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The value-added to student achievement model has become a key tool for estimating 

the effects of individual teachers and their classrooms on students’ short-term 

academic success, and more importantly, on later-life outcomes. We use primary school 

data from the German National Educational Panel Study (NEPS) to estimate classroom 

effects on mathematical and language competence development, which are driven by 

teacher quality differences across classrooms. We estimate a value-added model with 

individual classroom fixed-, as well as random effects. Both model specifications apply 

empirical Bayes shrinkage to adjust the classroom effects’ estimates by their level of 

precision. Our results show substantial classroom effects and quality differences across 

the first grades of German primary school. One standard deviation increase in 

classroom effectiveness is associated with at least a 12 percent of a standard deviation 

increase in student mathematical competence scores, and at least 14 percent of a 

standard deviation increase in language competence scores. In addition, we find that 

none of the teacher characteristics typically used in teacher recruitment processes 

significantly explain the classroom quality differences. Interestingly, as parental 

assessment of teacher quality is the only indicator significantly associated with 

classroom effectiveness in language competence development, parents seem to be able 

to identify more effective language teachers. 

JEL: I20, J45 

Keywords: classroom effects, teacher effects, teacher value-added, Germany 

                                                           
 Corresponding address: University of Bamberg, Feldkirchenstr. 21, 96052 Bamberg, Germany. E-mail: 

daniela.araujo@uni-bamberg.de. We would like to thank the Leibniz Institute for Educational Trajectories (LIfBi) 

for providing the data for this study. We also thank Guido Heineck and conference participants at the 5th 

International NEPS Conference, XXIX Meeting of the Economics of Education Association, 2021 Annual 

Conference of the Verein für Socialpolitik, EALE Virtual Conference Padua 2021, and the Universities of 

Bamberg, Halle, Jena and Leipzig for helpful comments and discussions. We gratefully acknowledge financial 

support from the Bamberg Graduate School of Social Sciences (BAGSS), which is funded by the German 

Research Foundation (DFG) under the German Excellence Initiative (GSC1024). This paper was originally 

presented under the title “Teacher Effects in Germany: Evidence from Elementary School”.  



2 
 

 INTRODUCTION  

In the past 20 years, a growing body of economic literature on teacher and classroom effects 

in the United States (US) has shown that high value-added teachers not only substantially 

contribute to student learning, but also positively influence later-life outcomes such as college 

attendance and earnings (Hanushek and Rivkin, 2012; Jackson, Rockoff and Staiger, 2014; 

Koedel, Mihaly and Rockoff, 2015; Strøm and Falch, 2020). It has also been found that easily 

quantifiable teacher characteristics are weakly, or not at all associated with individual teacher 

effects on student performance. This has led to the use of value-added measurements in 

processes of teacher recruitment, evaluation and dismissal (Koedel, Mihaly and Rockoff, 2015; 

Steinberg and Donaldson, 2016). Nonetheless, in the same period, there has been very little 

research on teacher effectiveness and its educational or economic impact in Germany.  

We address this gap and examine to what extent individual teachers impact the 

mathematical and language competence development of their students in the first years of 

primary school in Germany. For this purpose, we first build a short teacher panel with grade 1 

and 2 data from the Starting Cohort 2 (SC2) of the German National Educational Panel Study 

(NEPS). Then, for our estimation strategy, we show that there is no evidence for matching of 

students to teachers based on ability in German primary schools. Subsequently, we estimate a 

value-added to student competence development model using classroom fixed-, as well as 

random effects, which are mainly driven by teacher quality differences across classrooms. Both 

model specifications apply empirical Bayes shrinkage to adjust the classroom effects by their 

level of precision. Our results show substantial individual classroom effects on math and 

language competence development in the first grades of primary school. One standard 

deviation increase in classroom quality is associated with at least 12 percent of a standard 

deviation increase in student mathematical competence, and at least 14 percent of a standard 

deviation increase in language competence, over a semester of instruction.  

In addition, we examine the association between teacher characteristics and the estimated 

classroom effects. We find that almost none of the teacher characteristics analyzed, including 

gender, years of teaching experience, migration background, self-reported Abitur GPA, self-

reported First State Examination grade, whether the teacher has passed the Second State 

Examination, teacher’s constructivist beliefs, or exhaustion levels, are significantly associated 

with classroom quality, as measured by the individual classroom contribution to competence 

development. Remarkably, parental assessment of teacher quality is the only indicator that 

significantly explains the classroom effects on language competence. This result suggests that 
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parents can identify effective teachers in the first years of primary school. In this context, we 

also find that a selective group of parents exhibits behavioral responses to differences in 

perceived teacher and classroom quality.   

This paper contributes to the literature in three ways. First, we present the first empirical 

estimations of classroom effects on mathematical and language competence development in 

primary school in Germany. Second, our results show that these classroom effects do not 

correlate with characteristics typically used in teacher recruitment and tenure processes in 

Germany, thus echoing previous findings in the US (Hanushek and Rivkin, 2012; Jackson, 

Rockoff and Staiger, 2014; Koedel, Mihaly and Rockoff, 2015). Nonetheless, we find that, for 

language competence development, parents seem to be able to identify more effective teachers 

and their classrooms, adding to the new and growing evidence on the association between 

parental and student evaluation and teacher quality (Araujo et al., 2016; Bacher-Hicks et al., 

2019). Third, our estimations add to the evidence showing the robustness of teacher and 

classroom value-added estimates to different settings (Koedel, Mihaly and Rockoff, 2015; 

Strøm and Falch, 2020).  

The remainder of the paper proceeds as follows. In Section 2, we provide a background on 

teacher and classroom effects’ research and the German Educational System. Section 3 

discusses the data. Section 4 presents our value-added model and estimation strategy. In 

Section 5, we present our results. Section 6 concludes. 

 BACKGROUND AND EVIDENCE 

A. Teacher and Classroom Effects 

In economics, the study of teacher effects, also referred to as teacher value-added, evaluates 

the overall contribution of individual teachers to students’ human capital accumulation in a 

specific time period (Hanushek and Rivkin, 2012; Jackson, Rockoff and Staiger, 2014; Koedel, 

Mihaly and Rockoff, 2015). The teacher value-added research naturally evolved from the 

education production function (EPF) literature, where, among other factors, teachers and their 

characteristics are treated as inputs influencing students’ achievement, measured generally 

through test scores. The value-added model specification differs from the regular EPF in the 

inclusion of a lagged or baseline achievement measure, which is taken to be a sufficient statistic 

for unobserved input histories, as well as the unobserved endowment of mental capacity (Todd 

and Wolpin, 2003). The value-added specification of the EPF estimates individual teacher 

effects via either fixed or random effects. 
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Most of the value-added literature stems from the US. Researchers have consistently found 

substantial individual teacher contribution to student achievement, and significant variation 

within this contribution (Rockoff, 2004; Nye, Konstantopoulos and Hedges, 2004; Rivkin, 

Hanushek and Kain, 2005; Aaronson, Barrow and Sander, 2007; Kane and Staiger, 2008; Kane, 

Rockoff and Staiger, 2008; Hanushek and Rivkin, 2010, 2012; Chetty, Friedman and Rockoff, 

2014a, 2014b; Jackson, Rockoff and Staiger, 2014; Koedel, Mihaly and Rockoff, 2015). 

Estimations of the distribution of teacher effectiveness or value-added in the US have generated 

an average standard deviation of 0.17 for math, and of 0.13 for reading, expressed in units of 

normalized student achievement (Hanushek and Rivkin, 2010). 1 These estimates are relatively 

large compared to other interventions in educational production, and consequently, have 

provided evidence that teacher quality is an important determinant of short-term academic 

success (Koedel, Mihaly and Rockoff, 2015). Moreover, it has been shown that high value-

added teachers positively affect later-life outcomes including college attendance, income2, and 

teenage pregnancy (Chetty, Friedman and Rockoff, 2014b).   

While a distribution in teacher effectiveness emerges from the value-added studies, the 

mechanisms by which good teachers outperform poor teachers are less clear. Most studies have 

shown that easily quantifiable teacher characteristics are consistently either weakly or not at 

all associated with teacher value-added (Hanushek and Rivkin, 2012; Jackson, Rockoff and 

Staiger, 2014; Strøm and Falch, 2020). In this context, the use of value-added estimations to 

evaluate teachers and improve teacher workforce quality is appealing, and hence is growing 

(Hanushek, 2011; Koedel, Mihaly and Rockoff, 2015; Steinberg and Donaldson, 2016). By 

2014, about 80 percent of states implementing new teacher evaluation systems in the U.S. had 

incorporated one or more measures of teacher performance based on student test scores, and 

around 30 percent had implemented teacher value-added estimates (Steinberg and Donaldson, 

2016).  

Critics of value-added modeling have argued that resulting teacher effects' estimates may 

be biased due to non-random assignment of students to teachers (Rothstein, 2009, 2010; Paufler 

and Amrein-Beardsley, 2014; Guarino, Reckase and Wooldridge, 2015). Nonetheless, studies 

that compare teacher value-added estimates obtained in quasi-experimental or experimental3 

                                                           
1 Most estimates rely on within-school variations (Hanushek and Rivkin, 2010) and have focused on elementary 

and middle school grades because of the availability of standardized testing data (Jackson, Rockoff and Staiger, 

2014). 
2 Chetty, Friedman, and Rockoff (2014b) found that replacing a teacher whose value-added is in the bottom 5 

percent of the distribution with an average teacher for one year, would increase the present value of students’ 

lifetime income by approximately $250,000 per classroom. 
3 In experimental settings, students are randomly assigned to their teachers at the beginning of the school year.  
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settings with those of non-experimental settings, have consistently found that teacher value-

added measures are unbiased predictors of teachers’ impacts on student achievement, and that 

the scope for bias is quite small and statistically insignificant (Kane and Staiger, 2008; Kane et 

al., 2013; Bacher-Hicks, Kane and Staiger, 2014; Chetty, Friedman and Rockoff, 2014a; 

Bacher-Hicks et al., 2019). The inclusion of student baseline achievement measures seems to 

be the key behind the unbiased estimation of teacher effects (Kane and Staiger, 2008; Chetty, 

Friedman and Rockoff, 2014a).  

Another central concern regarding teacher value-added estimations is their stability or real 

persistence over time (Koedel, Mihaly and Rockoff, 2015; Bitler et al., 2019). Critics warn that 

if teacher effect estimates are not stable over time, their contribution to teacher quality and 

accountability policies should be limited. In this context, researchers have shown that 

increasing teacher-level sample sizes (students per teacher) and using multiple years of 

classroom data improves the predictive value of past teacher value-added over future value-

added (McCaffrey et al., 2009; Goldhaber and Hansen, 2013; Bitler et al., 2019).4 Moreover, 

the literature currently discriminates between the persistent teacher effect, estimated with at 

least two classrooms per teacher, and the teacher-classroom effect, also referred to as the 

classroom effect, estimated with only one year of classroom data per teacher (Chetty, Friedman 

and Rockoff, 2014a; Jackson, Rockoff and Staiger, 2014; Araujo et al., 2016). Thus, the 

classroom effect includes not only differences in teacher effectiveness across classrooms, but 

also random classroom shocks.5 

B. Teacher and Classroom Effects in Germany 

Research related to teacher and classroom effects in Germany is scarce. A major limitation 

has been the relatively recent introduction of standardized competence tests, which are 

comparable among federal states for specific grades in primary and secondary schools in 

Germany.6 An additional problem has been the lack of publically available teacher panel data.  

                                                           
4 Nonetheless, this improvement seems to be non-linear when including data from additional years, unless older 

data are properly down-weighted (Goldhaber and Hansen, 2013; Chetty, Friedman and Rockoff, 2014a). 
5 Classroom shocks could include particularly disruptive students or events in the specific classroom during the 

school year or the days in which students were tested. 
6 Starting in 2006, universal written comparison tests of math and language for students in grade 3 and grade 8 

(VERA) were introduced in Germany, as a consequence of the comprehensive strategy for educational monitoring 

adopted by the Conference of the Ministers of Education and Cultural Affairs (Kultusministerkonferenz [KMK]) 

(KMK, 2015). In addition, in 2011, the National Educational Panel Study (NEPS) started operating as the first 

large-scale panel study on educational decisions and outcomes in Germany (Blossfeld, Roßbach and von Maurice, 

2011). 
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Jürges and Schneider (2007) attempt to estimate a first ranking of German teachers based 

on their individual contributions to students’ reading performance in grade 4, using cross-

sectional data from PIRLS 2001.7 The authors calculate individual teacher random effects by 

estimating a variance component model of an EPF that takes into account information on 

student socio-economical background. In addition, they implement a Hausman-Taylor 

estimator in order to account for possible endogeneity caused by potential non-random 

assignment of teachers to classrooms and students. Subsequently, the authors present a quality 

ranking of teachers that consists of teachers significantly above the average, those significantly 

below the average, and those indistinguishable from the average. Finally, Jürges and Schneider 

suggest that their model estimation of teacher quality could represent a first step in the 

development of performance-based payment schemes in Germany. A serious weakness of their 

study, however, is the lack of a student baseline test score, which is a fundamental measurement 

for the teacher value-added model and the estimation of reliable teacher effects.8 In addition, 

because the authors’ data had only one classroom per teacher, instead of a quality ranking of 

teachers, their estimates actually correspond to a quality ranking of classrooms driven by 

teacher contribution to student performance. 

A small number of studies have investigated whether specific teacher characteristics can 

explain between-classroom variation in student achievement gains using multilevel structural 

equation models in the German school context (Baumert et al., 2010; Kunter et al., 2013). This 

between-classroom variation can also be interpreted as a random estimate of classroom effects 

measured in units of student achievement gains. Baumert et al. (2010) use a representative 

sample of grade 10 classes from the COACTIV study9 to examine the influence of teachers’ 

                                                           
7 The Progress in International Reading Literacy Study (PIRLS) 2001 tested the reading literacy of students aged 

9 to 10  in 35 countries, including Germany. The study sample of Jürges and Schneider (2007) consisted of 4,964 

students and 279 teachers.   
8 Jürges and Schneider (2007) argue that they can attribute learning progress to the individual teachers in their 

sample, because in German primary schools, students typically stay with the same teacher for up to 4 years. The 

class teacher teaches most or all subjects, and school choice is very limited.  
9 The Cognitive Activating Instruction and Development of Students’ Mathematics Literacy (COACTIV) study 

was conducted in Germany between 2003 and 2004 as an extension to the Programme for International Student 

Assessment (PISA) 2003 of the Organization for Economic Co-operation and Development (OECD). It extended 

the original PISA cross-sectional design to a grade-base study comprising a one-year period from the end of grade 

9 to the end of grade 10. Students from the study sample were administered achievement tests at the end of grade 

9 and 10, as well as questionnaires assessing their cognitive ability, mathematics instruction and family 

background. The COACTIV study also applied tests of content and pedagogical content knowledge to the math 

teachers of the study sample. A total of 181 teachers, 194 classrooms and 4,353 students participated in the study 

(Baumert et al., 2010). 
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content knowledge10 and pedagogical content knowledge11 on student progress in math. For 

their estimation strategy, Baumert et al. implement a two-level structural equation model where 

the variance in math achievement is decomposed into a within-classroom or individual level 

component, and a between-classroom or classroom level component. At the individual level, 

the model takes into account student baseline achievement in math and reading (grade 9), as 

well as other cognitive and socioeconomic characteristics as explanatory variables.12 

Subsequently, the between-classroom variance is explained by classroom track (academic or 

non-academic), and teacher mathematical content knowledge and pedagogical content 

knowledge.13 The authors’ results show that, once student individual characteristics are taken 

into account, a maximum of 4.6 percent of the variance in math achievement can be explained 

by differences at the classroom level. Moreover, they find a significant and substantial positive 

effect of teacher content knowledge and pedagogical content knowledge on the between-

classroom variation in students’ math achievement gains, with pedagogical knowledge having 

the greater predictive power for student progress.14  

Kunter et al. (2013) complement the study of Baumert et al. (2010) by examining, in 

addition to pedagogical content knowledge, the impact of teachers’ constructivist beliefs15, 

enthusiasm for teaching16, and self-regulation17 on student mathematical learning in grade 10. 

                                                           
10 Teachers’ mathematical content knowledge was assessed with a paper-and-pencil test that covered conceptual 

topics that are compulsory from grade 5 to 10 (Baumert et al., 2010). 
11 Teachers’ mathematical pedagogical content knowledge was assessed in three dimensions: first, the “tasks” 

dimension which assessed teachers’ ability to identify multiple solution paths; second, the “students” dimension 

which evaluated their ability to recognize students’ misconceptions, difficulties, and solution strategies in the 

context of classroom situations; and third, the “instruction” dimension which assessed teachers’ knowledge of 

different representations and explanations of standard mathematics problems within classroom situations 

(Baumert et al., 2010). 
12 The authors acknowledge that by grade 10, students had already been allocated to academic and non-academic 

secondary tracks based on their performance and general ability in Germany. They therefore highlight the 

importance of introducing baseline achievement in the model to account for the sorting process. 
13 Baumert et al. (2010) point out that controlling for academic track at the classroom level is highly relevant 

because, even though teachers are centrally assigned to schools by federal states, their allocation to school tracks 

is determined by their choice of teacher training program. In Germany, universities offer different teacher 

education programs that correspond to the tracking system implemented after grade 4 (Baumert et al., 2010; KMK, 

2019).  
14 Teacher pedagogical content knowledge alone explained around 39 percent of the between-classroom variation 

in achievement gains at the end of grade 10. 
15 In the study, constructivist beliefs are described as conceptions that endorse the principals of active and 

constructive learning in the classroom. They contrast with the transmissive beliefs that tend to treat students as 

passive receivers of information. Constructivist beliefs were assessed using three subscales which measured the 

degree to which teachers understood mathematical knowledge as process, favored independent and insightful 

discursive learning, and thought it important to foster students’ mathematical independence (Kunter et al., 2013). 
16 Enthusiasm for teaching is defined as enjoyment of teaching activities. It was measured with on a short scale of 

two items developed by the COACTIV study (Kunter et al., 2013).  
17 Self-regulation is described as teachers’ ability to engage while simultaneously monitoring their behavior and 

copping with stressful situations. Self-regulatory style was measured using a procedure developed by Klusmann 

et al. (2008) based on eight subscales from the Occupational Stress and Coping Inventory (Kunter et al., 2013).  



8 
 

Their research also uses data from the COACTIV study and implements two-level structural 

equation models, which include student baseline achievement in math (grade 9). Kunter et al.’s 

findings indicate that students whose teachers had better pedagogical content knowledge, 

endorsed constructivist beliefs, and were enthusiastic about teaching showed significantly 

higher achievement gains in mathematics. Thus, these characteristics were positively 

associated with the between-classroom variation in student achievement. Their analysis also 

shows that teachers’ self-regulation had no direct effect on student outcomes. In addition, they 

find that teachers’ general cognitive ability, measured by their self-reported grade point average 

(GPA) at the university entry qualification Abitur, was unrelated to student achievement.  

Enzi (2017) reports a first attempt to estimate the distribution and average value-added of 

language and math teachers in German secondary schools. He uses three-year data of students 

and their teachers from the Starting Cohort 3 (SC3) of the NEPS. The study sample is limited 

to students that shared the same math or German language teacher in grades 5 and 6.18 In his 

analysis, Enzi estimates a teacher value-added model where students’ language and math 

competence scores in grade 7 are explained by two-year lagged student test scores (grade 5), 

contemporaneous student and family background inputs and teacher fixed effects. Using the 

teacher fixed effects’ estimates, he generates distributions of teacher quality for math and 

language, and reports standard deviations of 0.134 and 0.155 respectively. Since competence 

tests for grade 7 were administered by the NEPS in the first semester of the school year, the 

teacher effects are attributed to teachers who taught math or language between grades 5 and 6. 

This is a serious weakness in the study because students in grade 7 had already been exposed 

to other math and language teachers for between two and five months (NEPS, 2019b). Thus, 

the effects of grade 6 and grade 7 teachers are unfortunately confounded. Another problem in 

the estimation is that it does not control for tracking of students into academic and non-

academic secondary classrooms. 

In addition, Enzi stresses that his results are upper-bound estimates because he neither 

applies Empirical Bayes shrinkage to adjust the teacher effect estimates by their level of 

precision, nor takes into account classroom or peer effects, and only observes one teacher per 

classroom. Given the absence of a shrinkage process, Enzi does not attempt to explain the 

teacher value-added estimated with specific teacher characteristics and opts to introduce them 

instead of the teacher fixed effects in his original model. As a result, he finds some evidence 

                                                           
18 The student sample consisted of 1,939 students for language and 2,329 students for math. The total teacher 

sample consisted of 211 language teachers and 197 math teachers (Enzi, 2017).  
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that teachers’ self-reported Abitur GPA is associated with student competence gains in math, 

but only at the 10 percent significance level.19  

As shown, research on teacher and classroom effects in Germany has relied on cross-

sectional data or relatively small student panel samples, which has imposed limitations to its 

development and potential contribution. In addition, the literature has mainly focused on the 

lower secondary level, when tracking into different school types based on students’ cognitive 

skills and families’ background has already taken place, with potential negative implications 

for the estimates of teacher and classroom effects. Our research, on the one hand, partially 

overcomes the data limitation by generating a rich short-panel of teachers and their students 

between grades 1 and 2 from the NEPS SC2. On the other hand, our research contributes to the 

existing literature by examining for the first time the distribution of classroom effects driven 

by teacher quality in the first years of the German primary school system. These are pre-

tracking years, in which educational quality is particularly critical for the development of 

children’s cognitive and non-cognitive skills, and consequentially later-life outcomes (Cunha, 

Heckman and Schennach, 2010; Heckman, Pinto and Savelyev, 2013; Elango et al., 2016; 

García et al., 2020). Finally, our research takes into account, for the first time, the effect of 

institutional differences among federal states on the estimation of the classroom effects.  

 

C. The German Educational System20 

In Germany, the 16 federal states determine education policies. The Conference of the 

Ministers of Education and Cultural Affairs (Kultusministerkonferenz [KMK]), a commission 

of the relevant ministers from the federal states, sets the framework within which the federal 

states then decide upon different policies. The following paragraphs give a broad explanation 

of the system, but it should be noted that in some aspects a number of federal states diverge 

from the description. 

Full-time school attendance is compulsory for nine to ten years. Children normally start 

school aged six. Following comprehensive primary schooling, which typically encompasses 

four (but sometimes six) years, children are sorted into different tracks for secondary schooling. 

                                                           
19 In his nonlinearity analysis, Enzi (2017) also suggests that teachers’ First and Second State Examination grades 

might be associated with competence gains in math for the best quartile of teachers, yet only at the 10 percent 

significance level. Nonetheless, these associations only hold when Abitur GPA and the First and Second State 

Examination grades are introduced in three independent regression models. Any potential effect disappears when 

all three grades are taken into account in the same model. 
20 For a comprehensive explanation of most facets of the German Education System please refer to KMK (2019), 

the official publication used to develop this section.  
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This tracking process is based on an overall school assessment of children’s aptitudes, 

accompanied by consultations with their parents. Historically there have been three tracks in 

all federal states: the lower vocational track, the Hauptschule, an intermediate vocational track, 

the Realschule, and the academic track, the Gymnasium. In addition, most federal states have 

some form of comprehensive schooling, where more than one type of school-leaving certificate 

is offered. Only the Gymnasium and some comprehensive schools directly lead to the 

university entry qualification, the Abitur. The Abitur GPA summarizes the students’ final 

grades from the last four semesters of schooling and from the exit examinations.  

Prospective teachers have to attend a teacher training at a university or college. Typically, 

the course of studies already determines the school type at which the prospective teacher will 

work.21 The federal states regulate the details of two stages of the teacher training, which 

consist of theoretical education at the university (including periods of practical training), and 

practical training in a school setting. The First State Examination, equivalent to Bachelor or 

Master’s examinations, depending on the federal state, marks the end of the first stage of 

teacher training. 22 The examination thus covers theoretical knowledge in educational science, 

subject knowledge, and pedagogics. After the First State Examination, prospective teachers 

proceed to the preparatory service (Vorbereitungsdienst), where they continue to train in 

teacher training institutes (Studienseminare) and simultaneously work increasingly 

independently as teachers at schools. Subsequently, teachers become fully qualified upon 

passing the Second State Examination.23 

In a next step, young teachers apply for permanent employment in the public sector by 

sending their application to either the Ministry of Education24, or the relevant school 

supervisory authority in the federal state. Placement decisions are made centrally by the 

relevant authority based on vacancies and on the applicant’s aptitude, qualifications and record 

of achievements.25 The demand for teachers differs by subjects, school types and across the 

different federal states. This implies no legal entitlement to a teacher position for qualified 

                                                           
21 Primary school teachers attend training programs specialized in primary school, or primary and lower secondary 

school types. 
22 Each federal state decides whether the teacher training programs are concluded with a state examination at the 

Bachelor level, or if they follow the graduated structure of higher education studies, where the Master’s degree 

replaces the First State Examination as a rule.  
23 The Second State Examination usually consists of four parts: (i) a written paper relating to educational theory, 

pedagogic psychology, or didactics of a subject studied; (ii) a practical teaching examination or demonstration 

class; (iii) an examination of educational theory, legislation or school administration; and (iv) an examination of 

didactic and methodological issues in the subjects studied. 
24 Full name: Ministry of Education and Cultural Affairs.  
25 Sometimes specific schools advertise positions. In this case, the school might also be involved in the selection 

process, but the Ministry or school authority always hires the teacher. 



11 
 

teachers. Most federal states appoint teachers as civil servants on probation, followed by a 

lifelong civil servant appointment after successful completion of the probation phase. Some 

federal states also employ teachers as regular salaried employees.26 Berlin and Saxony only 

employ teachers, and do not appoint them as civil servants.  

Once appointed as a civil servant or employed, most federal states only allow a promotion 

to a higher salary group if the teacher also takes on new responsibilities or a new position. 

Changes to a different school within or across federal states are possible, but teachers need to 

ask for permission from the relevant Ministry of Education or school supervisory authority and 

the desired school needs to have a suitable vacant position. Therefore, teachers only have 

limited scope to choose their schools.27 

 DATA  

A. National Educational Panel Study (NEPS) 

The NEPS is a large-scale panel study on educational decisions and outcomes in Germany 

(Blossfeld, Roßbach and von Maurice, 2011). In order to depict all age groups without waiting 

for an entire lifespan, the NEPS consists of six different starting cohorts from newborns to 

adults, each a representative sample of the relevant cohort.  

In our analyses, we rely on data from the Kindergarten SC2.28 The Kindergarten Cohort 

initially consists of a target population of kindergarten children at age four, who are 

longitudinally followed into primary school and beyond.29 We focus our analyses on grades 1 

and 2 of primary school, which correspond to waves 3 and 4 of the Kindergarten SC2.   

The NEPS data is well suited for our study because it contains children’s competence 

measurements and survey information from the children, their parents, classrooms, teachers 

                                                           
26 This may be the case for substitute teachers, who are hired to cover for sickness or parental leave and thus are 

only hired temporarily.  
27 However, since placement decisions are partially determined by teacher qualifications, exceptionally good 

teachers might have better chances to be placed in a school or region of their liking.  
28 This paper uses data from the National Educational Panel Study (NEPS): Starting Cohort Kindergarten, 

doi:10.5157/NEPS:SC2:9.0.0. From 2008 to 2013, NEPS data was collected as part of the Framework Program 

for the Promotion of Empirical Educational Research funded by the German Federal Ministry of Education and 

Research (BMBF). As of 2014, NEPS has been carried out by the Leibniz Institute for Educational Trajectories 

(LIfBi) at the University of Bamberg in cooperation with a nationwide network. 
29 The NEPS SC2 sample was drawn in a multi-stage approach, where institutions were drawn in a first step and 

children in a second. First, a nationally representative sample of German primary schools was chosen, which 

formed the basis for the subsequent grade 1 survey (wave 3). Then, these elementary schools were connected to 

all kindergartens from which first grade students typically came, and a random sample of these linked institutions 

was drawn for the first kindergarten survey (wave 1). Between the last kindergarten year and the first grade of 

primary school, there was substantial panel attrition and subsequent student resampling. Aiming to achieve a 

sufficiently large and representative sample, we refrain from using kindergarten data as a baseline. 
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and schools. Participating children completed tests in various competence domains: math, 

grammar30 and science in grade 1, and math and early reading in grade 2. Based on these tests, 

the NEPS provides weighted maximum likelihood estimates (WLE) as measures of children’s 

competences for math, grammar and science, which are normally distributed and have been 

standardized by grade to have a zero mean and a unit standard deviation.31 A raw measurement 

of early reading competence in grade 2 is also provided. 32 We standardized it to have a zero 

mean and a unit standard deviation.  

Math and early reading competences in grade 2 are the outcome variables of our value-

added estimates, and math, grammar and science competences in grade 1 are the baseline 

measurements.33 The NEPS math competence tests in grade 1 and 2 were designed in such a 

way that scores derived in different waves relate to the same scale and allow an accurate 

competence measurement within each age group across grades; accordingly, tests are 

comparable across grades.34 Early reading competence was not measured in grade 1. For that 

reason, we use the grammar test as the closest measurement of children’s baseline German 

language competence. Competence tests were administered during the second semester of the 

2012-2013 school year in grade 1, and during the first semester of the 2013-2014 school year 

in grade 2, with a span of 6 to 9 months between tests for most of the students.  

The NEPS survey data also provides information on child age, gender, migration 

background and number of siblings, parent years of education35 and International Socio-

                                                           
30 The grammar test corresponds to listening comprehension at sentence level for first grade children.  
31 Weighted maximum likelihood estimation (WLE) is an application of the Item Response Theory, which delivers 

unbiased estimates of competence parameters. The NEPS’s WLE estimates are calculated following the procedure 

outlined by Warm (1989). The NEPS SC2 data provides uncorrected and corrected WLE estimates of math and 

science competence for grade 1, and of math competence for grade 2. Uncorrected WLE estimates of grammar 

competence for grade 1 are also provided. Corrected WLE estimates correspond to the uncorrected WLE estimates 

standardized by grade to have zero mean and a unit standard deviation. We normalize the uncorrected WLE 

estimates of grammar competence for grade 1 to obtain the corrected WLE estimates. Corrected and uncorrected 

WLE competence estimates have a Pearson correlation of 1.0 per grade, which thus means that they represent the 

same variable. NEPS recommends using uncorrected WLE estimates for longitudinal comparison of competence 

development between grades, and corrected WLE estimates for cross-sectional research questions (Schnittjer and 

Gerken, 2018). In our value-added regression analysis, nonetheless, the inclusion of corrected or uncorrected 

WLE estimates produce the same results. We opt to present results from corrected WLE estimates in order to 

facilitate interpretation and comparability with other studies. 
32 Early reading competence was measured using the ELFE test (Lenhard and Schneider, 2006). NEPS provides 

a sum scoring of the test following the test authors’ recommendation.  
33 Base on the findings of Chetty, Friedman and Rockoff (2014a), Lockwood and McCaffrey (2014) among others, 

we use multiple baseline tests scores in the same and other subjects to increase the precision of our estimates.  
34 For technical details on the linking procedures of math competence see Fischer et al (2016), Schnittjer and 

Fischer (2018) and Schnittjer and Gerken (2018). 
35 Years of education are estimated by the NEPS as a function based on the Comparative Analysis  of  Social  

Mobility  in  Industrial  Nations (CASMIN) (Zielonka and Pelz, 2015), which is an internationally comparable 

educational classification developed in Germany (König, Lüttinger and Müller, 1988; Lechert, Schroedter and 

Lüttinger, 2006).  
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Economic Index of Occupational Status (ISEI)36. In our analysis, migration background is a 

dummy variable that takes the value of one if at least one parent was not born in Germany. We 

generate the variables parent years of education and ISEI as the highest value among parents 

in the household.  

In addition to the child and parental data, the NEPS provides rich information on 

classrooms and teachers, which is crucial for identifying potential factors defining teacher 

quality. The teacher characteristics included in our analysis are gender, years of teaching 

experience, migration background, self-reported Abitur GPA, self-reported First State 

Examination grade, whether the teacher has passed the Second State Examination, 

constructivist beliefs, exhaustion levels, and parental evaluation of teacher quality. 

We calculate teacher years of experience as the time difference between the NEPS survey 

year and the year of the Fist State Examination for each teacher.37 In our analysis, a teacher has 

migration background if she gives a positive answer to this question and indicates that she or 

at least one of her parents was not born in Germany. In addition, self-reported Abitur GPA and 

First and Second State Examination grades are measured on a scale from 1.0 to 4.0, with 1.0 

being the best possible grade, and 4.0 the minimum passing grade. We standardize these self-

reported grades to have zero mean, and one unit standard deviation with respect to the full 

sample of teachers.  

Following Kunter et al.’s (2013) findings, we build indicators of teacher constructivist 

beliefs and teacher exhaustion (as opposed to enthusiasm for teaching). Our indicator of teacher 

constructivist beliefs is based on four items38 available in the NEPS classroom survey of grade 

1 for this purpose, which are taken from the constructivist scale of the TALIS-2008 study 

(Demmer and von Saldern, 2010; Organisation for Economic Co-Operation and Development 

[OECD], 2010). Teachers indicated their level of agreement with all items on a 4-point Likert 

scale. We enter the answers into an index, which is standardized to have zero mean and unit 

standard deviation with respect to the full sample of teachers. In order to generate our indicator 

of teacher exhaustion, we use a short scale of two items available in the NEPS classroom survey 

of grade 2, which asked teachers whether they felt often exhausted at school and if their 

                                                           
36 The International Socio-Economic Index of Occupational Status (ISEI-08) is estimated from the International 

Standard Classification of Occupations (ISCO-08). 
37 Alternatively, we estimated years of experience as the time between the panel survey year and teacher’s Abitur 

year plus three years of university instruction. Both measurements have a correlation of 0.968, with the first 

measurement being our preferred estimation. 
38 Items corresponded to: (i) my role as a teacher is to make it easier for the students to investigate and explore 

things; (ii) students will learn best when they try to find solutions to problems independently; (iii) students should 

be given the possibility to reflect on solutions themselves before the teacher shows the approach to the solution; 

and (iv) thinking and reasoning processes are more important than specific content of the syllabus. 
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workload was too heavy. Teachers indicated their level of agreement with the two items on a 

5-point Likert scale, which we use to generate an index standardized to have zero mean and 

unit standard deviation with respect to the full sample of teachers.  

Finally, in the NEPS parent survey of grade 2, families were asked to indicate their level 

of agreement on whether their school’s teachers tried to meet children’s needs using a 4-point 

Likert scale. We use this information to generate a parental evaluation of teacher quality 

indicator, following recent literature on whether parents can discriminate between good and 

poor teachers (Araujo et al., 2016), and taking into account the growing international policy 

efforts to incorporate parent perspectives into teacher quality assessments (Steinberg and 

Donaldson, 2016; Fernández, LeChasseur and Donaldson, 2018). Our indicator corresponds to 

the average classroom assessment of the parents for each teacher. We normalize it to have zero 

mean and unit standard deviation with respect to the full sample of students. 

At the classroom level, we have access to data on classroom size and proportion of female 

students, based on information of the full classroom as opposed to the NEPS student sample. 

In addition, we calculate the average ISEI of children in the classroom based on the sample of 

parents who participated in the NEPS survey. 

We include students in the analysis sample if we can link them to a classroom with a teacher 

unique identifier. Additionally, we require children to be taught by the same teacher in grade 1 

and grade 239, for there to be at least 5 students per teacher for the value-added analyses, and 

no missing information on any of the variables used for value added estimations. We also 

exclude children with special needs. This results in an analysis sample of 1,843 students and 

251 teachers in the math sample, and 1,753 students and 240 teachers in the language sample.  

B. Descriptive Statistics 

Descriptive statistics are provided in table 1 for students and in table 2 for teachers. In both 

tables, Column (1) depicts descriptive statistics for the full NEPS SC2 sample of 4,564 

children, whom we can link to their respective teacher and classroom data, and 680 teachers.40 

Columns (2) and (6) show descriptive statistics for the dropout sample, for math and language 

respectively. Likewise, Columns (3) and (7) present descriptive statistics for the math and 

                                                           
39 We apply this restriction because the NEPS competence tests in grade 1 and grade 2 of the SC2, were not 

applied right at the beginning or the end of the respective school year, but in the middle of it. In this context, 

competence growth can only be attributed to teachers who had the same group of students in grades 1 and 2.  
40 This implies a lower number of observations for a number of variables due to missing data in the columns for 

the full sample and the dropout sample. The number of observations is stable over all variables in the student 

analysis sample, as we require information on all variables in the analyses for inclusion. 
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language analysis sample. Column (4) and (8) display the difference between the dropout and 

the analysis samples, and the respective p-value from a t-test for equality, for math and 

language respectively. Finally, columns (5) and (9) present the normalized difference as 

suggested by Imbens and Wooldridge (2009).41 

 

TABLE 1: DESCRIPTIVE STATISTICS STUDENTS 

   Math  Language 

 Full 

sample 
(1) 

 Dropout 

sample 

(2) 

Analysis 

sample 

(3) 

Diff 

(p-value) 

(4) 

Norm 

Diff 

(5) 

 Dropout 

sample 
(6) 

Analysis 

sample 
(7) 

Diff 
(p-value) 

(8) 

Norm 

Diff 

(9) 
 

  

Competence measures            

G1: Math (WLE) 
0.04   -0.09  0.19   -0.29*** 0.19   -0.10  0.21   -0.31*** 0.20  

(1.09)   (1.11)  (1.06)   (0.00)    (1.10)  (1.06)   (0.00)   

G2: Math (WLE) 
0.05   -0.06  0.19   -0.25*** 0.16   -0.07  0.22   -0.29*** 0.18  

(1.15)   (1.15)  (1.13)   (0.00)    (1.14)  (1.13)   (0.00)   

G1: Grammar (WLE) 
0.05   -0.09  0.22   -0.31*** 0.23   -0.08  0.23   -0.31*** 0.23  

(0.97)   (0.96)  (0.95)   (0.00)    (0.96)  (0.95)   (0.00)   

G2: Early reading (Std) 
0.02   -0.08  0.15   -0.23*** 0.17   -0.08  0.15   -0.23*** 0.16  

(0.98)   (0.96)  (1.00)   (0.00)    (0.96)  (1.00)   (0.00)   

Child demographics            

Age [Months] 
92.67   92.82  92.46   0.37*** 0.05   92.78  92.51   0.26* 0.06  

(4.48)   (4.62)  (4.27)   (0.01)    (4.64)  (4.22)   (0.05)   

Female 0.51   0.51  0.53   -0.02 0.03   0.50  0.53   -0.02 0.03  

 (0.50)   (0.50)  (0.50)   (0.15)    (0.50)  (0.50)   (0.11)   

Migration background 0.20   0.22  0.19   0.03* -0.06   0.21  0.19   0.02* -0.06  

 (0.40)   (0.41)  (0.39)   (0.06)    (0.41)  (0.39)   (0.08)   

Parental background            

Years of education 
15.00   14.83  15.15   -0.32*** 0.12   14.80  15.20   -0.40*** 0.14  

(2.30)   (2.32)  (2.28)   (0.00)    (2.33)  (2.26)   (0.00)   

ISEI  59.56   57.93  61.01   -3.08*** 0.14   57.63  61.47   -3.84*** 0.16  

 (19.00)   (19.21)  (18.70)   (0.00)    (19.23)  (18.58)   (0.00)   

Number of siblings 1.14   1.15  1.13   0.02 -0.01   1.15  1.13   0.02 -0.01  

 (0.87)   (0.89)  (0.85)   (0.43)    (0.89)  (0.85)   (0.43)   

Number of Students 4564  2721 1843    2811 1753   

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table contains means and standard deviations (in parenthesis) of child 

characteristics for the full, dropout and analysis sample. The full sample contains children that we can link to respective teacher, classroom, 

and parent data, and who have no special needs. The analysis sample includes children who were taught by the same teacher in grades 1 and 

2, who belonged to classrooms with at least five students per teacher in the grade 2 sample, and who had no missing information on any 

variable used for value-added estimations. Most variables have fewer observations than stated in the full and dropout sample. Diff displays 

the difference between analysis and dropout sample, and the respective p-value (in parenthesis) from a t-test for equality. Norm Diff displays 

normalized differences as suggested by Imbens and Wooldridge (2009), where the critical value typically is 0.25 or -0.25. Variables correspond 

to grade 2 unless stated otherwise. Math and grammar competences are measured as weighted maximum likelihood estimations (WLE) and 

standardized by grade to have a zero mean, and a one-unit standard deviation. Early reading competence is standardized to have a zero mean 

and a one-unit standard deviation. Parents’ years of education are estimated as a function based on the Comparative Analysis of Social Mobility 

in Industrial Nations (CASMIN). ISES corresponds to the International Socio-Economic Index of Occupational Status (ISEI-08) estimated 

from the International Standard Classification of Occupations (ISCO-08). Parents’ years of education and ISEI correspond to the highest 

values among parents in the household.* Significant at 0.1 level, ** significant at 0.05 level, *** significant at 0.01 level. 

 

                                                           
41 A t-test might imply a statistically significant difference between samples, because of sample size or variable 

scaling, even though the samples are not substantially different from each other (Imbens, 2015). The normalized 

difference frees the sample comparison from sample size and scale of the variables, by correcting the difference 

between samples by their respective standard deviation. Imbens and Wooldridge (2009) suggest a substantial 

difference between the samples if the normalized difference exceeds 0.25 or -.25. 
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As indicated, table 1 depicts the descriptive statistics of students for the math and language 

analysis samples. The variables always correspond to grade 2 unless otherwise stated. Children 

in the analysis samples are roughly 7.5 years old, half are female, and a fifth have a migration 

background. The average highest years of education among parents in the household is about 

15 years, equivalent to a vocational training degree after completion of Abitur in the CASMIN 

classification (Zielonka and Pelz, 2015). The mean highest ISEI among parents is around 61, 

which corresponds to a medium-high level. Children in the analysis samples have on average 

one sibling. While the t-tests show some differences between the analysis and the dropout 

samples, the criterion for a substantial difference according to Imbens and Wooldridge (2009) 

is not met by any of the variables in the math or language samples. It is, however, close to the 

cutoff for the difference in grammar competence in grade 1, which implies a slightly better 

qualified analysis sample. 

Regarding the teacher descriptive statistics, table 2 provides the respective numbers for the 

math and language analysis samples. More than 90 percent of the primary school teachers in 

our analysis samples are female. While this number seems strikingly high at first sight, official 

numbers confirm that roughly 90 percent of primary school teachers in Germany are female 

(Statistisches Bundesamt, 2019). Teachers are on average 47 years old, they have around 22 

years of experience and practically all of them have the Abitur. The average self-reported 

Abitur GPA is around 2.4, equivalent to a good achievement in the German grading system. 

Self-reported First and Second Examination grades are on average around 2.0, which also 

represents a good performance. Four out of five teachers in the samples have already passed 

their Second State Examination or equivalent. About six percent of teachers have a migration 

background in the math analysis sample, and seven percent in the language sample. The 

average non-standardized constructivist beliefs index has a rather high value, with 3.38 points 

out of 4 possible. On average, the non-standardized exhaustion index has a moderate value of 

2.89 points out of 5 possible. Parental evaluation of teacher quality also is high, with an average 

of 3.60 out of 4. Finally, the mean class size is around 22 students. Once again, even though 

the t-tests show significant differences between the analysis and the dropout samples, the 

criterion for a substantial difference according to normalized differences is not met by any of 

the variables in math or language. Consequently, we can conclude that teachers in our math 

and language analysis samples are not substantially different from teachers in the dropout 

samples.  
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TABLE 2: DESCRIPTIVE STATISTICS TEACHERS 

    Math      Language  

 Full  

sample 
 (1) 

  Dropout 

sample 
 (2) 

Analysis 

sample 
 (3) 

Difference 
(p-value) 

(4) 

Norm 

Diff 

(5) 

    Dropout 

sample 

(6) 

Analysis 

sample 

(7) 

Difference 
 (p-value) 

(8) 

Norm 

Diff 

(9) 
Teacher  

 
    

Gender 0.93    0.94  0.93   0.01*** -0.05      0.94  0.93   0.02*** -0.05  

 (0.25)    (0.24)  (0.26)   (0.00)       (0.24)  (0.26)   (0.00)   

Age 46.02    45.38  47.09   -1.15*** 0.10      45.56  46.85   -1.26*** 0.08  

 (10.73)    (10.85)  (10.47)   (0.00)       (10.91)  (10.39)   (0.00)   

Experience 20.38    19.53  21.77   -0.85*** 0.08      19.76  21.45   -0.88*** 0.05  

 (11.50)    (11.59)  (11.23)   (0.00)       (11.69)  (11.10)   (0.00)   

Has Abitur 0.94    0.93  0.94   -0.02*** 0.02      0.93  0.95   -0.01 0.02  

 (0.24)    (0.25)  (0.23)   (0.00)       (0.25)  (0.23)   (0.11)   

Abitur GPA 2.46    2.48  2.41   0.06*** -0.09      2.48  2.40   0.08*** -0.11  

 (0.52)    (0.53)  (0.49)   (0.00)       (0.53)  (0.50)   (0.00)   

FSE grade 1.99    1.99  1.98   0.01 -0.02      2.00  1.96   0.05*** -0.08  

 (0.47)    (0.49)  (0.42)   (0.59)       (0.49)  (0.43)   (0.00)   

Passed SEE 0.84    0.87  0.80   0.03*** -0.08      0.87  0.80   0.05*** -0.08  

 (0.36)    (0.34)  (0.40)   (0.00)       (0.34)  (0.40)   (0.00)   

SEE grade 1.93    1.93  1.93   0.01 -0.02      1.95  1.90   0.07*** -0.08  

 (0.57)    (0.59)  (0.55)   (0.36)       (0.59)  (0.54)   (0.00)   

Migration background 0.05    0.04  0.06   -0.03*** 0.10      0.04  0.07   -0.04*** 0.11  

 (0.22)    (0.20)  (0.25)   (0.00)       (0.20)  (0.25)   (0.00)   

Constructivist beliefs 3.38    3.38  3.38   -0.00 -0.02      3.38  3.38   0.00 -0.01  

 (0.39)    (0.39)  (0.39)   (0.59)       (0.39)  (0.38)   (0.63)   

Exhaustion 2.99    3.05  2.89   0.10*** -0.10      3.05  2.89   0.15*** -0.10  

 (1.04)    (1.00)  (1.11)   (0.00)       (1.00)  (1.11)   (0.00)   

Parental evaluation 3.59    3.59  3.60   -0.03 0.04      3.58  3.61   -0.04** 0.05  

 (0.36)    (0.41)  (0.26)   (0.19)       (0.41)  (0.26)   (0.03)   

Class size  21.92    21.70  22.27   -0.67*** 0.18      21.76  22.20   -0.81*** 0.16  

 (3.42)    (3.33)  (3.55)   (0.00)       (3.34)  (3.55)   (0.00)   

Number of Teachers 680   429 251       440 240   

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table contains means and standard deviations (in parenthesis) of teacher 

characteristics of the full sample, the dropout, and analysis samples for math and language. The full sample contains all teachers with an 

individual identification number who can be linked to a classroom. The analysis sample comprises teachers who taught the same group of 

children in grades 1 and 2, who had at least five students in the grade 2 sample, and whose students had no missing information on any variable 

used for the value-added estimations. Most variables have fewer observations than stated in the full, dropout, and analysis sample. Diff displays 

the difference between analysis and dropout sample, and the respective p-value (in parenthesis) from a t-test for equality. Norm Diff displays 

normalized differences as suggested by Imbens and Wooldridge (2009), where the critical value typically is 0.25 or -0.25. Self-reported Abitur 

GPA, First State Examination (FSE) and Second State Examination (SSE) grades have a scale that ranges from 1.0 to 4.0, with 1.0 being the 

best possible grade and 4.0 the minimum passing grade. The constructivist beliefs’ index and the parental evaluation indicator are on a scale 

ranging from 1 to 4, with 4 being the highest possible score. The exhaustion index is on a scale from 1 to 5, with 5 being the highest possible 

score. * Significant at 0.1 level, ** significant at 0.05 level, *** significant at 0.01 level. 

 

 ESTIMATION STRATEGY  

Our model is derived from the value-added specification of the regular EPF formalized by 

Todd and Wolpin (2003), but rooted in the longstanding empirical education production 

literature (Ben-Porath, 1967; Hanushek, 1971, 1979). We apply a lagged-score specification of 

a value-added model, which places baseline test scores on the right-hand-side.42 Subsequently, 

                                                           
42 Even though the lagged test score parameter may be poorly estimated in the regression, we can consistently 

estimate the teacher-classroom effects with a lagged-score specification under two conditions. First, past shocks 

to learning decay at the same rate as learning from family and school-related sources (common factor restriction), 

and, therefore, errors are serially uncorrelated (Guarino, Reckase and Wooldridge, 2015). Second, the baseline 

tests scores serve as a good proxy for unobservable individual characteristics (Guarino, Reckase and Wooldridge, 
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given that we have one teacher per classroom, we estimate individual teacher-classroom effects 

derived from the value-added specification using adjusted fixed effects, as well as random 

effects.  

A. Adjusted Fixed Effects 

In our first estimation strategy, we implement a two-step or “average residuals” value-

added model (Koedel, Mihaly and Rockoff, 2015). Specifically, in a first step we estimate the 

following equation using OLS:  

𝑌𝑖𝑠𝑗𝑡 = 𝛼𝑜 + 𝑌𝑖𝑠𝑗𝑡−1𝛽1 + 𝑋𝑖𝑠𝑗𝑡𝛽2 + 𝐶𝑠𝑗𝑡𝛽3 + 𝑛𝑖𝑠𝑗𝑡 

(1) 

where 𝑌𝑖𝑠𝑗𝑡 is the test score in math or language competence for student i at school s with 

teacher j in year t, 𝑌𝑖𝑠𝑗𝑡−1 is a vector of lagged competence test scores (math, grammar and 

science), 𝑋𝑖𝑠𝑗𝑡 is a vector of child characteristics (age, gender, migration background and time 

between tests) and family background (parents’ years of schooling, ISEI and number of 

siblings), 𝐶𝑖𝑠𝑗𝑡 is a vector of classroom characteristics (classroom size, proportion of female 

students, average ISEI), and 𝛼𝑜 is a federal state fixed effect. We introduce federal state fixed 

effects in our model to capture specificities of the educational systems, and school quality at 

the state level, since education is a competence of the federal states in Germany. Standard 

errors are cluster at the student level.43  

In equation (1), 𝑛𝑖𝑠𝑗𝑡 is a composed error term attributed to individual teacher effects and 

classroom shocks, and unobserved school-level or student-level effects. In a second step, the 

composed error term 𝑛𝑖𝑠𝑗𝑡 is averaged among the individual teacher-classroom fixed effects:  

𝑛𝑖𝑠𝑗𝑡 = 𝜃𝑠𝑗𝑡 + 𝑒𝑖𝑠𝑗𝑡 

(2) 

The vector 𝜃𝑠𝑗𝑡in equation (2) contains the individual classroom effects, which are mainly 

driven by teacher quality differences across classrooms. The error term 𝑒𝑖𝑠𝑗𝑡 is composed of 

the unobserved school-level or student-level effects, which are expected to be uncorrelated to 

the classroom effect in German primary schools. 

                                                           
2015). Empirical evidence has shown that the lagged-score specification of the teacher value-added model is the 

most robust, and even performs better than the gain-score specification in the estimation of teacher effects 

(Guarino, Reckase and Wooldridge, 2015; Koedel, Mihaly and Rockoff, 2015). 
43 We rerun our analysis with standard errors clustered at the classroom level. Results do not change and are 

available upon request.  
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We acknowledge that in the presence of non-random assignment of students to teachers, 

unobserved student characteristics might be correlated to the classroom effects, and 

consequently, their estimations could be biased. In addition, a matching of teachers and schools 

within states based on unobserved quality factors could also bias the estimations. However, we 

argue that our value-added model specifications have the potential to lead to unbiased 

estimators of classroom effects, mainly driven by teacher quality differences, because matching 

of students to teachers is not prevalent in primary schools in Germany. On the one hand, 

students are not subject to any tracking based on their ability in the first four years of primary 

school, and most of them must attend the nearest public school to their homes (KMK, 2019).44 

On the other hand, teachers are centrally allocated to schools at the federal state level, based 

on the teaching subjects required at the schools, as opposed to teacher or school preferences 

(Baumert et al., 2010; KMK, 2019). We present evidence of the random assignment of students 

to teachers in our sample in Online Appendix A.  

In addition, vast empirical evidence has shown that EPF models that take into account 

baseline student performance have small and statistically insignificant scope for bias in the 

estimation of teacher effects, even in the presence of non-random assignment of students to 

teachers (Kane and Staiger, 2008; Kane et al., 2013; Bacher-Hicks, Kane and Staiger, 2014; 

Chetty, Friedman and Rockoff, 2014a; Bacher-Hicks et al., 2019). In other words, lagged or 

baseline performance empirically seems to be a sufficient statistic for unobserved student and 

family histories, as well as unobserved endowment of mental capacity or ability. Furthermore, 

our estimates take into account potential student peer effects because we control for classroom 

average characteristics in equation (1).  

As a final step, we implement a procedure known as Empirical Bayes (EB) shrinkage to 

adjust our classroom effects’ estimates by their level of precision, which is commonly done in 

research and policy applications (Koedel, Mihaly and Rockoff, 2015). The implementation of 

EB shrinkage recognizes that value-added estimates of teachers matched to fewer students are 

less precise because one or two students with unusually high or low achievement growth can 

more heavily influence these estimates (Herrmann, Walsh and Isenberg, 2016). Accordingly, 

                                                           
44 According to the German Conference of the Ministers of Education and Cultural Affairs (2019), in order to 

complete general compulsory schooling, pupils generally must attend the local primary school. The exceptions to 

this rule are the states of Nordrhein-Westfalen and Schleswig-Holstein, where parents are free to enroll their child 

in a primary school other than that nearest their home. In Berlin, enrolment in a primary school other than the that 

nearest to the home may take place subject to place availability.  
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the EB shrinkage procedure places less weight on imprecise initial value-added estimates 

(fewer students) and greater weight on more precise ones.45  

We follow Herrmann, Walsh and Isenberg (2016) in the implementation of the EB 

shrinkage procedure outlined by Morris (1983)46, according to which the classroom’s adjusted 

fixed effect can be written as follows: 

𝜃𝑗
𝐸𝐵 ≈  (

�̂�2

�̂�2+𝜎�̂�
2) 𝜃𝑗  

(3) 

Where 𝜃𝑗
𝐸𝐵 is the classrom’s EB estimate, 𝜃𝑗 is the pre-shrinkage classroom point estimate 

for teacher j from the value-added regression model, 𝜎�̂�
2
 is the heteroskedasticity-robust 

variance estimate of 𝜃𝑗 , and �̂� is an estimate of the standard deviation of  the classroom effects, 

which is purged of sampling error and constant for all classrooms.  

Subsequently, we attempt to explain the classroom adjusted fixed effect (FE) using our rich 

vector of teacher observable characteristics 𝜏𝑗 (gender, experience, migration background, 

Abitur GPA, First State Examination grade, passed Second State Examination, constructivist 

beliefs, exhaustion and parental evaluation) as explanatory variables in the following OLS 

regression: 

𝜃𝑗
𝐸𝐵 = 𝛽0 + 𝜏𝑗𝛽1 + 𝑢𝑗  

(4) 

 Under this scenario, the shrinkage procedure is particularly valuable because it reduces 

attenuation bias (Koedel, Mihaly and Rockoff, 2015). 

B. Random effects 

The classrooms’ EB estimates can also be directly obtained from a value-added multilevel 

model, where classroom effects are estimated as random intercepts (Ballou, Sanders and 

Wright, 2004; Rabe-Hesketh and Skrondal, 2012; Guarino, Reckase and Wooldridge, 2015). 

We model equation (1) as a two-level variance-component model: 

𝑌𝑖𝑠𝑗𝑡 = 𝛼𝑜 + 𝑌𝑖𝑠𝑗𝑡−1𝛽1 + 𝑋𝑖𝑠𝑗𝑡𝛽2 + 𝐶𝑖𝑠𝑗𝑡𝛽3 + 𝜁𝑠𝑗𝑡 + 𝜖𝑖𝑠𝑗𝑡, 

(5) 

                                                           
45 If class size were constant across teachers and time, the EB estimates would be identical to the original 

classroom effects estimates produced by our model specification (Guarino, Reckase and Wooldridge, 2015). 
46 We apply the Stata program developed by the Mathematica Policy Research Educator Impact Laboratory, 

version 1.00 -25Feb2016. 
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where 𝜁𝑠𝑗𝑡, and 𝜖𝑖𝑠𝑗𝑡 are the error components assumed to have zero mean and to be 

mutually uncorrelated, so that their variances add up to the total variance. Specifically, 𝜁𝑠𝑗𝑡  is 

a random intercept for teacher-classroom j at school s, and 𝜖𝑖𝑠𝑗𝑡 is an idiosyncratic component 

for student i. The level-2 variance 𝜎𝑗
2 of the random intercept 𝜁𝑠𝑗𝑡 is the between-classroom 

variance, and the level-1 variance 𝜎𝑖
2 of the residuals 𝜖𝑖𝑠𝑗𝑡 can be interpreted as the between-

student, within-classroom variance. 

We implement a maximum likelihood estimation to identify equation (5). Then, we apply 

EB prediction to estimate the random intercepts 𝜁𝑠𝑗𝑡  for individual classrooms, in other words, 

the classroom effects: 

𝜁𝑗
𝐸𝐵 =  (

�̂�𝑗
2

𝜎�̂�
2 +

�̂�𝑖
2

𝑛𝑖
⁄

) 𝜁𝑗 

 (6) 

In this process, the EB prediction is shrunk toward zero (the mean of the prior). As 

mentioned earlier, shrinkage is desirable in our application because it only affects clusters 

(classrooms) that provide little information, and it effectively reduces their influence, 

borrowing strength from other classrooms (Rabe-Hesketh and Skrondal, 2012). 

Once we have calculated the individual classroom random effects (RE), we implement a 

simple OLS regression to explain it with our vector of teacher observable characteristics, 𝜏𝑗:  

 

𝜁𝑗
𝐸𝐵 = 𝛽0 + 𝜏𝑗𝛽1 + 𝑢𝑗 

(7) 

 RESULTS  

A. The Distribution of Classroom Effects 

In Appendix table 1, we report the results of the first step specifications of our value-added 

model to student math competence in grade 2 of primary school, estimated with classroom FE 

and RE. Column (1) presents results of the OLS regression described in equation (1). In column 

(2), we add the individual classroom FE to the original specification to assess changes in the 

explained variance of student math competence due to their inclusion. The adjusted R2 

increases from 0.485 to 0.525, which means that adding classroom FE into the model increases 

the explained variance by about four percentage points. The classroom FE are also jointly 
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significant according to an F-test.  Column (4) displays the results of our two-level variance-

component model according to equation (5), and column (3) contains the results of an 

analogous model where the classroom random intercept is omitted. We observe that the 

inclusion of classroom RE in column (4) is statistically significant and also accounts for around 

four percentage points of the unexplained level-1 variance in column (3). Thus, the between-

classroom variation is about four percent, which is very close to the variation found by Baumert 

et al. (2010). In addition, from the results displayed in columns (1), (2), (3) and (4), we can 

conclude that, aside from the classroom FE or RE, the variables that have more explanatory 

power for student math competence are baseline math, science and grammar competence 

scores, time between tests (months), gender, and to some extent, parents’ ISEI. It is also 

remarkable that the point estimates of the covariates in the FE and RE specifications are very 

similar.  

We also present in Appendix table 1, the first step results of our classroom value-added to 

student language competence, estimated with classroom FE and RE. From the adjusted R2 

reported in columns (5) and (6), we observe that the inclusion of classroom FE increases the 

explained variance of the model by around six percentage points. Likewise, column (8) shows 

that around five percentage points of the unexplained variance of our RE specification in 

column (7) can be attributed to the classroom random intercept. In addition, the regression 

outputs in columns (5), (6), (7) and (8) indicate that the variables significantly and consistently 

associated with student language competence are prior grammar and math competence scores, 

time between tests (months), gender, migration background, and parents’ years of education. 

Once again, it is remarkable that the point estimates of the covariates in the FE and RE 

specifications are very similar.  

In table 3, we present the distribution of the classroom effects on student math competence 

estimated as adjusted classroom FE following equations (1), (2) and (3), and as classroom RE 

according to equations (5) and (6). The classroom effects can also be interpreted as indicators 

of classroom quality in terms of the individual classroom contribution to student competence 

development. Individual teacher effects, as explained earlier, mainly drive our classroom 

effects’ estimates. Column (1) reports the standard deviations of the distributions of classroom 

effects estimated with adjusted FE and RE after controlling only for federal state effects, lagged 

competence scores and time between tests in equations (1) and (5), respectively. The adjusted 

FE specification shows that one standard deviation change in classroom quality is associated 

with a 0.119 standard deviation higher student math competence score. The RE specification 

estimates a slightly higher standard deviation of 0.122. In Column (5), we present our 
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estimations after controlling for a full set of child characteristics, family socio-economical 

background, classroom size, and additional classroom averages. Results remain practically the 

same, with one standard deviation change in classroom quality associated with a 0.120 standard 

deviation higher student math competence score in the classroom adjusted FE specification, 

and with a 0.124 standard deviation higher score in the classroom RE specification. The 

estimated distributions of classroom effects on math competence are also presented in figure 

1. Notably, the adjusted FE and RE distributions practically overlap.  

 

TABLE 3. ESTIMATES OF CLASSROOM EFFECTS ON MATH COMPETENCE 

 (1) (2) (3) (4) (5) 

Classroom Fixed Effects (FE):      

Standard deviation 0.364 0.362 0.360 0.360 0.360 

Adjusted EB standard deviation 0.119 0.121 0.120 0.120 0.120 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Classroom Random Effects (RE):      

EB Standard deviation  0.122 0.124 0.124 0.124 0.124 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Included covariates:      

Federal State effects YES YES YES YES YES 

Lagged test scores YES YES YES YES YES 

Student characteristics NO YES YES YES YES 

Parental background NO NO YES YES YES 

Classroom size NO NO NO YES YES 

Classroom averages NO NO NO NO YES 

Number of teachers/classrooms 251 251 251 251 251 

Number of students threshold 5 5 5 5 5 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents standard deviations of distributions of 

classroom effects on math competence estimated as FE using OLS regressions, and RE using hierarchical 

multilevel (mixed) regressions. Empirical Bayes (EB) shrinkage was implemented to obtain the adjusted FE 
standard deviation. All results are based on regressions of math competence test scores in grade 2 on lagged math, 

grammar and science competence test scores, time between tests and federal state fixed effects. Columns (2)-(5) 

control for the following student characteristics: age, gender, migration background; for parental background: 
highest years of education, highest ISEI, number of siblings; and for classroom averages: proportion of females, 

average ISEI. 

 

We present our estimates of the distribution of the classroom effects on language 

competence in table 4, following the same structure of table 3. The standard deviation of the 

classroom quality distribution estimated with the adjusted FE specification ranges from 0.149 

in Column (1) to 0.142 in Column (5), when a full set to controls are introduced in equation 

(1). The standard deviation of the classroom quality distribution estimated with RE is virtually 

the same. It decreases from 0.148 in Column (1) to 0.140 in Column (5), when a full set of 

controls are taken into account in equation (5). Accordingly, we can conclude that a one 

standard deviation increase in classroom quality is associated with about a 0.140 standard 

deviation higher student language competence score. Figure 1 also displays the distributions of 

the classroom adjusted FE and RE on language competence. 
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TABLE 4. ESTIMATES OF CLASSROOM EFFECTS ON LANGUAGE COMPETENCE 

 (1) (2) (3) (4) (5) 

Classroom Fixed Effects (FE):      

Standard deviation 0.403 0.398 0.397 0.397 0.396 

Adjusted EB standard deviation 0.149 0.142 0.146 0.145 0.142 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Classroom Random Effects (FE):      

EB Standard deviation  0.148 0.141 0.145 0.145 0.140 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Included covariates:      

Federal State effects YES YES YES YES YES 

Lagged test scores YES YES YES YES YES 

Student characteristics NO YES YES YES YES 

Family background NO NO YES YES YES 

Classroom size NO NO NO YES YES 

Classroom averages NO NO NO NO YES 

Number of teachers/classrooms 240 240 240 240 240 

Number of students threshold 5 5 5 5 5 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents standard deviations of distributions of 
classroom effects on language competence estimated as FE using OLS regressions, and RE using hierarchical 

multilevel (mixed) regressions. Empirical Bayes (EB) shrinkage was implemented to obtain the adjusted FE 

standard deviation. All results are based on regressions of early reading competence test scores in grade 2 on lagged 
math, grammar and science competence test scores, time between tests and federal state fixed effects. Columns (2)-

(5) control for the following student characteristics: age, gender, migration background; for parental background: 

highest years of education, highest ISEI, number of siblings; and for classroom averages: proportion of females, 
average ISEI. 

 

Interestingly, our classroom adjusted FE and RE’s estimates are practically the same, and 

do not change with the inclusion of additional controls once we have taken into account lagged 

competence scores and time between tests. This aligns with previous research in the US, which 

has found that controlling for lagged test scores is key to obtaining unbiased value-added 

estimates, since most of the sorting of students to teachers relevant for future achievement is 

captured by them (Chetty, Friedman and Rockoff, 2014a). In addition, our estimates are 

comparable in size to classroom effects estimated for primary school in the US. With respect 

to the distributions of classroom value-added obtained by Chetty, Friedman and Rockoff 

(2014a), our standard deviations are smaller for math (0.166 SD) and greater for language 

(0.117 SD). Thus, in terms of student competence development, the quality differences among 

teachers and their classrooms in Germany are smaller for math and larger for language. 

Our estimates of the adjusted classroom FE and RE can be also used to build quality 

rankings of classrooms based on their individual contribution to competence development. We 

present classroom rankings of predicted value-added to student math competence derived from 

their individual adjusted FE and RE in Appendix figure 1. We also display rankings of 

classroom predicted value-added to student language competence derived from the adjusted 

FE and the RE estimations in Appendix figure 2. Even though the individual classroom 

contributions are nosily predicted because of our small student sample size, it is clear that some 
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classrooms, and primarily their teachers, significantly outperform or underperform compared 

to the average classroom’s contribution to learning.  

 

 

FIGURE 1. DISTRIBUTION OF CLASSROOM EFFECTS ON MATH AND LANGUAGE COMPETENCE 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This figure presents kernel density distributions of 

classroom effects on students’ math competence development, estimated as FE using OLS regressions, and RE 
using hierarchical multilevel (mixed) regressions. Empirical Bayes (EB) shrinkage was implemented to obtain 

the adjusted FE distribution. All distributions are based on regressions of math competence test scores in grade 

2 on lagged math, grammar and science competence test scores, time between tests, child age, gender, 
migration background and number of siblings, parents’ highest years of education and highest ISEI, classroom 

averages and federal state fixed effects. 
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In addition, it is relevant that our classroom effect estimations assume that one teacher is 

responsible for teaching all main subjects in the classroom, because the NEPS SC2 data 

provides information on classroom teachers for the primary school grades, as opposed to 

subject teachers.47 Indeed, having classroom teachers in primary school is common practice in 

Germany, and consistent with teaching careers at the primary school level (KMK, 2019). In 

this context, we also estimate the correlation between the math and language classroom effects 

for the adjusted FE and RE specifications. We find a positive correlation of 0.208 for the 

adjusted FE specification and of 0.205 for the RE specification, which suggests that higher 

math value-added classrooms also tend to be higher language value-added classrooms.48 

Furthermore, as a robustness check, we rerun our analysis for subsamples of teachers who 

explicitly declared they were responsible for math and/or language instruction in grade 2 in the 

NEPS SC2 data. Results are very similar and presented in Online Appendix B. 

B. Explaining Classroom Effects with Observable Teacher Characteristics 

In this subsection, we report regression results of the association between the estimated 

classroom effects on student competence scores and observed teacher characteristics, according 

to equation (4) for the adjusted FE specification and equation (7) for the RE specification.  

Our value-added estimations are based on all classrooms linked to teacher unique 

identifiers, regardless of whether a teacher has answered specific questions on her 

characteristics in the NEPS surveys. Accordingly, from the original math sample of 251 

teachers, and language sample of 240 teachers, we have full information on the characteristics 

of 147 and 141 teachers, respectively. Thus, the reduction in the teacher-classroom sample size 

could pose a concern of sample selectivity and representability of the results. In order to test 

whether there is an association between teacher willingness to disclose professional 

information and our classroom effects’ estimations, we calculate an index based on the number 

of questions answered by each teacher. Then, we calculate its correlation with our adjusted 

classroom FE and RE estimations. We found correlations virtually equal to zero for both 

estimations in math and language.49 Therefore, we conclude that our reduced sample is not 

positively or negatively selected with respect to teacher quality.   

                                                           
47 NEPS SC2 classroom data is not divided into math and language classrooms as it is done in NEPS SC3 for 

grade 5 and up.  
48 These results are based on classrooms for which we are able to estimate both math and language effects. The 

sample size decreases to 234 classrooms.  
49 Results available upon request. 
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Table 5 presents results for math and reading competence. Column (1) shows the 

association of teacher characteristics with the classroom effects on math competence 

development estimated with adjusted FE and column (2) with RE. As reported by previous 

research, our rich set of teacher covariates explain very little of the variance of the classroom 

effects on math competence, just about five percent in both model specifications. Moreover, 

we identify no significant correlation.50  

 

TABLE 5. ASSOCIATION OF TEACHER CHARACTERISTICS AND CLASSROOM EFFECTS ON MATH AND LANGUAGE COMPETENCE 

 Math  Language 

 

Teacher 

EB Adjusted 

Fixed Effect 

(1) 

EB Random 

Effect 

(2) 

 EB Adjusted 

Fixed Effect 

(3) 

EB Random 

Effect 

(4) 

Female -0.067 

(0.041) 

-0.068 

(0.042) 

 0.010 

(0.044) 

0.008 
(0.043) 

Years of experience 0.001 

(0.001) 

0.001 

(0.001) 

 0.001 

(0.001) 

0.001 
(0.001) 

Abitur GPA -0.012 

(0.011) 

-0.012 

(0.012) 

 0.025* 

(0.014) 

0.025* 
(0.014) 

FSE Grade -0.001 

(0.010) 

-0.002 

(0.011) 

 -0.030* 

(0.018) 

-0.030* 
(0.018) 

SSE Passed -0.006 

(0.026) 

-0.005 

(0.026) 

 0.023 

(0.039) 

0.023 
(0.039) 

Migration background 0.036 

(0.033) 

0.037 

(0.034) 

 -0.022 

(0.058) 

-0.020 
(0.057) 

Constructivist beliefs 0.010 

(0.012) 

0.010 

(0.013) 

 0.017 

(0.011) 

0.017 
(0.011) 

Exhaustion -0.004 

(0.009) 

-0.005 

(0.010) 

 -0.012 

(0.013) 

-0.012 
(0.013) 

Parental evaluation -0.001 

(0.010) 

-0.001 

(0.010) 

 0.026** 

(0.012) 

0.025** 
(0.012) 

Constant  0.044 

(0.050) 

0.043 

(0.051) 

 -0.058 

(0.061) 

-0.055 
(0.061) 

Number of teacher with 

observables 

147 147  141 141 

R2 0.049 0.049  0.102 0.102 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents OLS regressions of classroom value-added to 

math and language competence on teacher characteristics. Self-reported Abitur GPA and First State Examination (FSE) 

grade originally were on a scale that went from 1.0 to 4.0, with 1.0 being the best possible grade and 4.0 the minimum 

passing grade. These self-reported grades were standardized to have zero mean and a one unit standard deviation with 

respect to the full sample of teachers. Standard errors in parentheses. * Significant at 0.1 level, ** significant at 0.05 level, 

*** significant at 0.01 level. 

Columns (3) and (4) of table 5 present the association of teacher observables with 

classroom effects on language competence development estimated as classroom adjusted FE 

and RE, respectively. For language competence, the observable teacher characteristics explain 

                                                           
50 Alternatively, we investigate the association between teacher characteristics and student math competence 

development by directly introducing these observables into equation (1) and estimating an OLS regression with 

clustered standard errors at the classroom level. We find a negative correlation with teacher female gender, which 

is significant only at the 10 percent level. All the other teacher characteristics remain uncorrelated with math 

competence development. We argue that the indirect associations with the classroom effects are more robust, 

because the number of students per teacher might influence the statistical significance of the direct associations 

estimated with OLS. Results available upon request.  
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about 10 percent of the variance in the classroom effects in both specifications. Surprisingly, 

only average parental evaluation of teacher quality is significantly associated with classroom 

effects on language competence at the 5 percent significance level. One standard deviation 

increase in the average parental evaluation is associated with a 0.026 standard deviation higher 

student language competence score in the adjusted FE specification, and with a 0.025 standard 

deviation higher score in the RE specification. This association aligns with previous 

experimental value-added research conducted in primary schools (Araujo et al., 2016). In 

addition, we find marginal associations with Abitur GPA and the First State Examination grade 

in both specifications at the 10 percent significance level.51 

C. Heterogeneity by Teacher Gender 

In our analysis samples, more than 90 percent of teachers are female. Given that we 

probably have a highly selective group of male teachers, we replicate our entire analysis 

exclusively for the female sample. 

 

TABLE 6. ESTIMATES OF CLASSROOM EFFECTS ON MATH COMPETENCE, FEMALE TEACHER SAMPLE 

 (1) (2) (3) (4) (5) 

Classroom Fixed Effects (FE):      

Standard deviation 0.357 0.355 0.354 0.354 0.354 

Adjusted EB standard deviation 0.107 0.109 0.108 0.107 0.107 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Classroom Random Effects (RE):      

EB Standard deviation  0.107 0.109 0.108 0.108 0.108 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Included covariate:      

Federal State effects YES YES YES YES YES 

Lagged test scores YES YES YES YES YES 

Student characteristics NO YES YES YES YES 

Family background NO NO YES YES YES 

Classroom size NO NO NO YES YES 

Classroom averages NO NO NO NO YES 

Number of teachers/classrooms 233 233 233 233 233 

Number of students threshold 5 5 5 5 5 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents standard deviations of female classroom 

effects on math competence distributions estimated as FE using OLS regressions, and RE using hierarchical 
multilevel (mixed) regressions. Empirical Bayes (EB) shrinkage was implemented to obtain the adjusted FE 

standard deviation. All results are based on regressions of math competence test scores in grade 2 on lagged math, 

grammar and science competence test scores, time between tests and federal state fixed effects. Columns (2)-(5) 
control for the following student characteristics: age, gender, migration background; for parental background: 

highest years of education, highest ISEI, number of siblings; and for classroom averages: proportion of females, 

average ISEI. 

                                                           
51 We also estimated the direct association between teacher characteristics and student language competence 

development in equation (1) using an OLS regression with clustered standard errors at the classroom level. We 

find a stronger association with average parental evaluation of teacher quality, which is significant at the 1 percent 

level. The associations with Abitur GPA and the First State Examination grade have the same direction, but only 

Abitur is significant at the 10 percent level. A positive association with the constructivist beliefs index becomes 

significant, but only at the 10 percent level. We argue that the indirect associations with the classroom effects are 

more robust, since the number of students per teacher might influence the statistical significance of the direct 

associations estimated with OLS.  Results available upon request. 



29 
 

Mirroring the structure of table 3, in table 6 we report the distribution of classroom quality, 

or effects on student math competence estimated as adjusted FE and RE for the teacher female 

sample. The adjusted FE specification produces a standard deviation of 0.107 in the classroom 

effects distribution, which does not change when a full set of controls are introduced in Column 

(5). The standard deviation estimated with RE is exactly the same, but slightly increases from 

0.107 in Column (1) to 0.108 in Column (5). Thus, we observe that the variance of the 

classroom quality distribution is smaller for the teacher female sample. One standard deviation 

increase in classroom quality is associated with at least a 0.107 standard deviation higher 

student math competence score. 

Table 7 presents the distribution of classroom effects on student language competence, 

following the same structure as table 3. Once again, we find that the variance of the classroom 

quality distribution is smaller for the female sample. The standard deviations of both the 

classroom adjusted FE, and the RE specifications, range from 0.134 in Column (1) to 0.128 in 

Column (5), when a full set of controls are introduced. Accordingly, we observe that one 

standard deviation increase in classroom quality is associated with at least a 0.128 standard 

deviation higher student language competence score.  

 

TABLE 7. ESTIMATES OF CLASSROOM EFFECTS ON LANGUAGE COMPETENCE, FEMALE TEACHER SAMPLE 

 (1) (2) (3) (4) (5) 

Classroom Fixed Effects (FE):      

Standard deviation 0.393 0.389 0.387 0.387 0.385 

Adjusted EB standard deviation 0.134 0.129 0.132 0.132 0.128 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Classroom Random Effects (RE):      

EB Standard deviation  0.134 0.128 0.132 0.132 0.128 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Included covariate:      

Federal State effects YES YES YES YES YES 

Lagged test scores YES YES YES YES YES 

Student characteristics NO YES YES YES YES 

Family background NO NO YES YES YES 

Classroom size NO NO NO YES YES 

Classroom averages NO NO NO NO YES 

Number of teachers/classrooms 223 223 223 223 223 

Number of students threshold 5 5 5 5 5 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents standard deviations of female 
classroom effects on language competence distributions estimated as FE using OLS regressions, and RE 

using hierarchical multilevel (mixed) regressions. Empirical Bayes (EB) shrinkage was implemented to 

obtain the adjusted FE standard deviation. All results are based on regressions of early reading competence 
test scores in grade 2 on lagged math, grammar and science competence test scores, time between tests and 

federal state fixed effects. Columns (2)-(5) control for the following student characteristics: age, gender, 

migration background; for parental background: highest years of education, highest ISEI, number of 

siblings; and for classroom averages: proportion of females, average ISEI. 

We also look at the association between classroom effects on student math and language 

competence scores and observed teacher characteristics in the female teacher sample. Results 
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are reported in table 8 using the same structure as table 5. Similar to the findings in the full 

teacher sample, column (1) and column (2) show that there is no significant association 

between any of the individual teacher characteristics and the classroom effects on math 

competence, estimated either as adjusted FE or as RE for the female sample.52 Likewise, 

parental evaluation of teacher quality is the only teacher characteristic significantly and 

positively associated with classroom value-added to language competence in grade 2, estimated 

as adjusted FE in column (3), or as RE in column (4) for the female sample. The size of the 

association is virtually the same as that of the full teacher sample, a 0.024 standard deviation 

higher language competence score in both specifications. Moreover, the previous marginal 

associations with Abitur GPA or First State Examination grade become insignificant, which 

suggest that they were probably driven by the male sample.53  

TABLE 8. ASSOCIATION OF TEACHER CHARACTERISTICS AND CLASSROOM EFFECTS ON MATH AND LANGUAGE COMPETENCE, FEMALE 

TEACHER SAMPLE 

 Math  Language 

 

Teacher 

EB Adjusted 

Fixed Effect 

(1) 

EB Random 

Effect 

(2) 

 EB Adjusted 

Fixed Effect 

(3) 

EB Random 

Effect 

(4) 

Years of experience 0.001 

(0.001) 

0.001 

(0.001) 

 0.001 

(0.001) 

0.001 

(0.001) 

Abitur GPA -0.012 

(0.010) 

-0.012 

(0.011) 

 0.015 

(0.013) 

0.014 

(0.013) 

FSE Grade -0.003 

(0.010) 

-0.003 

(0.010) 

 -0.027 

(0.018) 

-0.027 

(0.018) 

SSE Passed -0.014 

(0.024) 

-0.014 

(0.024) 

 0.033 

(0.039) 

0.033 

(0.039) 

Migration background 0.039 

(0.032) 

0.039 

(0.032) 

 -0.019 

(0.053) 

-0.018 

(0.053) 

Constructivist beliefs 0.007 

(0.011) 

0.007 

(0.012) 

 0.015 

(0.011) 

0.015 

(0.011) 

Exhaustion -0.007 

(0.009) 

-0.007 

(0.009) 

 -0.008 

(0.013) 

-0.008 

(0.013) 

Parental evaluation -0.001 

(0.009) 

-0.001 

(0.009) 

 0.024** 

(0.011) 

0.024** 

(0.011) 

Constant  -0.018 

(0.029) 

-0.019 

(0.030) 

 -0.062 

(0.044) 

-0.059 

(0.044) 

Number of teacher with 

observables 

135 135  129 129 

R2 0.046 0.046  0.097 0.096 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents OLS regressions of female classroom value-added to 

math and language competence on teacher characteristics. Self-reported Abitur GPA and First State Examination (FSE) grades 

originally were on scale from 1.0 to 4.0, with 1.0 being the best possible grade and 4.0 the minimum passing grade. These self-

reported grades were standardized to have zero mean and a one-unit standard deviation with respect to the full sample of teachers. 

Standard errors in parentheses. * Significant at 0.1 level, ** significant at 0.05 level, *** significant at 0.01 level. 

                                                           
52 We find the same results in our alternative specification, which directly introduces teacher characteristics into 

equation (1) and estimates their association with student math competence development using an OLS regression 

with standard errors clustered at the classroom level. Results available upon request.  
53 When estimating the direct association between teacher characteristics and student language competence 

development in equation (1) using an OLS regression with standard errors clustered at the classroom level, we 

also find a significant association with average parental evaluation of teacher quality at the 1 percent level. No 

other teacher characteristic is significantly correlated to language competence development. Results available 

upon request. 
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D. Parental Behavioral Response 

Our results show that German primary school parents give higher evaluation scores to 

teachers who exhibit higher classroom effects on language competence development; in other 

words, our results suggest that parents can identify better teachers for language competence 

development. In the value-added model framework, simultaneous parental behavioral 

responses to augment or offset the effect of being assigned to a better or worst teacher are 

included in the classroom effect estimations, as stressed by Todd and Wolpin (2003). 

Accordingly, in this section, we analyze these parental responses. 

The NEPS SC2 survey asked parents how much time they spend helping their children with 

their homework and other school exercises in a typical school week, and whether their children 

have received private tutoring in grade 2. Using the student language sample,54 we analyze the 

association of these measures of parental behavioral response with the individual parental 

evaluation of teacher quality in grade 2.55About 94 percent of the parents in the student 

language sample provided detailed answers on time spent helping with homework in hours and 

minutes. In addition, virtually all parents provided information on whether their children had 

private tutoring; nonetheless, only around a three percent gave an affirmative answer. 

 Table 9 reports regression results for parental time spent helping with homework, in 

column (1) accounting only for federal state fixed effects as control, and in column (2) 

including a full set of child, family, and classroom controls including lagged competence test 

scores. We find that higher parental perception of teacher quality is associated with less time 

spent helping with homework; however, these associations are statistically insignificant. 

Columns (3) and (4) present regression results for whether the child had private tutoring as a 

dependent variable, respectively without and with a full set of controls. Results show negative 

and significant associations with parental perception of teacher quality. A child is about eight 

percent less likely to receive private tutoring if the parental evaluation of teacher quality 

corresponds to the highest possible category, as displayed in column (4). Nonetheless, as 

mentioned, a very small and probably highly selective percentage of children receive private 

tutoring in our sample. Finally, columns (5) and (6) display regression results on whether the 

                                                           
54 We also run our analysis using the math student sample and the results (available upon request) are virtually 

the same. 
55 As indicated in section 3, this indicator comes from parents’ assessment on whether school teachers tried to 

meet children’s needs on a 4-point Likert scale. The Likert scale has the following categories: 1. Does not apply, 

2. Does rather not apply, 3. Does rather apply and 4. Does apply. Due to a small number of observations in 

categories 1. and 2., we combine them into one category “Does not/rather not apply”. 
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child had private tutoring specifically in the subject of German language,56 respectively without 

and with a full set of controls. Once again, we observe that the higher the parental evaluation 

of teacher quality, the lower the probability of receiving private language tutoring for a child, 

about seven percent significantly lower for the highest evaluation of teacher quality. However, 

the percentage of children expose to private language tutoring is even smaller, at about one 

percent of the student language sample.  

 

TABLE 9. PARENTAL EVALUATION OF TEACHER QUALITY AND BEHAVIORAL RESPONSES 

 Time Helping with 

Homework (h) 

 Private  

Tutoring 

 Private  

Tutoring (German) 

 (1) (2)  (3) (4)  (5) (6) 

Teacher meets child's needs:         
Does rather apply -0.369 

(0.308) 

-0.181 

(0.294) 

 -0.083** 

(0.036) 

-0.076** 

(0.035) 

 -0.064** 

(0.031) 

-0.061** 

(0.031) 

Does apply -0.221 

(0.299) 

-0.086 

(0.283) 

 -0.089** 

(0.035) 

-0.082** 

(0.035) 

 -0.073* 

(0.031) 

-0.071** 

(0.031) 

Included covariates:         
Federal State effects YES YES  YES YES  YES YES 
Lagged test scores NO YES  NO YES  NO YES 
Student characteristics NO YES  NO YES  NO YES 
Family background NO YES  NO YES  NO YES 
Classroom size NO YES  NO YES  NO YES 
Classroom averages NO YES  NO YES  NO YES 

N 1652 1652  1752 1752  1752 1752 

R2 0.015 0.049  0.026 0.052  0.037 0.049 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: Column (1) and (2) results are based on OLS regressions of 
parental time spent helping with children’s homework in a typical school week (hours) on parental evaluation of teacher 

quality measured on a 3-point Likert scale (base category: “Does not/rather not apply”) in grade 2. Column (3) and (4) 

results are based on OLS regressions of whether the child receives private tutoring on parental evaluation of teacher 
quality in grade 2. Column (5) and 6) results are based on OLS regressions of whether the child receives private tutoring 

for language (German) on parental evaluation of teacher quality in grade 2. Columns (2), (4), and (6) control for the 

following student characteristics: lagged math, language and science competence, age, gender, migration background, 
parental background, highest years of education, highest ISEI, number of siblings, classroom averages, proportion of 

females, average ISEI. Standard errors (in parentheses) clustered at the individual level. Total number of observations 

corresponds to valid parental answers to the dependent variables in the language student sample. * Significant at 0.1 

level, ** significant at 0.05 level, *** significant at 0.01 level. 

 

Our results suggest, on the one hand, that parents do not generally respond to a perceived 

higher teacher quality by spending significantly less time helping their children with their 

homework. On the other hand, parents seem to decrease their investment in private tutoring 

when teacher quality is perceived as higher, but this seems to affect a highly selective sample 

of students.  

 

                                                           
56Among the topics covered in language private tutoring are: reading and understanding texts, speaking and oral 

comprehension, spelling and writing,  
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 CONCLUSION  

In this paper, we have provided the first estimations of substantial classroom quality 

differences on competence development in German primary schools. One standard deviation 

increase in classroom quality is associated with at least 12 percent of a standard deviation 

increase in student mathematical competence score, and at least 14 percent of a standard 

deviation increase in language competence score. These classroom effects are driven by 

unbiased teacher quality differences across classrooms, since our estimations take into account 

student baseline competence scores and peer effects, and there is no systematic matching of 

students to teachers based on ability and other socio-economic factors in the German primary 

school.  

We have managed to build a short panel of teachers and their students that covers math and 

language competence development between grades 1 and 2 using data from the SC2 of the 

NEPS. However, we observe only one classroom per teacher, and therefore, have not been able 

to estimate persistent teacher effects. Nonetheless, based on previous empirical research on 

classroom and teacher effects conducted in primary schools (Chetty, Friedman and Rockoff, 

2014a; Araujo et al., 2016), we are confident that persistent teacher effects are at most one to 

two percentage points smaller than our classroom effects’ estimates.  

Our research has also confirmed that easily quantifiable teacher characteristics explain very 

little of the variance of the classroom effects on math and language competence in the German 

primary school. Moreover, we have found no association between our estimates of classroom 

quality and most of the teacher characteristics analyzed, including gender, years of teaching 

experience, migration background, self-reported Abitur GPA, self-reported First State 

Examination grade, whether the teacher has passed the Second State Examination, 

constructivist beliefs and exhaustion levels. Interestingly, our indicator of parental evaluation 

of teacher quality is the only covariate that is significantly and positively associated with our 

estimates of classroom effects on language competence development. This result suggests that 

parents can identify effective teachers in the first years of primary school. In addition, we find 

that a selective group of parents exhibits behavioral responses to differences in perceived 

teacher and classroom quality.   

In the last 20 years, research in the US and around the world has consistently found that 

teacher value-added is an educationally and economically meaningful measure. This study is 

the first step toward the estimation of persistent teacher effects and their determinants in 



34 
 

German primary schools. The implementation of a national panel study of teachers is urgently 

needed for the development of future research and policy applications.  

We conclude with some policy recommendations. Our research suggests that policy makers 

should consider teacher and classroom value-added measures as powerful tools for evaluating 

and improving teacher workforce quality in Germany, given that the observable characteristics 

typically used in teacher recruitment processes explain very little of the variance in teacher 

effectiveness. Quality rankings of teachers and their classrooms, based on their individual 

contribution to competence development, could be used to incentivize top performers, or to 

identify and dismiss teachers who are permanently at the bottom of the quality distribution. 

Moreover, we present evidence that the inclusion of parent perspectives in teacher quality 

assessments is meaningful and worth of consideration in primary schools.   
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APPENDIX TABLES  

APPENDIX TABLE 1. VALUE-ADDED TO MATH AND LANGUAGE COMPETENCE WITH AND WITHOUT CLASSROOM EFFECTS 

 Math  Language 

 OLS 

(Fixed Effects) 

 HML 

(Rando Effects) 

 OLS 

(Fixed Effects) 

 HML 

(Rando Effects) 
 (1) (2)  (3) (4)  (5) (6)  (7) (8) 

Child competences:            

Lagged Math  0.520*** 
(0.025) 

0.497*** 
(0.026) 

 0.520*** 
(0.023) 

0.513*** 
(0.023) 

 0.258*** 

(0.026) 

0.217*** 

(0.028) 

 0.258*** 
(0.025) 

0.245*** 
(0.025) 

Lagged Scientific  0.195*** 
(0.032) 

0.265*** 
(0.034) 

 0.195*** 
(0.031) 

0.216*** 
(0.031) 

 0.007 

(0.034) 

0.031 

(0.036) 

 0.007 
(0.034) 

0.013 
(0.034) 

Lagged Grammar  0.160*** 
(0.028) 

0.143*** 
(0.029) 

 0.160*** 
(0.025) 

0.155*** 
(0.025) 

 0.211*** 
(0.031) 

0.221*** 
(0.032) 

 0.211*** 
(0.028) 

0.215*** 
(0.028) 

Child demographics:            

Age 0.003 
(0.005) 

0.001 
(0.005) 

 0.003 
(0.005) 

0.002 
(0.005) 

 0.006 

(0.005) 

0.004 

(0.005) 

 0.006 
(0.005) 

0.005 
(0.005) 

Female -0.209*** 
(0.039) 

-0.206*** 
(0.040) 

 -0.209*** 
(0.039) 

-0.208*** 
(0.038) 

 0.190*** 
(0.043) 

0.168*** 
(0.044) 

 0.190*** 
(0.043) 

0.181*** 
(0.042) 

Migration background 0.062 
(0.047) 

0.105** 
(0.052) 

 0.062 
(0.050) 

0.071 
(0.051) 

 0.155*** 

(0.054) 

0.154*** 

(0.059) 

 0.155*** 
(0.055) 

0.153*** 
(0.056) 

Time between tests 0.111*** 
(0.013) 

0.044 
(0.174) 

 0.111*** 
(0.013) 

0.109*** 
(0.015) 

 0.071*** 

(0.015) 

0.128 

(0.154) 

 0.071*** 
(0.014) 

0.072*** 
(0.017) 

Parental background:            
Years of education 0.007 

(0.012) 

0.018 
(0.012) 

 0.007 
(0.012) 

0.010 
(0.012) 

 0.036*** 

(0.013) 

0.037*** 

(0.013) 

 0.036*** 
(0.013) 

0.036*** 
(0.013) 

ISEI 0.003** 
(0.001) 

0.002 
(0.001) 

 0.003** 
(0.001) 

0.003** 
(0.001) 

 0.003* 
(0.002) 

0.003 
(0.002) 

 0.003* 
(0.002) 

0.003* 
(0.002) 

Siblings -0.024 
(0.022) 

-0.016 
(0.022) 

 -0.024 
(0.022) 

-0.023 
(0.022) 

 -0.007 

(0.026) 

-0.012 

(0.027) 

 -0.007 
(0.025) 

-0.007 
(0.025) 

Classroom:            

Class size -0.002 
(0.006) 

-0.117 
(0.146) 

 -0.002 
(0.006) 

-0.003 
(0.007) 

 0.003 

(0.007) 

0.322*** 

(0.117) 

 0.003 
(0.007) 

0.003 
(0.008) 

Female proportion -0.000 
(0.002) 

0.038 
(0.054) 

 -0.000 
(0.002) 

-0.001 
(0.002) 

 0.002 

(0.002) 

-0.112*** 

(0.040) 

 0.002 
(0.002) 

0.002 
(0.003) 

Average ISEI 0.000 
(0.002) 

-0.027 
(0.065) 

 0.000 
(0.002) 

-0.000 
(0.003) 

 -0.005** 
(0.003) 

0.093** 
(0.041) 

 -0.005** 
(0.003) 

-0.005 
(0.003) 

Constant -1.159** 
(0.541) 

1.548 
(3.661) 

 -1.159** 
(0.533) 

-1.094** 
(0.556) 

 -1.829*** 
(0.561) 

-7.803** 
(3.232) 

 -1.829*** 
(0.589) 

-1.786*** 
(0.619) 

Var (Classroom)  

 

 

 

  0.044*** 
(0.012) 

  

 

 

 

  0.054*** 
(0.014) 

Var (Residual)  
 

 
 

 0.645*** 
(0.021) 

0.601*** 
(0.021) 

  
 

 
 

 0.735*** 
(0.025) 

0.681*** 
(0.025) 

Federal State Effect YES YES  YES YES  YES YES  YES YES 

Classroom Effect NO YES  NO YE  NO YES  NO YE 

Number of students 1843 1843  1843 1843  1753 1753  1753 1753 
Number of teachers  251 251  251 251  240 240  240 240 

R2 0.493 0.592     0.263 0.411    

Adjusted R2 0.485 0.525     0.251 0.314    

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: Columns (1) and (2) report coefficients from OLS regressions estimated without and 

with classroom effects, respectively.  Columns (3) and (4) report coefficients from a hierarchical multilevel (mixed) model without and with 

classroom random effects, respectively.  Standard errors (in parentheses) are clustered at the student level in the OLS regressions. *Significant 

at 0.1 level, ** significant at 0.05 level, *** significant at 0.01 level. 
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APPENDIX FIGURES 

 

 

 

 

APPENDIX FIGURE 1. CLASSROOM RANKING BY EFFECTS ON MATH (ADJUSTED FIXED AND RANDOM 

EFFECTS) 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This figure presents classroom rankings of predicted individual effects on 
students’ math competence development, estimated as FE using OLS regressions, and RE using hierarchical multilevel (mixed) 

regressions. Empirical Bayes (EB) shrinkage was implemented to obtain the adjusted FE. All distributions are based on regressions of 

math competence test scores in grade 2 on lagged math, grammar and science competence test scores, time between tests, child age, 
gender, migration background and number of siblings, parents’ highest years of education and highest ISEI, classroom averages and 

federal state fixed effects. 
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APPENDIX FIGURE 2. CLASSROOM RANKING BY EFFECTS ON LANGUAGE (ADJUSTED FIXED AND 

RANDOM EFFECTS) 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This figure presents classroom rankings of predicted individual effects on 

students’ language competence development, estimated as FE using OLS regressions, and RE using hierarchical multilevel (mixed) 
regressions. Empirical Bayes (EB) shrinkage was implemented to obtain the adjusted FE. All distributions are based on regressions 

of early reading competence test scores in grade 2 on lagged math, grammar and science competence test scores, time between tests, 

child age, gender, migration background and number of siblings, parents’ highest years of education and highest ISEI, classroom 
averages and federal state fixed effects. 
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ONLINE APPENDIX A: Random Assignment of Students to Teachers  

We claim that our model specifications have the potential to lead to unbiased estimators of 

classroom effects, which are mainly driven by teacher quality differences across classrooms, 

because random assignment of students to teachers is prevalent in the first four years of primary 

school in Germany. In this section, we present evidence that shows no systematic matching of 

students to teachers within schools in our data.  

In order to check for non-random assignment within schools, we regress individual teacher 

observable characteristics on our vector of student and family characteristics in grades 1 and 2. 

Our goal is to assess whether these covariates can systematically explain teachers’ observable 

characteristics, including gender, experience, Abitur GPA, First and Second State Examination 

grades, whether she passed the Second State Examination, and the indicator of constructivist 

beliefs57. We use all observations and information available for first and second graders in the 

NEPS SC2 data. In addition, all regressions include school fixed effects.   

 

TABLE A1. ASSOCIATIONS OF TEACHER AND STUDENT OBSERVABLE CHARACTERISTICS FOR GRADE 1 

 Teacher 

 Gender Experience Abitur 

GPA 
FSE 

grade 
SSE 

passed 
SSE 

grade 
Constructivist 

beliefs 
 (1) (2) (3) (4) (5) (6) (7) 
Child demographics:        
Age in months 0.001 

(0.001) 
-0.025 
(0.037) 

0.002 
(0.002) 

0.000 
(0.002) 

0.003** 
(0.001) 

-0.002 
(0.002) 

0.000 
(0.003) 

Female 0.013** 
(0.006) 

0.101 
(0.253) 

-0.011 
(0.014) 

-0.012 
(0.012) 

0.013 
(0.009) 

-0.012 
(0.014) 

0.011 
(0.021) 

Migration background 0.003 
(0.009) 

0.369 
(0.464) 

0.021 
(0.028) 

-0.020 
(0.020) 

0.056*** 
(0.018) 

0.011 
(0.026) 

-0.030 
(0.036) 

Parental background:        
Years of education 0.000 

(0.002) 
0.061 

(0.087) 
-0.004 
(0.005) 

0.004 
(0.004) 

-0.003 
(0.003) 

-0.001 
(0.005) 

0.005 
(0.008) 

ISEI 0.000 
(0.000) 

0.004 
(0.011) 

0.001* 
(0.001) 

-0.001* 
(0.001) 

0.001*** 
(0.000) 

0.000 
(0.001) 

-0.001 
(0.001) 

Siblings 0.004 
(0.003) 

-0.222 
(0.195) 

-0.016 
(0.011) 

0.003 
(0.008) 

-0.005 
(0.007) 

0.008 
(0.011) 

-0.007 
(0.014) 

Constant 0.914*** 
(0.072) 

9.096*** 
(3.216) 

2.528*** 
(0.160) 

2.697*** 
(0.159) 

0.738*** 
(0.125) 

3.173*** 
(0.170) 

-0.424 
(0.287) 

Number of students 3995 2655 2074 2181 2718 2073 3934 
R2 0.503 0.670 0.668 0.657 0.616 0.711 0.602 
F 1.54 0.75 1.41 1.28 2.93 0.40 0.38 

p  0.163 0.610 0.212 0.267 0.009 0.880 0.893 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: OLS regressions estimated with school fixed effects. Standard errors (in 

parentheses) are clustered at the school level. Total number of observation correspond to the full sample of students whose teachers 

provided the respective information on their characteristics. * Significant at 0.1 level, ** significant at 0.05 level, *** significant at 0.01 

level. 

                                                           
57 We exclusively include teacher characteristics observable before the beginning of the first school year (pre-

treatment characteristics). Therefore, teacher exhaustion and parental evaluation are not taken into account.  
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Table A1 presents the regression results for children and their teachers’ characteristics in 

grade 1. From the F-test of the joint significance of our vector of child and family 

characteristics, we observe that they cannot significantly explain teachers’ observable 

characteristics, excepting only whether the teacher passed the Second State Examination. 

Teachers who passed the Second State Examination are more likely to be assigned to students 

with migration background, who are older, and who belong to families with higher ISEI. 

Nevertheless, the point estimates for the last two characteristics are close to zero, with 

migration background being the only relevant association. Children with a migration 

background might be expected to face greater academic challenges and, therefore, be more 

likely to be assigned to fully certified teachers.  

 

TABLE A2. ASSOCIATIONS OF TEACHER AND STUDENT OBSERVABLE CHARACTERISTICS FOR GRADE 2 

 Teacher 

 
Gender 

(1) 

Experience 

(2) 

Abitur 

GPA 

(3) 

FSE 

grade 

(4) 

SSE 

passed 

(5) 

SSE 

grade 

(6) 

Constructivist 

beliefs 

 (7) 

Child competences:        

Lagged Math  0.002 

(0.005) 

0.021 

(0.201) 

-0.007 

(0.010) 

-0.001 

(0.009) 

-0.002 

(0.008) 

-0.002 

(0.012) 

0.004 

(0.018) 

Lagged Scientific 0.002 

(0.007) 

-0.064 

(0.271) 

-0.010 

(0.013) 

-0.006 

(0.012) 

-0.016 

(0.010) 

0.010 

(0.015) 

-0.009 

(0.028) 

Lagged Grammar  -0.008* 

(0.004) 

-0.284 

(0.238) 

0.014 

(0.013) 

-0.005 

(0.011) 

0.009 

(0.009) 

-0.009 

(0.011) 

-0.005 

(0.019) 

Child demographics:        

Age  (months) 0.001 

(0.001) 

0.012 

(0.044) 

0.001 

(0.002) 

0.000 

(0.002) 

0.003** 

(0.001) 

-0.003 

(0.002) 

-0.003 

(0.004) 

Female 0.019** 

(0.008) 

0.389 

(0.295) 

-0.021 

(0.016) 

-0.010 

(0.014) 

0.010 

(0.011) 

-0.005 

(0.017) 

0.010 

(0.028) 

Migration background 0.014 

(0.010) 

0.731 

(0.480) 

0.058* 

(0.034) 

-0.014 

(0.021) 

0.061*** 

(0.020) 

-0.001 

(0.026) 

-0.060 

(0.045) 

Parental background:        

Years of education -0.001 

(0.002) 

0.206* 

(0.109) 

-0.001 

(0.006) 

0.008* 

(0.004) 

-0.003 

(0.004) 

0.006 

(0.006) 

0.005 

(0.008) 

ISEI 0.000 

(0.000) 

0.002 

(0.013) 

0.001 

(0.001) 

-0.001* 

(0.001) 

0.001** 

(0.000) 

-0.000 

(0.001) 

0.000 

(0.001) 

Siblings 0.005 

(0.004) 

-0.272 

(0.208) 

-0.015 

(0.010) 

0.013* 

(0.007) 

-0.001 

(0.007) 

0.023** 

(0.011) 

-0.004 

(0.018) 

Constant 0.930*** 

(0.110) 

8.772* 

(4.572) 

1.578*** 

(0.201) 

1.054*** 

(0.179) 

0.674*** 

(0.151) 

1.288*** 

(0.223) 

0.138 

(0.434) 

Number of students 2920 2485 1993 2091 2554 1998 2672 

R2 0.583 0.666 0.675 0.645 0.607 0.664 0.653 

F 1.57 1.43 0.99 1.16 2.59 0.84 0.50 

p  0.124 0.174 0.446 0.322 0.007 0.577 0.875 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: OLS regressions estimated with school fixed effects. Standard errors (in 

parentheses) are clustered at the school level. Total number of observation correspond to the full sample of students whose teachers 

provided the respective information on their characteristics. * Significant at 0.1 level, ** significant at 0.05 level, *** significant at 0.01 

level. 

Table A2 shows our random assignment test for the panel children in grade 2. We add 

competence scores in math, grammar and science from grade 1 in the vector of individual 

student characteristics. Remarkably, we find no significant association of baseline test scores 
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with any of the teacher observable characteristics, which means that decisions on the 

assignment of students to teachers for grade 2 within schools are indeed not based on student 

ability. This is quite important for our study because in the following regression analyses, we 

use the subsample of students assigned to the same teacher in grades 1 and 2. Moreover, once 

again we observe that other student and family characteristics are not systematically correlated 

with teachers’ observable characteristics, again with the only exception of whether the teacher 

passed the Second State Examination.  

Our findings from this section confirm that, within schools, children in the first years of 

primary school in Germany are neither systematically matched to their teachers based on their 

ability, nor are they matched on other socio-economic characteristics other than migration 

background. 
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ONLINE APPENDIX B: Robustness Check  

The NEPS SC2 data provides information on classroom teachers for the primary school 

grades assuming that one teacher is responsible for teaching all main subjects in the classroom, 

which is common practice in the German school system and consistent with teaching careers 

at the primary school level (KMK, 2019). Nonetheless, after a closer look at the classroom 

questionnaires, we found a subsample of teachers who explicitly declared to be responsible for 

math and/or language instruction in grade 2. Under this scenario, our math sample is reduced 

to 1,326 students and 182 teachers, and our language sample to 1,542 students and 211 teachers. 

We rerun our analysis for these subsamples of teachers and present the estimations of the 

classroom effects on student math competence in table B1, and on language competence in 

table B2, following the structure of table 3.  

 

TABLE B1. ESTIMATES OF CLASSROOM EFFECTS ON MATH COMPETENCE, DECLARED MATH TEACHERS 

 (1) (2) (3) (4) (5) 

Classroom Fixed Effects (FE):      

Standard deviation 0.365 0.364 0.363 0.362 0.362 

Adjusted EB standard deviation 0.121 0.126 0.125 0.124 0.124 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Classroom Random Effects (RE):      

EB Standard deviation  0.124 0.129 0.129 0.129 0.129 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Included covariate:      

Federal State effects YES YES YES YES YES 

Lagged test scores YES YES YES YES YES 

Student characteristics NO YES YES YES YES 

Family background NO NO YES YES YES 

Classroom size NO NO NO YES YES 

Classroom averages NO NO NO NO YES 

Number of teachers/classroom 182 182 182 182 182 

Number of students threshold 5 5 5 5 5 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents standard deviations of classroom 

value-added to math competence distributions estimated as teacher FE using OLS regressions, and RE 
using hierarchical multilevel (mixed) regressions for the declared math teacher sample. Empirical Bayes 

(EB) shrinkage was implemented to obtain the adjusted FE standard deviation. All results are based on 

regressions of math competence test scores in grade 2 on lagged math, grammar and science competence 

test scores, time between tests and federal state fixed effects. Columns (2)-(5) control for the following 

student characteristics: age, gender, migration background; for parental background: highest years of 
education, highest ISEI, number of siblings; and for classroom averages: proportion of females, average 

ISEI. 

 

Results in table B1 show that we obtain practically the same adjusted FE and RE 

distributions of classroom quality or effects on student math competence, compared to the 

original sample. Our preferred model specification, which includes a full set of control 

variables in column (5), shows that a one standard deviation increase in classroom quality is 

associated with a 0.124 standard deviation higher student math competence score when 

estimated with adjusted FE, and with a 0.129 standard deviation when estimated with RE. By 
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contrast, we find slightly smaller standard deviations in the distributions of classroom effects 

on student language competence, displayed in table B2. Our preferred estimations of the 

classroom adjusted FE and RE distributions presented in column (5) correspond to 0.124 and 

0.123 standard deviations respectively, which are about two percentage points smaller than 

those found in the original sample.  

 

TABLE B2. ESTIMATES OF CLASSROOM EFFECTS ON LANGUAGE COMPETENCE, DECLARED LANGUAGE TEACHERS 

 (1) (2) (3) (4) (5) 

Classroom Fixed Effects (FE):      

Standard deviation 0.391 0.386 0.387 0.387 0.384 

Adjusted EB standard deviation 0.131 0.124 0.130 0.129 0.124 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Classroom Random Effects (RE):      

EB Standard deviation  0.131 0.124 0.131 0.130 0.123 

p-value, F-test of classroom effects 0.000 0.000 0.000 0.000 0.000 

Included covariate:      

Federal State effects YES YES YES YES YES 

Lagged test scores YES YES YES YES YES 

Student characteristics NO YES YES YES YES 

Family background NO NO YES YES YES 

Classroom size NO NO NO YES YES 

Classroom averages NO NO NO NO YES 

Number of teachers/classrooms 211 211 211 211 211 

Number of students threshold 5 5 5 5 5 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents standard deviations of classroom value-

added to math competence distributions estimated as teacher FE using OLS regressions, and RE using hierarchical 

multilevel (mixed) regressions for the declared language teacher sample. Empirical Bayes (EB) shrinkage was 

implemented to obtain the adjusted FE standard deviation. All results are based on regressions of math competence 
test scores in grade 2 on lagged math, grammar and science competence test scores, time between tests and federal 

state fixed effects. Columns (2)-(5) control for the following student characteristics: age, gender, migration 

background; for parental background: highest years of education, highest ISEI, number of siblings; and for 

classroom averages: proportion of females, average ISEI. 

 

Table B3 show the association between our vector of teacher characteristics and the 

estimated classroom effects on student math and language competences. It should be noted that 

the number of observations with full information is thus reduced to 107 math teachers and 130 

language teachers, which implies higher selectivity in the sample. Columns (1) and (2) show a 

consistent negative association between classroom value-added to math competence and being 

a female teacher, which is statically significant at the five percent significance level for the 

adjusted FE and RE specifications. Moreover, there is also a negative association with Abitur 

GPA at the 5 percent significance level for the adjusted FE estimation and at the 10 percent for 

the RE, which actually means that higher math classroom value-added is associated with higher 

percentiles, or better Abitur GPA. With respect to classroom effects on language competence, 

we confirm a positive association with parental evaluation, but in this case at the 10 percent 

significance level as shown in columns (3) and (4). Given that all these findings are based on 

a limited number of observations, the results should be treated with considerable caution.  
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TABLE B3. ASSOCIATION OF TEACHER CHARACTERISTICS AND CLASSROOM EFFECTS ON MATH AND LANGUAGE COMPETENCE, 

DECLARED MATH OR LANGUAGE TEACHERS 

 Math  Language 

 

Teacher 

EB Adjusted 

Fixed Effect 

(1) 

EB Random 

Effect 

(2) 

 EB Adjusted 

Fixed Effect 

(3) 

EB Random 

Effect 

(4) 

Female -0.112** 

(0.049) 

-0.118** 

(0.051) 

 -0.005 

(0.038) 

-0.007 

(0.037) 

Experience 0.001 

(0.001) 

0.001 

(0.001) 

 0.001 

(0.001) 

0.001 

(0.001) 

Abitur GPA -0.031** 

(0.016) 

-0.032* 

(0.016) 

 0.021 

(0.013) 

0.022* 

(0.013) 

FSE Grade 0.014 

(0.014) 

0.013 

(0.014) 

 -0.029 

(0.018) 

-0.029 

(0.018) 

SSE Passed 0.033 

(0.032) 

0.036 

(0.033) 

 0.003 

(0.038) 

0.003 

(0.038) 

Migration background 0.070* 

(0.038) 

0.073* 

(0.040) 

 0.005 

(0.059) 

0.006 

(0.059) 

Constructivist beliefs 0.000 

(0.016) 

-0.000 

(0.016) 

 0.011 

(0.011) 

0.011 

(0.011) 

Exhaustion -0.008 

(0.012) 

-0.008 

(0.012) 

 -0.010 

(0.013) 

-0.010 

(0.013) 

Parental evaluation -0.004 

(0.010) 

-0.003 

(0.011) 

 0.019* 

(0.011) 

0.019* 

(0.011) 

Constant  0.045 

(0.057) 

0.041 

(0.059) 

 -0.021 

(0.054) 

-0.021 

(0.053) 

Number of teacher with 

observables 

107 107  130 130 

R2 0.090 0.090  0.080 0.081 

Data: NEPS SUF, SC2 8.0.1, own calculations. Notes: This table presents OLS regressions of classroom value-added to math 

and language competence on teacher characteristics for the declared math or language teacher sample. Self-reported Abitur 

GPA and First State Examination (FSE) grades originally were on a scale from 1.0 to 4.0, with 1.0 being the best possible 

grade and 4.0 the minimum passing grade. These self-reported grades were standardized to have zero mean and a one-unit 

standard deviation with respect to the full sample of teachers. Standard errors in parentheses. * Significant at 0.1 level, ** 

significant at 0.05 level, *** significant at 0.01 level. 

 


