
predictors for students’ learning outcomes: their socio-economic background measured
by the log household income of the parents as well as the years of education of both the
fathers and mothers. If, in a pooled regression (math and German teachers), the teachers’
educational expansion rate at the time of his high school graduation is able to predict the
parental background of the teachers’ students, at least part of the effect could be put into
question. In this case, it would not be sufficient to control for the parental background, as
further important variables that are still left out of the regression are easily conceivable.
Results of this analysis are presented in the last three columns of Table 5. It shows that
changes in ln(#teacherst ) have neither the power to predict the household income of the
student (column 1), nor years of education of the mothers (column 2) or fathers (column
3). Hence, both supplementary analyses support a causal interpretation of the effects of
β FE presented in Table 3. It should be noted, however, that math teachers have a marginal
impact on reading competence – even more so vice versa. Additionally, EET also teach
pupils from a marginally more adverse background.
A caveat may be teacher non-response if it is correlated with the educational expansion
rate. Table A7 shows that teachers who are willing to provide some background information also teach students that score higher in the math and reading tests. However,
this effect disappears once it is conditioned on school fixed effects. This finding suggests
that school principals and peer pressure may mainly enforce participation. Using the
main specification (2), the consent of the subject teachers is not at all able to predict the
scores in his subject. Thus, teacher non-response is an argument to prefer the differencein-differences over the fixed effects model.
A further concern – that may apply to the fixed effects as well as to the difference-indifferences setup – might be the sensitivity of the effects with regard to the assignment
year. Figure A3 evaluates the sensitivity of the effect with regard to changes in the assignment year. As it reveals, the conclusion and interpretation of the results does not depend
on the exact assignment year. The effects are stable over the range where individuals usually make their job decision. Outside of this range (for instance, before age 15 and after
age 25) effects disappear. Lastly, the results are insensitive to the size of the class that
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the teacher teaches (Table S.A1) and the class size and fraction of students with valid test
scores are uncorrelated with the educational expansion rate of the teacher (Table S.A2).

The expansion in tertiary education and its relation to the quality of teacher training
As Kamhöfer et al. (2017) demonstrate, the educational expansion also massively affected
the university landscape of Germany (from 1962 to 1990, the number of universities doubled). Hence, it is legitimate to ask whether the potential teacher quality differential underlying the main results stems from a difference in the quality of the teacher training in
newly opened universities. Table 6 therefore presents evidence on whether quality differentials at the university level are a relevant driving force. To check whether factors on
the university side are driving the results, I rerun the most saturated specification from
Table 4 (presented again in column 1 of Table 6) and further add university fixed effects
(column 2).
Table 6: Driving force behind effect
β DiD
(1) a

(2)

−0.966∗∗∗ −0.727∗
(0.381)
(0.368)

ln(#teachersstF ) × D
ln(#teachersstF )

0.335
(0.399)

0.319
(0.435)

Teachers’ university fixed effects
Teachers from new universities dropped
Observations
Number of teachers

(3)

−1.231∗∗∗
(0.381)
0.407
(0.408)

3
3
10,330
322

9,156
281

Federal-state-by-year-level clustered standard errors in parentheses, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01.
a As shown in column (8) of Table 4

Although the magnitude of the effect shrinks by about one quarter in absolute terms, the
effect remains significant and economically relevant even after absorbing a potentially
high fraction of the identifying variation. Thus, the result indicates that heterogeneity in
university quality only explains a small fraction of the effect. But openings can also lead
to a selection of high-ability individuals becoming teachers. To check this, I drop teachers
that graduate from new universities and re-estimate Eq. (2). The resulting estimate is
higher and thereby provides some evidence that university openings generally induced
teachers of a higher quality to enroll in teacher training.
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5.3

Detecting teacher selection in the characteristics of teachers

So far, I looked at whether teachers have a different ability (i.e., teacher quality) to raise
the test scores of their students with respect to different degrees of their exposure to the
educational expansion. Although this is considered to be the ultimate measure of teacher
quality (see, e.g., Hanushek and Rivkin, 2006 or Chetty et al., 2014b), one can still ask
whether the teachers not only have a better quality but also different characteristics that
are correlated with quality (Jackson et al., 2014). This serves two purposes. First, if I
found effects, this would strengthen the credibility of the main effects on test scores. And
second, it is important for tailoring future policies, since hiring decisions or enrollment
conditions for prospective teachers may be based on characteristics that correlate with
teacher quality. The NEPS data set provides additional information on teachers. In addition to the birth year and the federal state of high school graduation that was used
throughout the analysis, the data also includes the grade of high school and university
graduation. In addition, the data contains subjective indicators that are targeted to retrospectively portray aspects of the reasons why they became teachers. Ten questions in the
questionnaire for teachers try to capture these aspects. Teachers have to assess the relative, subjective importance of each aspect on a four-point Likert scale (ranging from very
unimportant, 1, to very important, 5). For two reasons, it may be suboptimal to present
estimates on all 10 domains. First, multiple testing may be a concerning issue, since one
cannot determine at which domain to expect an effect and on which not a priori. Second,
teachers may differ generally in their answer patterns. For instance, low-quality-teachers
may place a higher importance on all domains in general. High-quality teachers may
tend to place less weight on all domains but relatively more on those that correlate with
intrinsic motivation. Those two opposing patterns may then confound the overall effect.
I therefore conduct a factor analysis that serves to detect these patterns. This is similar to
Rockoff et al. (2011) who employ variables on cognitive skills. Because I expect two latent
factors to be inherent in the answer patterns – namely intrinsic and extrinsic motivation
– I opt for a principal component analysis with two factors.13 For the 10 questions, the
resulting two factor loadings are plotted in Figure 6. The horizontal axis maps the first
dimension and the vertical axis the second factor loading. The loadings on the first domain are all positive. This can be ascribed to a general positive correlation between all of
these subjective questions. This general correlation is purged out of the second loading.
Therefore, it may be more informative for the analysis. Indeed, the second domain clearly
shows that the variables form two clusters. Specifically, the importance of leisure, salary,
13 Principal

component analysis simply transforms p-dimensional data into m < p dimensional data,
where p is the number of principal components along which the data varies most. Technically, the first
component is a summary score of the data PC1 = φ11 x1 + φ21 x2 + · · · + φ101 x10 and φi1 are the factor
loadings of the first component. The φ’s are chosen such that they maximize the sample variance of PC1
2
under the constraint that ∑10
i =1 φ1 i = 1. The second principal component PC2 again maximize the variance
of the data, but with the additional condition that PC2 is orthogonal to PC1 .
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Figure 6: Cluster analysis of aspects teachers’ job choice
Notes: the graph (biplot) plots the factor loadings resulting from a principal component analysis with two components on 10 variables that capture the aspects of the job choice of the
teachers.

job security, the prestige of the job, and being able to reconcile the job with a family life
form one cluster (positive factor loading). Since all those domains are not specific to the
teacher profession, I refer to these variables as those reflecting external motivation. The
remaining variables have a negative factor loading. These variables comprise the joy to
teach, the challenges of the job, being around people, the dedication to the subject and to
accomplish certain goals in the job. The common feature of these variables is that they
are all job-related. Hence, this cluster reflects intrinsic motivation. These two clusters are
present in the latent correlation of the variables. It is crucial whether the scores formed
by those factor loadings are affected by the exposure to the educational expansion ( p2/p1).
If the scores and p2/p1 were correlated, this would indicate that EETs have a different kind
of motivation.
The bar plot in Figure 7 presents evidence on this. Each bar represents the effect of
ln(#teacherst ) on a respective outcome variable (indicated by the label below each bar).
The sample is equivalent to the DiD regression. As before, standard errors remain adjusted to the federal state-year level. The first bar shows that the higher p2/p1 , the worse
the grade of academic track high school graduation (Abitur). Hence, this effect indicates
that teachers with worse high school grades take up the teaching profession at times of
high demand for teachers. The effect, however, fails to be significant at the 10 percent
level. Does this hint at the lack of statistical precision or point to negligible economic
meaning? Table A6 tries to shed light on this question by comparing the coefficients of a
teacher-level regression of different samples. It turns out that the coefficients are stable,
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Figure 7: The educational expansion and teachers’ characteristics
Note each bar depicts the effect of ln(#teachersst ) on the outcome indicated by the label below the bar.
The sample is equivalent to the difference-in-differences regression with 322 teachers, standard errors are
adjusted on the teacher level. Confidence bands indicate the 90% confidence level.

irrespective of whether academic track teachers from other subjects without assignable
student test scores are included (column 2) or middle school (Realschule) teachers are
further added (first column 1). But statistical precision increases by adding more teachers. These results for the German educational expansion are in contrast to findings for the
US where no powerful predictors of teacher quality are identified (Jackson et al., 2014).
Returning to Figure 7, this figure further shows that the effect on the high school grade
also propagates to university. Here, EETs have marginally worse grades. Beyond grades,
is there evidence that teachers affected by the education expansion have a different work
ethic? The third and fourth bars shed light on this by analyzing the principal component
summary measures. The former shows that EETs tend to generally place significantly
less importance on all domains captured by the questions because the first domain places
almost equal and positive weight on all the domains. One explanation for this effect is a
potentially different reference point of those teachers. Yet, distinguishing these questions
as suggested by the second dimension is more informative. On this dimension, I find that
there is a positive effect for EETs. This means that EETs place significantly more weight
on questions with a positive weight (the external motivation to be a teacher) and less on
those with a negative weight (the intrinsic cluster of the questions). This finding suggests
that EETs have a slightly shifted work ethic from intrinsic to extrinsic motivation, which
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is compatible with the the main-effect: EETs may not put as much effort into raising the
test scores of the students because they do not gain their motivation from it.

6

Conclusion

This paper shows that more teachers do not mechanically lead to smarter students. It
thereby emphasizes an important mechanism of quickly expanding public institutions:
focusing on quantitative aspects may deter quality, all else equal. This message can also
be important for today’s objective to increase the scale of public institutions, such as the
current expansion of daycare facilities for children (BMFSFJ, 2015).
Using one of the major social changes in the past 60 years, the educational expansion, I
test whether this social change attracted individuals with a different quality to eventually
become a teacher. With the help of a simple expression of how the group average of
teacher quality changes in response to newly entering teachers, the effect can be placed
into the literature of broadly related studies. In a baseline fixed effects setup the impact of
the educational expansion on teachers is separated from teachers’ experience and federal
state-specific effects. To take care that no school selection effects impact the results, I
estimate a between-subjects difference-in-differences model.
The evidence I get from this approach suggests that the average effect of the educational
expansion, which caused teacher quality to diminish, was roughly 2 percent of a standard
deviation in students’ test scores (math and reading). Comparing this ("reduced-form")
effect to existing studies on teacher selection (e.g., Nagler et al., 2015 who provide a surrogate of a "first stage") and with the effect of teacher quality on students’ test scores
(Chetty et al., 2014a, a "second stage") the results of this paper are well-placed into the existing literature on the US. Thus, the scope of the effects on the students in this study are
likely to also extend to labor market performance in adulthood. These results are further
substantiated by the findings that teachers who are selected because of the educational
expansion performed better at high school (though not at university) and have a slightly
different work ethic that is based more on extrinsic rather than intrinsic motivation.
Potential policy implications are non-trivial, since not expanding the higher secondary
education would not have been a solution either. Nonetheless, policy could very well
have reduced its demand for teachers while sticking to the provision of a sufficient amount
of spots for students. Taking the evidence of this paper together with a further characteristic of the educational expansion – the student-teacher ratio that declined at the same
time in Germany (depicted in Figure A1a) – the educational policy departments of the
federal states may have attenuated this tradeoff between teachers and students’ learning
outcomes by not simultaneously pushing down the student-teacher ratio. Either granting
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more pupils access to higher secondary education while increasing the student-teacher
ratio at the same time or focusing more on investing in quality. For instance, this can be
done by improved teacher training or via a more selective process of hiring teachers.
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A1

Appendix

A1.1

Assumptions of the difference-in-differences model

The underlying assumptions of this approach are threefold. The first assumption is that
teacher quality matters similarly for math courses as it does for German courses:


Y Math QMath ≈ Y Reading QGerman , where Y u ( Qv ) refers to the potential test score of a
student in subject u which might depend on the latent teacher quality Q of a teacher who
teaches the student in subject v. This assumption is important for the interpretation of the
effect.14 In the same vein, the second assumption rules out which effect I do not expect to
see. If u = v (a teacher in a certain subject can only affect the test scores of her students in
the same subject) I expect to see an effect else it can be ruled out.
Y

Reading



Q

Math



=Y

Reading

∧

Y

Math



German

Q



= YMath

Those two assumptions allow me to precisely define a treatment indicator that indicates
whether the teacher’s subject (v j ∈ {1, 2}) is the same as the test score under consideration
(ui ∈ {1, 2}).

D =








1








v j =1

u =1

i
z }|
{
if (test=Math)
∧
∨ (test=Reading) ∧
|
{z
}

z
}|
{
(teacher=Math)
(teacher=German
|
{z
})
v j =2

u i =2

0

else.

= 1 ui = v j
Also, these assumptions enable us to redefine the potential outcomes as Y 1 , Y 0 in order to
reconcile it with the treatment indicator.
The third assumption is actually most crucial for identification, since it states which variation in the response variable can be causally attributed to variation in the gradual changes
in the measure of the educational expansion. To be more precise, I assume that the quality
differential of any pair of math and German teachers in the same class is independent of
the potential test scores of their pupils:





Y 1 (Q1 ) − Y 1 (Q0 ) ⊥⊥ Q1 − Q0 | XFE

14 If

(4)

there is a structural difference between the subject-specific effects of teacher quality the identified
effect of (2) would be a weighted average which would change the economic interpretation of β DiD .
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where XFE comprise teacher year and federal state fixed effects and class fixed effects. This
assumption may be credible, as parental background, class, and school effects, and any
further individual differences are held fixed. It would be violated, e.g., if the within-class
variation in potential test scores is large, which school principals could observe alongside
the quality of their teachers. In addition they had to strategically assign teachers (and
their quality) to courses and classes such that test scores between courses are, for instance,
either compensated or reinforced between subjects. In this case, at least some parts of
β DiD in (2) would also capture a selection effect. This, however, is unlikely to dominate
the effect, since within classes it appears more plausible that relative advantages in one
particular subject cancel each other out. Although I term this strategy differences-indifferences, the argumentation above clarifies the analogy to an instrumental variables
approach, where the school principal’s assignment is the plausible random assignment
mechanism that I exploit for identification.

A1.2

Robustness of the the employed educational expansion rate

As federal state and year fixed effects are used as (the most important) control variables,
the main coefficients of interest, β FE and β DiD , are essentially identified by changes from
year and federal state-specific means: d ln(#teachersst ). Instead of using ln(#teachersst ) as
the regressor of interest, one could equivalently have used the residual from the following
regression (Frisch-Waugh-Lovell Theorem):
ln(#teachersst ) = δs + γt + ust
, this residual ust equals d ln(#teachersst ) = d#teachersst/#teachersst , which essentially is the
ratio of educational expansion teachers to the projected number of teachers needed in the
absence of the educational expansion. Using the notation from Section 3.2, this is p2/p1 .
But as we have seen from Eq. (3), p2/( p1 + p2 ) is considered to be the appropriate leverage by
which the average teacher quality of a certain teacher cohort in a federal state is affected
by the average quality of the incoming teachers. Thus, does p2/( p1 + p2 ) better capture the
quality effects? To check this, one can adjust the residual ust (relative change in the teacher
force with respect to the projected number of teachers) to the relative change with respect
to all teachers by dividing by θ = 1 + p2/p1 . 15 Plugging in ust/θ instead of ust in regressions
1 and 2 yields estimates that are presented in Table A1.
15 The

parameter θ can be derived as follows:
θ

⇔ θ

p2
p1 + p2

p2
p1
p
= 1+ 2
p1

=

⇔

θ p2 p1

= p2 ( p1 + p2 )
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The results presented in this Table indicate that all specifications are largely insensitive
toward whether p2/p1 or p2/( p1 + p2 ) are employed in the regressions. Hence, β FE and β FE
indeed seem to adjust the effect to the marginal teachers.

Tables
Table A1: Tansformed results

β FE

Adjusted measure:

ust/θ

β DiD

Math

Reading

Pooled

(1)

(2)

(3)

−1.372∗∗∗
(0.520)

−0.708
(0.481)

0.953∗∗∗
(0.380)

Notes: Federal-state-by-year-level clustered standard errors in parentheses, ∗ p <
.1, ∗∗ p < .05, ∗∗∗ p < .01. This table assesses whether the main effects in Tables
3 and 4 are adjusted appropriately to induced changes on the average "quality" of
teachers by incoming educational expansion teachers. The identifying variation
plotted in Figure 3 is p2/p1 , but the leverage of educational expansion teachers on
the average teacher quality of a cohort of teachers from federal state s in year t is
p2/p1 + p2 , as shown in Eq. (3) . Therefore, the identifying variation (the residual from
a first-stage regression) is divided by the factor θ = 1 + p2/p1 and plugged into a
second-stage regression.

Table A2: Teacher mobility between federal states
Number of teachers

Percentage

Teacher does not move

234

73.9

Teacher moves to neighboring states

38

11.8

Teacher moves to non-neighboring states

46

14.3

Total

318

100

Notes: teacher mobility is defined as whether a teacher is employed at a school in a federal state
that is different to the federal state in which the teacher graduated from high school.
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Table A3: Example structure of the data for the triple differences estimation
Student level

Teacher level

Treatment

ID

Name

Subject

Test score

1
1

Alexander Meier
Alexander Meier

Math
German

2.34
1.65

1
1

Alexander Meier
Alexander Meier

German
Math

1.65
2.34

ID

Name

Subject

Year teacher
turned 19

Federal state

d ln(#teacherst )

1
0

1
1

Lothar Müller
Lothar Müller

Math
Math

1980
1980

Bavaria
Bavaria

0.08
0.08

1
0

2
2

Esther Schulz
Esther Schulz

German
German

1978
1978

Hesse
Hesse

-0.02
-0.02

Notes: This table shows the structure used to estimate the main results of the paper by a triple difference estimation. Her pupil is observed four times – two observations for each subject-specific test
score (math and reading) by math (here Lothar Müller, lines 1-2) and German teacher (Esther Schulz, lines 3-4). Within each teacher, the test score outcome of each assigned pupil that relates to the
respective subject of the teacher serves as a treatment whereas the other test score serves as the control group. To difference out any subject to account for subject-specific effects, the data are expanded
on the pupil level such that treatment and control group are reversed. This expansion of the observations, the standard errors remain clustered at the year the teacher turned 19 and the federal state of
the teachers’ high school graduation.
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Table A4: Number of pupil and number of students used in this analysis and dropping reasons
(1)
Plain sample

2)

(3)

Higher
secondary track
students a

Western Germany

(4)
Gymnasium
track

(5)

(6)

(7)

Math or German teachers

Teacher older
than 19 in
1970

Math teachers

(8)
German
teachers

N

87,776

53,745

17,337

10,806

5,683

5,311

2,625

2,855

# Students

24,417

14,532

9,042

5,345

4,259

3,980

2,491

2,620

# Teacher

4,952

2,779

1,206

745

345

322

158

168

Notes:
a Students of either Realschule, Gesamtschule or Gymnasium.

Table A5: Descriptives for aspects of teacher’s job choice
Statistics
Mean

SD

Reconcilability of job and family

3.353

(0.778)

Possibility to interact with people

3.573

(0.538)

Leisure time

2.125

(0.786)

Salary

2.630

(0.737)

Meet challenges

3.013

(0.669)

Joy to teach

3.691

(0.489)

Job security

3.200

(0.750)

Prestige of being teacher

1.863

(0.776)

Possibility to accomplish things

2.382

(0.759)

Dedication to subject

3.580

(0.553)

Domains of job choice are based on answers on the following
question: "How important was the following aspect for your
choice of becoming a teacher?" Teachers could respond on a 5point Likert scale ranging from 1 – "Very unimportant" – to 5
–"Very important".

Table A6: The association between the degree of the relative degree of the educational
expansion and the Abitur grade for different samples

Grade Abitur
(1)
ln(#teacherst )

0.942∗∗∗
(0.362)

(2)
0.970∗∗
(0.419)

(3)
0.956
(0.661)

Sample restrictions:
-Realschule
-Gymnasium
-Sample teachers
# teacher

3
3
3

3
3

3

995

625

284

Standard errors in parentheses, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01. Each
column shows the effect of the educational expansion on the selection of teachers indicated by their grades. The underlying data is
on the teacher level. Control variables comprise year fixed effects,
federal state fixed effects and subject fixed effects.
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Table A7: Potential impact of teacher non-response on the main effect
Test scores
Math

Valid Teacher

Reading

Pooled scores

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

0.138∗∗∗
(0.035)

0.087∗∗∗
(0.030)

0.040
(0.030)

0.136∗∗∗
(0.032)

0.079∗∗∗
(0.026)

0.032
(0.028)

0.136∗∗∗
(0.032)

0.137∗∗∗
(0.027)

Valid Teacher× D

0.0004
(0.027)

Cross-subject scorea
School fixed effects
# observations

3

3
3

15,123

14,621

15,123

implicitly

3
14,831

14,621

14,831

29,954

29,954
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Notes: This table shows whether information on teacher having a valid interview (a prerequisite for knowing his birth year and the federal state of high school
graduation among others) is able to predict the test scores of his students. Columns (1) to (6) report regression coefficients from the fixed effects regression similar
to (1) whereas columns (7) and (8) show the results of the difference-in-differences regression as reported in (2). Most importantly, this table shows that while
there may be some bias from teacher non-response in the fixed effects strategy (1) (it is still unclear whether this is correlated with the educational expansion),
this bias disappears once within-school variation is used (columns (3) and (6)). If the difference-in-differences strategy is employed meaning that within-course
variation is solely and effectively exploited, teacher non-response is not at all able to predict the test scores of the students.
a The reading score for math teachers and math test score outcomes and math scores for German teachers and reading score outcomes.
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Figure A1: Further characteristics of the educational expansion in Germany
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2010

Figure A3: Sensitivity of the effect with respect to the assignment year
This graph plots the effect of EET on student test scores (β DiD ) and how this effect changes with respect to a
different assignment year. In the main analysis, the assignment year was set to 19, that is, the year of academic
track education. The effects are similar in magnitude and precision over the age range from 17 to 21. Outside this
range, the effect is negligible.
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Supplementary material

Table S.A1: Sensitivity of the results due to selective student non-response and test
participation
(1)

(2)

(3)

Baseline

Class size FE

Class size≥10

−0.966∗∗
(0.381)

−0.961∗∗
(0.383)

−1.0611∗∗
(0.415)

ln(#teachersst )

0.335
(0.399)

0.231
(0.409)

0.344
(0.498)

D

8.384∗∗
(3.292)

8.341∗∗
(3.305)

9.201∗∗
(3.582)

10,330
322

10,330
322

9,465
251

ln(#teachersst ) × D

# observations
# teachers

Notes: The coefficients are estimated using equation (2). Column (1) refers to the results
from column (8) in Table 4. Column (2) includes class size fixed effects to see whether
the main component of the correlation structure has to be attributed to the class size that
may correlate with ln(#teachersst ). Here, "Class size" refers to the number of students
with a valid test score observation. To further see whether the main result is actually
driven by very small classes, column (3) drops classes with less than 10 students.

Table S.A2: Potential impact of student non-response on the main effect

ln(#teachersst ) × D

Test score class size

Fraction with
valid test score

(1)

(2)

−0.877
(1.761)

0.014
(0.112)

ln(#teachersst )

−13.410∗∗∗
(5.955)

−0.673∗∗∗
(5.369)

# observations
# teachers

10,330
322

6,393
208

Notes: The coefficients are estimated using equation (2). Test score class size refers to
the number of valid test score observations by course (math or German). Fraction with
valid test score observations divides the the test score class size by the actual number
of students per class. Its observation number is lower because of the non-response of
the respective class teacher.
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