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Abstract

Several countries have recently increased their efforts to improve teaching quality by focusing their
attention on pre- and in-service teacher training. This raises the question whether such training makes
teachers actually more effective. Yet, the existing literature on teacher training is limited and
inconclusive. Using cross-sectional data from the Trends in International Mathematics and Science
Study (TIMSS), we follow a within-student fixed effects approach and show that in-service teacher
training does significantly benefit student achievements. More specifically, teachers’ participation in
professional development increases students’ standardized test scores by 0.031-0.040 of a standard
deviation. Moreover, we identify a dose response pattern suggesting that increasing participation hours
in such programs are associated with rising teacher effectiveness. In contrast, we do not find any

evidence that pre-service teacher training has a significant impact on student performance.
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1. Introduction

How can teachers become more effective? This question is widely discussed in the economic literature
not least due to its policy relevant implications. In the past few years policymakers in different countries
have introduced new policies in order to improve teaching quality and consequently student
performance. In that context, some countries have tightened their entry requirements for teacher
educational programs or teaching certifications (Mullis, Martin & Loveless, 2016). For example, France
has raised the requirement to commence teacher qualification programs from a Bachelor’s to a Master’s
degree in 2010. Focusing on teachers’ initial educational training, Italy requires students to obtain 24
university credits in pedagogy since 2017 (Kelly et al., 2020). Generally, not only the degree obtained
but also the acquisition of content-specific or pedagogical knowledge receives major attention from
policymakers. Moreover, a large proportion of available resources for teachers’ development tends to
be invested in pre-service teacher training (OECD, 2018).

As teachers usually stay in their profession for the majority of their career, professional
development is crucial to keep them up to date to changes in their field of teaching or new insights on
pedagogical methods. Therefore, several countries have increased their efforts to support teachers by
introducing extensive measures for formal on-the-job training in the past few years (Mullis, Martin &
Loveless, 2016; OECD, 2020). For instance, in 2014 the Ministry of Education and Culture in Finland
funded a new professional development program with the goal of further educating 50,000 trained
teachers over two years (Mullis, Martin & Loveless, 2016). Although participation in pre- and in-service
training is considered to increase teachers’ confidence in their knowledge and skills (OECD, 2020),
there is only little consensus whether those teacher credentials are effective at boosting student
performance.

In this essay, we test whether teachers’ subject-specific education studies at the university (pre-
service teacher training) and participation in professional development programs (in-service teacher
training) increase student test scores. For our empirical analysis we draw data from the Trends in
International Mathematics and Science Study (TIMSS). This database contains mathematics and
science test scores for 4th and 8th grade students conducted in an international assessment survey
(Mullis et al., 2016a). Applying a within-student fixed effects approach, we focus on 8th grade students
in the five Anglo-Saxon countries Australia, Canada, England, Ireland and New Zealand in 2015. Our
main results suggest that pre-service teacher training does not have a significant effect on student

achievement. However, we do find evidence that in-service teacher training significantly improves



student test scores by 0.031-0.040 of a standard deviation. Our findings further show that only high-
intense professional development programs with 6-15 or more hours of participation significantly
enhance student performance. Moreover, the estimates follow a dose-response pattern indicating that
increasing participation hours of in-service training are associated with rising teacher effectiveness.

One concern about our results are unobserved confounders such as teachers’ motivation or
self-selection processes. For instance, highly motivated teachers might participate in professional
development programs more frequently. Likewise, students with high preferences for one subject
might self-select themselves to well-trained teachers. We tackle these potential omitted variable biases
in two ways. First, we follow Oster’s (2019) approach on selection on observables and unobservables.
Second, we include an indicator for students’ participation in extra lessons outside the schools’
instructional time. Addressing students’ self-selection to specific teachers, this control variable models
parental and student preferences for a subject. As our results survive both sensitivity checks, we
conclude that omitted variable bias does not tend to drive our findings.

This essay is organized as follows. Section 2 reviews the literature on teachers’ contribution to
student achievement at schools, especially on the effects of pre- and in-service teacher training. Section
3 describes the data used in our empirical analysis as well as details on our sample selection. Section 4
presents our empirical strategy and Section 5 outlines our main results as well as heterogeneity analyses.

Section 6 discusses the robustness checks and Section 7 concludes.

2. Literature Review

A well-known literature on teachers’ contribution to student learning is conclusive that teachers’
effectiveness does explain a non-negligible variation in student performance (Jackson, Rockoff &
Staiger, 2014). Overall, this literature can be divided into two strands which use distinct empirical
approaches.

The first strand estimates the overall contribution of teachers to students’ test scores using
longitudinal data. This method is known as the “value-added” approach and suggests that a teacher’s
value-added can represent a teacher’s overall aptitude to increase students’ human capital (Chetty,
Friedman & Rockoff, 2014a; Jackson, Rockoff & Staiger, 2014). However, this teacher effect is
unobserved and not associated with measures of inputs into the educational production function

(Jackson, Rockoff & Staiger, 2014). Using least square regressions, the value-added framework



estimates a teacher’s relative productivity relying on test score variations across students linked to an
identical teacher. Consequently, it circumvents the identification of specific traits being important for
teachers’ quality. (Hanushek & Rivkin, 2010; Jackson, Rockoff & Staiger, 2014). Furthermore,
including students’ prior test scores supports this method in capturing the causal impact of teachers
on student test scores (Chetty, Friedman & Rockoff, 2014a).

The literature on teachers’ value-added agrees on a non-negligible variation in teacher
effectiveness (Hanushek & Rivkin, 2010; Jackson, Rockoff & Staiger, 2014). In that context, Chetty,
Friedman and Rockoff (2014a) suggest that the value-added approach helps to identify which teachers
indicate the greatest aptitude to increase students’ performance. Moreover, teachers’ value-added is
not only limited to effects on student achievements at school but also indicates substantial impacts on
long-term attainments (Chetty, Friedman & Rockoff, 2014b). Analyzing administrative data on
students and teachers in grades 3-8 linked to selected tax record data in the U.S., Chetty, Friedman and
Rockoff (2014b) find that students assigned to teachers with high value-added are more likely to attend
college, have a steeper earnings trajectory in their 20s and live in a higher quality neighborhood as
adults.

While the value-added approach can provide unbiased estimates of teachers’ impact on student
learning, it does not give insights about the characteristics to make some teachers more effective than
others. However, this information is useful for policymakers and school principals when establishing
certification requirements or conducting hiring processes. Both parties usually observe teacher
characteristics such as education, teaching experience and training rather than teachers’ value-added.
Introducing professional requirements for teachers based on those observable traits can help to ensure
a minimum level of teaching quality (Hanushek & Rivkin, 2006). Moreover, a solid knowledge of the
effects of teacher characteristics on student achievement could help policymakers to re-assess the
prevailing policies on teacher recruitment and existing incentives for teachers to acquire specific
credentials, such as a higher degree (Clotfelter, Ladd & Vigdor, 2010).

Therefore, the second strand of literature focuses on the effects of teachers’ observable
characteristics on student outcomes, in particular student performance on standardized tests. The most
commonly studied factors are education and teaching experience as those usually determine teachers’
wage (Clotfelter, Ladd & Vigdor, 2010; Hanushek & Rivkin, 20006). Several studies suggest that
experience matters as teachers accumulate their pedagogical skills and subject knowledge
predominantly over time by on-the-job learning, especially in the first years of their profession

(Clotfelter, Ladd & Vigdor, 2006; Harris & Sass, 2011; Rivkin, Hanushek & Kain, 2005). In terms of



education, holding a master’s degree does not seem to increase teacher effectiveness (Clotfelter, Ladd
& Vigdor, 2007; Hanushek & Rivkin, 2000).

As part of this literature, there are studies that explore the impacts of pre-service teacher
training on student performance. However, the literature on this pre-service pedagogical teacher
instruction at universities is limited. Most studies tend to focus on the degree level or the type of
teacher certification. Furthermore, available research often concentrates on the effects of either
subject-specific knowledge (see, e.g., Metzler & Woessmann, 2012; Bietenbeck, Piopiunik &
Wiederhold, 2018) or the pedagogical training (see, e.g., Campbell et al., 2014; Goldhaber & Brewer,
2000), but rarely combines both subjects of investigations. Additionally, even when using the same
variables of interest, they are often derived differently across the studies. While some studies are
focusing on the amount of subject-specific education coursework a teacher underwent at the university
(see Boyd et al., 2009; Harris & Sass, 2011; Monk, 1994), others like Campbell et al. (2014) define
pedagogical knowledge by incorporating their own criteria in the form of dedicated questionnaires to
teachers. Consequently, the work on this matter is lacking a definite consensus both on the approach
and on the results. Despite the different approaches, the studies rarely find significant effects.
Depending on the econometric specification strategy, the effect of a major in education on student
achievements can take every form, from either negative or positive to no significant impact at all (see
Betts, Zau & Rice, 2003; Campbell et al., 2014; Goldhaber & Brewer, 2000). Furthermore, studies that
conclude any sort of significant effects usually find them for math or reading rather than for science
(Goldhaber & Brewer, 2000; Monk, 1994; Boyd et al., 2009). Keeping these outcomes in mind, it is
noteworthy that apart from Boyd et al. (2009), Harris and Sass (2011) and Monk (1994) there is no
current literature that has investigated the formal subject-specific pedagogical background of teachers.
While Boyd et al. (2009) and Monk (1994) do find significant positive effects on additional math
pedagogy courses at the university, Harris and Sass (2011) specifically do not find evidence on this
matter for math but for reading. Moreover, the majority of studies in the existing literature is mainly
focusing on the United States. Hereby, some of this research is working with samples containing only
one city (Betts, Zau & Rice, 2003) or one federal state (Harris & Sass, 2011).

Another group of studies, also part of the second strand of literature, investigates the impact
of in-service teacher training i.e., the effect of professional development programs on student
achievement. Although teachers’ participation in professional development is well recognized in many
countries (Mullis et al., 2016b), there is no consensus of the actual effects of such formal training.

Angrist and Lavy (2001) analyze the impact of in-service teacher training on students’ mathematics



and reading performance in elementary schools in Jerusalem. Using different econometric models such
as differences-in-differences, regression analysis and matching, they find evidence for significant
positive effects on the overall student achievement for both subjects. Complementing these findings,
Bressoux, Kramarz and Prost (2009) use a quasi-experimental design to investigate primary schools in
France. However, their results slightly contrast Angrist and Lavy (2001) as they only find significant
effects on teachers’ aptitude to enhance student performance for mathematics but not for reading. In
contrast, Harris and Sass (2011) focus their attention not only on elementary, but also on middle and
high school math as well as reading achievements. Relying on school administrative data from Florida,
their results suggest that professional development is either associated with no significant or even
negative impacts on teacher effectiveness, with exception for middle school math. Moreover, the
quantity of professional development undertaken appears to show heterogeneous effects. In their
evidence review on the relationship between in-service teacher training and student achievement, Yoon
et al. (2007) identify that only studies considering more than 14 hours of professional development
detect a positive and significant impact on the overall student performance.

However, the preceding evidence is confronted by Jacob and Lefgren (2004) as well as Garet
et al. (2008) and Garet et al. (2011). Following a regression discontinuity design, Jacob and Lefgren
(2004) analyze teacher effectiveness in context of professional development programs in probation
elementary schools in Chicago. They report no discernable effects of additional training hours neither
on math nor reading achievements. Similarly, in both of their studies, Garet et al. (2008) and Garet et
al. (2011) exploit an experimental design and investigate the effect of professional development
programs in the U.S. on student reading and math test scores, respectively. Although treated teachers
show substantial knowledge gains in both cases, no significant enhancement of the overall student
performance is evident.

Our work intends to attach to the rather limited and inconclusive literature on pre- and in-
service teacher training by investigating the effects of teachers’ credentials acquired before (pre-service
university education) and after entering the profession (in-service teacher training). In terms of pre-
service training, we explicitly focus on the subject-specific pedagogical knowledge the teacher has
gained during her studies at a university, by following Harris and Sass (2011). Doing so, we investigate
the combination of two prevailing suggestions in the literature, namely education majors influencing
student performance and subject-specific studies posing a significant impact on this matter. We further
explore the effects of formal on-the-job professional development as a second source of pedagogical

and subject-area knowledge available to teachers. Additionally, and contrary to the vast majority of the



prevailing literature, our analysis is explicitly dedicated to a larger sample of five Anglo-Saxon countries
containing Australia, Canada, England, Ireland and New Zealand, rather than only to the USA. We
exploit the fact that those countries share similar professional requirements for teachers, such as the
prescribed educational path. Furthermore, those economies indicate mostly the same teaching

language and a similar educational system (Mullis et al., 2016b).

3. Data

The following subsections present TIMSS data used in our empirical analysis as well as details on our
sample selection. We further provide detailed summary statistics for teacher, class and subject

characteristics employed as controls in our student fixed effect specifications.

3.1 TIMSS Database

We obtain our data on students’ performance in mathematics and science from the Trends in
International Mathematics and Science Study (TIMSS). This study is conducted every four years by the
International Association for the Evaluation of Educational Achievement (IEA), with a total of seven
waves and 90 countries since 1995. In our analysis we focus on the 2015 wave for 8th grade students
in the five Anglo-Saxon countries Australia, Canada, England, Ireland and New Zealand. These
countries predominantly have English as a teaching language, share similar education systems and teach
science as an integrated subject that combines biology, chemistry, earth science or physics rather than
separately (Mullis et al., 2016b). This facilitates the linking of teachers to their students in the TIMSS
data.

TIMSS employs a clustered sample design in two stages. First, a random sample of schools is
drawn for each participating country. In the second stage, one or more classes are selected from their
respective schools. TIMSS samples classes instead of individual students, as the study focuses
specifically on the students’ exposure to differences at the class level, such as teacher characteristics or
instructional experiences. Background information of students at the individual level, of teachers at
the class level and of principals or department heads at the school level are collected using detailed
questionnaires. The study observes students twice, once in their mathematics and once in their science
class. As not all classes in a school are sampled by TIMSS it can happen that students from the same

sampled math class are split across different science classes. Therefore, the science classes can contain



students from sampled as well as not sampled math classes. Importantly, only students from the
sampled math class participate in mathematics and science tests conducted by TIMSS. This increases
the possible variation of teacher characteristics between the subjects which is favorable for our
identification strategy. However, this also imposes subsequent sampling constraints that need to be
accounted for by using student weights representing the probability by which a student was selected
within a class to ensure an adequate analysis (Bietenbeck, 2014; LaRoche, Joncas & Foy, 2010).
Therefore, we make use of such student weights provided by TIMSS throughout the whole analysis.
In order to measure student achievement, TIMSS provides a rich set of standardized tests for
different domains of the respective subject. Total subject test scores are derived afterwards by
combining scores of the individual domains. As not all students are administered with the same set of
questions, TIMSS uses a method of plausible values to account for the uncertainty of reported statistics

resulting from differences in the distributed tasks (Foy & LaRoche, 2010).

3.2 Sample Selection

We first consider a pooled sample containing 36,755 8th grade student observations attending a total
of 905 math and 943 science classes taught by 5,012 teachers in 998 schools. We focus on 8th grade
rather than 4th grade students assessed by TIMSS, as students at the primary school level usually have
the same teacher for all subjects. This would remove the between-subject and between-teacher
variation from the sample which is necessary for our empirical identification strategy (Bietenbeck,
2014; Schwerdt & Wuppermann, 2011).

To draw our final sample, we omit all observations where we could not successfully link
students to their math or science teachers. Furthermore, it is important for our identification strategy
to relate students to exactly one teacher per subject as violating this condition erases the unique
assignment of teacher as well class characteristics. Thus, this step also excludes those few students who
attend science classes where the corresponding subjects are taught separately instead of integrated
science. Moreover, we drop all student observations which have the same teacher in both subjects as
those would, similarly to the 4th graders, introduce a lack of within-student between-subject variation.
As a final step, we consider only those teachers who do have a formal education beyond upper
secondary studies. Completing these steps, our final pooled sample thus comprises 34,843 students in
888 mathematics classes and 895 science classes as well as 4,540 teachers in 965 schools.

Following the literature on teacher training we define pre-service training as teachers’ university
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degree specialization obtained before entering the profession and in-service teacher training as
participation in professional development offers after being an employed teacher (see Harris & Sass,
2011). We use the information gathered in TIMSS questionnaires for math and science teachers to
derive those two treatment variables. First, we create a dummy variable as an indicator for pre-service
teacher training. It takes a value of 1 if a teacher is holding a subject-specific education major in the
subject she teaches. For example, mathematics teachers who have studied mathematics and majored
in education during their post-secondary studies are assigned a value of 1. Whereas teachers who do
not fulfill this criterion are assigned a value of 0.! Additionally, we introduce a basic control in our
analyses which makes teachers who hold a subject-specific specialization degree for either math or
science comparable to those who have not studied the respective subject.”

Second, we introduce a treatment variable for in-service teacher training. As an indicator for
in-service teacher training TIMSS measures the hours a teacher spent in formal professional
development programs (e.g., workshops or seminars) during the last two years." For our main analysis
we define a dummy taking the value 0 if a teacher did not attend any in-service training measures and
a value of 1 if the teacher spent any time in such programs. In Section 5.2 we will then use the actual
participation hours in professional development to investigate possible heterogeneous treatment
effects. We further consider a broad set of control variables consisting of teacher and class
characteristics to address possible confounders in our empirical strategy as we will describe in detail in
Section 4. In terms of teacher characteristics, we include variables to control for a teacher’s gender,
age categorized in ranges, whether the teacher holds a post-secondary degree, experience categorized
in years of teaching as well as a variable indicating the assignment of homework by the respective
teacher. Class and subject characteristics are included as instruction time in hours per week as well as
class size. Additionally, we add a dummy for ability tracking at the class level, as many schools in our
sample practice this method of forming classes based on students’ ability only for one of the two
subjects. We further introduce the difficulty to fill open vacancies for math or science as a factored
variable.” In order to ensure a maximum amount of variation in our main variables of interest and a
sizable sample, we impute all missing values. Additionally, we include a dummy for each variable with

missing observations taking the value 1 indicating imputation and 0 otherwise. The rationale for this

! For detailed information on questions and possible response options in the TIMSS questionnaire see Table Al in the
appendix.

2 In the teacher questionnaire TIMSS declares majors or main areas of studies apart from mathematics or science as
“others”.

3 Categorical variables are categorized as presented in Table 1.
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Table 1: Means and Standard Deviations of Pre- and In-Service Teacher Training, Teacher Characteristics as well as

Class and Subject Characteristics

Mean SD
Treatment variables
Subject-specific education studies (1 = yes) 0.498 0.500
Professional development (1 = yes) 0.888 0.316
Teacher characteristics
Teaching experience
1-2 years 0.084 0.277
3-4 years 0.073 0.260
5-10 years 0.223 0.416
more than 10 years 0.620 0.485
Teacher’s gender (1 = female) 0.568 0.495
Teacher’s age
under 25 years 0.034 0.180
25-29 years 0.126 0.332
30-39 years 0.285 0.452
40-49 years 0.277 0.448
50-59 years 0.219 0.414
60 or more years 0.058 0.234
Postgraduate degree (1 = yes) 0.295 0.456
Homework assigned (1 = yes) 0.945 0.228
Class and subject characteristics
Class size 25.518 5.021
Instruction time (hours per week) 3.394 0.843
Ability tracking (1 = yes) 0.523 0.499
Open vacancies
No vacancies to fill 0.427 0.495
Easy to fill vacancies 0.302 0.459
Somewhat difficult to fill 0.201 0.401
Very difficult to fill 0.070 0.254

Notes: The table presents means and standard deviations of both treatment variables as well as teacher, class and
subject characteristics. Teaching experience starts at one year, as the questionnaire was administered at the end of
the school year.

step is that we prevent imputed data from being responsible for our results while still keeping a high

variation in our controls (Hanushek, Link & Woessmann, 2013).
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Table 1 presents the descriptive statistics for our final pooled sample including means and standard
deviations for both treatment variables (pre-service and in-service teacher training) as well as teacher,
class and subject characteristics. According to this summary, roughly 50 % of teachers in our final
sample have graduated holding a major in education with a specialization in the subject they teach.
Moreover, about 89 % have participated in teacher training programs offered on the job regardless of
their post-secondary education. It is noteworthy that in Australia and England the share of teachers
who finished subject-specific studies at the university with a major in education is above the sample
average with 64 % and 52 %, respectively. In terms of professional development those two countries
also strongly contribute positively to the average proportion: 90 % of teachers in Australia and 91 %
of teachers in England have participated in formal on-the-job teacher training programs in the last two
years.*

About 30 % of math and science teachers in our data have a postgraduate degree, over 50 %
indicate a teaching experience of more than ten years and 95 % stated to assign homework.
Approximately 91 % of all teachers are between 25 and 59 years, while 3 % are under 25 years old and
6 % are 60 or above. 57 % of all science and math teachers are females. In terms of class and subject
characteristics, we observe an average class size of 25.518 students per class with an average instruction
time of 3.394 hours per week in mathematics and science. In almost 50 % of all classes, students are
assigned to the respective science and math classes based on their achievements. Furthermore, 7 % of
all schools in our sample had great difficulties to fill free vacancies in mathematics and science for the
analyzed school year. 30 % of the schools stated that it was easy to hire teachers and nearly 43 % were

at capacity in terms of teacher demand for both subjects.

4. Empirical Strategy

Investigating the effect of teacher training on student achievement using a non-experimental approach,
one will potentially face a bias of the coefficients of interest. The assignment of teachers and students
to classes is usually based on self-selection rather than on random mechanisms (Bietenbeck, 2014,
Lavy, 2015). Considering the concerns of recent studies (see, e.g., Bietenbeck, 2014; Lavy, 2015;

Schwerdt & Wuppermann, 2011), we identify the following possible confounders. First, students might

* For detailed information on the descriptive statistics of the treatment variables for each country in the final sample see
Table A2 in the appendix.
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follow their own as well as their parents’ preferences on specific teacher credentials and sort themselves
into schools or classrooms which attach a great importance to specialized education majors or
participation in formal on-the-job teacher training. In that context, students with a low unobserved
ability might especially choose schools where teachers tend to graduate in subject-specific studies at
the university including a major in education or attend professional development programs frequently.
This would result in a downward bias of the true estimated effect of professional development and
subject-specific education studies on student test scores.” Second, the degree of patticipation in pre-
and in-service teacher training is potentially correlated with unobserved teacher characteristics, such
as motivation and ability. Teachers with a high passion for their profession and subject are likely to
make a conscious decision to embark on a career as a teacher, including a specialized major in
education. Furthermore, teachers might adapt the amount of professional development they acquire
to the students they face. Assuming this relation between in-service teacher training programs and
students’ unobserved cognitive as well as academic ability will again lead to a biased estimate of the
investigated effect.

The literature suggests that one way to address such unobserved confounders is to use an
empirical strategy based on within-student between-subject variation. With this approach, students’
observed and unobserved characteristics, such as race, family background, motivation and ability, are
held constant by introducing student fixed effects. This empirical strategy follows a panel data
approach demanding each student to be observed at least twice. However, instead of focusing on a
student’s observation at two different points in time, the same student should hereby be detected in
two different subjects but at the same point of time (Bietenbeck, 2014; Clotfelter, LLadd & Vigdor,
2010; Dee, 2007; Gronqgvist & Vlachos, 2016; Lavy, 2015). As TIMSS incorporates this feature for the
subjects mathematics and science, we follow this approach and formulate a within-student fixed effect
model which additionally allows the educational outcome of a student to be a function of observable
teacher and class characteristics. We consequently introduce an educational production function of the

form:

Sje = a+ B, PT ;e + fITT5 + Tigy +0; + &, )

where §j; is student 7 ‘s standardized test score in subject £ taught by teacher j. PTTy, is the treatment

> A vice versa effect can be considered for students with a high unobserved ability and strong preferences for excellent
grades. If those students would tend to sort themselves into schools and classrooms where teachers acquire both types of
teacher training, the actual effect on student achievement will be biased upwards.
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dummy for pre-service teacher training (subject-specific education studies), while ITT; represents the
treatment dummy for in-service teacher training (professional development). Therefore, . and f , are
our parametets of interest. T, contains observable teacher and class characteristics. J; captures the
student fixed effects in form of observable and unobservable subject-invatiant student traits, while ¢;
describes the unobserved error term. Additionally, an advantageous feature of this approach is that
0, does not only contain student fixed effects but also subject-invariant school fixed effects, as we
observe the same student in the same school. Therefore, it also controls for any school-specific factors
that might determine test scores (Bietenbeck, 2014). Consequently, we are able to remove all
observable and unobservable subject-invariant variations within students and schools, requiring the
added control variables to capture possible differences between teacher and class attributes for one
student in both subjects.

In terms of our key identifying assumption, namely the uncorrelatedness of the error term and
our treatment variables, we find the necessity to address different concerns. First, note that we
specifically control for ability tracking of students and difficulties to fill vacancies for mathematics and
science at the class level, as those potentially pose a threat to the integrity of our estimation due to
inherent self-selection.’ Students with a strong interest and ability for math or science could tend to
sort themselves into tracking schools and classes which might also require teachers with a higher
qualification with regard to teacher training. Conversely, schools which incorporate ability tracking
select and therefore admit students according to their subject-specific strengths. Moreover, schools
which do have difficulties to fill vacancies in either mathematics or science may be in particular
specialized in this subject. Those math- and science-orientated schools tend to comprise an over-
concentration of more effective teachers who specifically self-select themselves in such schools aiming
to teach extraordinarily motivated and able students in both subjects. Furthermore, teachers with a
well-developed pedagogical and context-specific knowledge might consider such specialized schools
to have above-average standards for math and science increasing their professional recognition
(Clotfelter, Ladd & Vigdor, 2006; Lavy, 2015). If schools would incentivize those teachers to
participate in professional development programs or especially attract teachers with subject-specific

education studies, the true effect of pre- and in-service teacher training would be biased by teachers’

¢ Note that both control variables are considered at the class rather than at the school level as some schools in the data set
only conduct ability tracking for either science or math and not necessarily for both classes. Contrary to Clotfelter, Ladd
and Vigdor (2010) or Bietenbeck (2014) we therefore explicitly consider ability tracking as a control variable in our approach
in order to capture possible differences between math and science classes which are not erased by within-student and
therefore school fixed effects.
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quality and also student ability. As mentioned above, we tackle these two potential threats of distortion
to our effect of pre- and in-service teacher training on student achievement by including various
controls.

Second, subject-specific unobserved characteristics determining student test scores would
jeopardize our identifying assumption if they were also correlated with our treatment variables. One
could imagine subject-specific requirements to students’ cognitive skills or that the subjects are
stimulating students’ motivation unequally. Such differences in subject characteristics might further
demand different types of teacher education or emphasize an exceptional amount of professional
development to meet the requirements faced by students. On the one hand, this would imply that
teachers sort into specific subjects as a result of their particular form of pre-service training. On the
other hand, it could be necessary to adjust the amount of in-service teacher training according to the
subject they are teaching. Such multidimensional alternating effects would pose a threat to our key
identifying assumption as they lead to a distortion of our treatment effect due to the inherent selection
bias. We argue that even though there might be variation between mathematics and science, the
subjects demand very similar cognitive skills and are likely to address students” motivation in a quite
similar way (Bietenbeck, 2014). Furthermore, both subjects likely pose similar requirements to teachers’
qualifications in terms of pre- and in-service teacher training. Consequently, this concern is mitigated
for our further analysis. Moreover, we assume that the effect of our treatment variables is equal for

mathematics and science leading to the same parameter §, and 8, of interest for both subjects.

Third, pre-service teacher training in the form of a subject-specific educational major can be
considered as a fixed characteristic of a teacher entering the profession. However, participation in
professional development might vary depending on students’ observed and unobserved skills.
Teachers who face students with difficulties to process mathematical or scientific content might
increase their efforts by participating in formal on-the-job training in order to improve their
pedagogical or context-specific expertise. Using the student fixed effects approach, we account for any
subject-invariant student traits which potentially impact student achievement. Therefore, this mitigates
a potential bias arising if teachers would adapt their participation in professional development
depending on students’ ability.

Finally, strongly motivated and passionate teachers might select themselves into math- or
science-specific education studies and put a greater emphasis on participation in professional
development. These correlations between unobserved teacher traits and pre- as well as in-service

teacher training could induce additional impact channels on student achievement beside the actual
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treatments and lead to an omitted variable problem overestimating the actual effect. In the literature
on the impacts of teacher characteristics on student achievement, this problem is discussed broadly
without proposing an explicit solution. Similar to Bietenbeck (2014), Clotfelter, Ladd and Vigdor
(2010), Lavy (2015) as well as Schwerdt and Wuppermann (2011) we address this confounder by
controlling for a rich set of observed teacher characteristics. Taking one step further, we investigate
the limit of this omitted variable bias by checking the coefficient stability. More specifically, we apply

Oster’s (2019) approach on unobservable selection as a robustness check to our analysis.

5. Results

In the following section we will present our results regarding the effects of subject-specific education
studies and formal on-the-job professional development on students’ standardized test scores. In the
first step, these results will be discussed generally. In the second subsection, we will further investigate
the existence of heterogeneous effects for varying intensity in terms of participating hours in
professional development programs and additionally, among different subgroups of students in our

sample.

5.1 Effects of Teacher Training on Overall Student Achievement

In order to identify the effects of pre- and in-service teacher training on overall student achievement,
we run several single- and multi-treatment regressions as specified in Equation 1. As TIMSS provides
student test scores in the form of five plausible values per subject, we randomly draw one of the
resulting 25 possible combinations for mathematics and science to measure students’ performance.
This method has been established as standard in the literature (see Jerrim et al., 2017; Lavy, 2015) and
generates robust estimates as we will show in Section 6.1 by using TIMSS’ advertised jackknife repeated
replication method.” We further standardize the drawn scores with a mean of zero and a standard
deviation of one. This is advantageous as it allows us to interpret the estimated coefficients for both
treatment variables in respect of the standard deviation of the pooled score distribution. Moreover, all

regressions are adjusted using student sampling weights provided by TIMSS to mitigate the selection

7 Beside the jackknife repeated replication method described in Section 6.1, we conduct an additional robustness check of
our existing results and draw a random combination of another two plausible values for mathematics and science. Table
A3 shows virtually identical coefficients for both treatment variables in terms of magnitude and significance.
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problem mentioned in Section 3.1 and include subject fixed effects. We further introduce a control in
all specifications indicating whether a teacher has studied the subject she teaches in order to account
for differences in the teachers’ fields of study. Finally, we address potential correlations in the error
terms within classes by clustering standard errors of all subsequent results at the class level.

Table 2 presents the estimated coefficients of pre- and in-service teacher training from
standardized test score regressions using student fixed effects. Both treatments indicate a positive
impact on overall student achievement regardless of the econometric specification. However, the effect
of subject-specific education studies with 0.008 of a standard deviation is comparatively small in its
magnitude and statistically insignificant in the single-treatment model without any controls (column
1). Extending this analysis to a multi-treatment specification in column 3 and including teacher
characteristics in column 4 as well as class and subject characteristics in column 5 does not lead to
noteworthy changes in the estimated parameter of interest or its significance.

The overall insignificant estimates for subject-specific education studies are in line with the
results found in previous literature on teacher training as well as teacher credentials. Similar to Harris
and Sass (2011) as well as Monk (1994), we find that specialized course selection in education at the
university level does not significantly impact teacher effectiveness and thus overall student
performance. Moreover, our findings for formal pre-service teacher training consistently complement
the existing research on teacher’s college major choice (see Betts, Zau & Rice, 2003; Goldhaber &
Brewer, 2000).

In contrast, the estimated coefficient of participating in professional development is significant
cither at the 5 % or 1 % level while also virtually identical in columns 2-4 but being slightly reduced
in column 5. According to Oster (2019) this coefficient stability might indicate a limited omitted
variable bias in our specifications. We investigate this robustness in a more technical manner by
applying her econometric approach for selection on observables and unobservables in Section 6.2.
Furthermore, it is evident that all specifications presented in Table 2 show noticeably larger estimates
for in-service teacher training compared to pre-service training. Considering the single-treatment
model without any controls, our results suggest an increase of 0.038 of a standard deviation in the
overall student test score if teachers acquire in-service training compared to those who did not
participate in any professional development in the last two years (column 2). Adding the indicator for
pre-service teacher training to this specification almost does not alter the effect in terms of its
magnitude keeping the significance still at the 5 % level (column 3). In our preferred specification

(column 5) which includes both forms of teacher training and the full set of controls mentioned above,
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Table 2: Estimated Effects of Pre-Service and In-Service Teacher Training on Standardized Student Test Scores

©) 2) 3) ) ©)

Subject-specific education studies (1 = yes) 0.008 0.007 0.006 0.009
(0.011) (0.011) (0.011)  (0.010)
Professional development (1 = yes) 0.038%*  0.038*F  0.040***  (0.031**
(0.015)  (0.015) (0.015)  (0.014)

Teacher controls NO NO NO YES YES

Class and subject controls NO NO NO NO YES
Number of students 34,843 34,843 34,843 34,843 34,843

Notes: Results from weighted student fixed effects regressions with student standardized test scores as dependent variable.
Test scores are standardized with mean zero and standard deviation of one. Robust standard errors clustered at the class
level are in parentheses. All regressions include subject fixed effects and a control for teachers’ subject-specific
specialization degtee in either math or science. Constants are included. Teacher, class and subject controls are used as
specified in Table 1. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

the coefficient implies that teachers’ participation in professional development is associated with an
0.031 increase of a standard deviation in the overall student performance. In line with Angrist and
Lavy (2001) as well as Harris and Sass (2011)°, our results suggest that in-service teacher training does
influence the overall student achievement. Therefore, our findings are in contrast to several other
studies on this subject which find either no significant or only small effects of professional

development in that context (see Jacob & Lefgren, 2004; Garet et al., 2008; Garet et al., 2011).

5.2 Heterogeneous Treatment Effects

The literature suggests various possible starting points for heterogeneous effects of teacher credentials
and characteristics on student achievements to unfold. On the one hand, Clotfelter, Ladd and Vigdor
(2006) as well as Gronqvist and Vlachos (2016) emphasize the importance of such heterogeneity
among different types of students. They investigate whether contrasting subgroups stratified by certain
student characteristics respond differently to teachers’ credentials. On the other hand, several studies
focus mainly on the treatment variable itself and find positive and significant effects of in-service
teacher training on student performance only for more than 14 hours of participation (Yoon et al.,
2007). In order to take up the literature’s propositions, we build our investigation of heterogeneous

treatment effects on these two separate approaches and pay special attention to identifying potential

8 Angrist and Lavy (2001) report positive effects of in-service teacher training programs on students’ reading and
mathematics achievements in elementary schools in Jerusalem. They find that students who attended non-religious schools
where teachers participated in in-service teacher training indicated higher test scores by 0.25-0.5 of a standard deviation
compared to the control group. Hatris and Sass (2011) only find positive effects for middle school math teachers in Florida
with an effect size of approximately 0.006 of a standard deviation.
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nonlinearities of our estimations.

We first focus on the amount of professional development a teacher underwent in the last two
years. We investigate this relation by again utilizing TIMSS’ measurement of in-service teacher training
as in our previous analysis. However, now we are using a categorical treatment variable instead of a
dummy. Consequently, we consider the following five categories of participating hours in professional
development defined by TIMSS: none, less than 6 hours, 6-15 hours, 16-35 hours and more than 35
hours.”

Figure 1 presents the effects of in-service teacher training on student achievement for different
hours of professional development undergone by a teacher. Hereby, we focus on our preferred
specification with the full set of controls as depicted in column 5 of Table 2. The graph shows a clear
dose-response pattern as the effect on the overall student achievement increases with the undergone
hours of in-service teacher training. The estimates are all positive and range from 0.022 to 0.045 of a
standard deviation. However, our results yield significant effects only for 6-15 hours of professional

development or higher."

This supports findings in the existing literature that fruitful professional
development programs are intense in terms of participation hours (Jackson, Rockoff & Staiger, 2014).
Further, our results are partly in line with Yoon et al. (2007) who report significant effects for
professional development for studies with more than 14 hours of in-service teacher training acquired.

Next, we explore the effects of pre- and in-service teacher training among different subgroups
of students. In particular, we examine whether participation in professional development'' and subject-
specific education studies interact with students’ gender and parental educational background as those
are important determinants of student performance (Gronqvist & Vlachos, 2016; Bjérklund &
Salvanes, 2011). We therefore consider two econometric specifications using interaction terms of our
treatment variables with the mentioned student characteristics while further including the full set of
teacher and class controls.'” All student characteristics are drawn from the TIMSS student
questionnaire.

In terms of students’ gender, column 1 of Table 3 shows a significant increase in test scores

by 0.042 of a standard deviation among male students if teachers have participated in professional

% For detailed information on questions and possible response options in the TIMSS questionnaire see Table Al in the
appendix.

10 Tt is noteworthy that the estimates for pre-service teacher training still do not indicate any significant effects. For detailed
information on coefficients of interest and the respective standard errors see Table A4 in the appendix.

11 Contrary to our previous analysis presented in Figure 1, we again consider participation in professional development as
a dummy rather than a categorical treatment vatiable.

12 See again Table 1 for a detailed description of control variables used.
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Figure 1: Estimated Coefficients for In-Service Teacher Training by Participation Hours
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Notes: This figure is based on the results from a weighted student fixed effects regression with student standardized test
scores as dependent variable and a full set of controls as specified in Table 1. Test scores are standardized with mean zero
and standard deviation of one. The regression includes subject fixed effects and a control for teachers’ subject-specific
specialization degree in either math or science. as well as the pre-service teacher training variable. The spikes depict the
95 % confidence intervals on each estimated coefficient, with standard errors clustered at the class level. The regression
coefficients as well as corresponding standard errors are presented in Table A4 in the appendix.

development programs during the last two years. Similar to our estimates in previous sections, a
teacher’s formal pedagogical specialization in the subject she teaches does not have further impact on
the overall performance in this subgroup. However, our results suggest a negative but insignificant
interaction between pre- and in-service teacher training and 8th grade girls. Consequently, teachers
with given subject-specific education studies and participation in professional development seem to
be equally effective among female and male students.

We now investigate the role of parental education for the effects of pre- and in-service teacher
training on the student performance. The rationale behind this step is two-sided. First, the literature
on student education and family background suggests parental education as a proxy for student socio-
economic background (Bjérklund and Salvanes, 2011). Consequently, we can exploit this fact to gain
insights on how effective teacher training is among groups with different socio-economic
backgrounds. Second, highly educated parents might especially encourage their children with regard to
school related tasks e.g., by providing help with homework or school projects. Those students could
additionally benefit from parental subject-specific knowledge in science and mathematics besides

teachers’ pedagogical and content-specific qualifications (Bietenbeck, Piopiunik & Wiederhold, 2018).
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Table 3: Heterogeneous Efffects of Pre- and In-Service Teacher Training on Student Achievement by Student

Characteristics
@ @
Subject-specific education studies (1 = yes) 0.012 0.009
(0.012) (0.014)
x female -0.006
(0.010)
x higher educated parents -0.006
(0.018)
Professional development (1 = yes) 0.042%%* 0.018
(0.010) (0.017)
x female -0.022
(0.021)
x higher educated parents 0.014
(0.023)
Teacher controls YES YES
Class and subject controls YES YES
Number of students 34,833 20,545

Notes: Results from weighted student fixed effects regressions with student standardized test scores as dependent vatiable.
Test scores are standardized with mean zero and standard deviation of one. Robust standard errors clustered at the class
level are in parentheses. Pre- and in-service teacher training is interacted with female students (column 1) and with students
having higher educated parents (column 2). We specifically excluded 10 students in column 1 and 1,111 students in column
2 due to missing values. Additionally, we excluded 13,187 students in column 2 from our analysis as they answered the
question regarding their parental education with “don’t know”. All regressions include subject fixed effects and a control
for teachers’ subject-specific specialization degree in either math or science. Teacher, class and subject controls are used
as specified in Table 1. Constants are included. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

In order to address this possible heterogeneity, we use data on parental education collected in the
TIMSS student questionnaire. We create a dummy variable which takes a value of 1 if at least one
parent has a university degree or higher education, and 0 otherwise. Interacting both, pre- and in-
service teacher training with this indicator for parental education yields opposing results (see column
2 of Table 3). On the one hand, students with highly educated parents indicate slightly lower effects
of subject-specific education studies on test scores with a reduction by 0.006 of a standard deviation
compared to students with less educated parents. On the other hand, the impact of participation in
professional development is increased by 0.014 of a standard deviation in this subgroup. However,
none of the interactions are statistically significant suggesting that students with highly and less
educated parents do not respond differently to the same teacher’s qualifications in terms of pre- and

in-service teacher training.
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Overall, our analyses show unambiguous results: a teacher’s effectiveness increases significantly with
the growing amount of in-service training hours she acquires. However, our investigation does not
suggest any heterogeneous treatment effects for different subgroups of students stratified by gender
and parental education. We consequently conclude that teachers who completed a subject-specific
education major are equally effective among different types of students. Moreover, teachers’
participation in professional development does not seem to have a significantly different impact on

the overall student performance among students with those certain characteristics.

6. Robustness Checks

This section is going to provide our key findings with regard to the robustness of our results. In the
first step, we will address possible drawbacks resulting from not using TIMSS’ advertised estimation
method for the standard errors in our analysis. However, we will show that our results are robust to
the use of this resampling technique, in particular to the jackknife repeated replication method. Second,
we use Oster’s (2019) approach of analyzing coefficient stability in order to obtain additional insights
on the robustness of our estimations to omitted variable bias. Finally, in accordance with our
considerations in Section 4 regarding parental preferences and possible selection bias we compare our
results from our preferred specification of the full controlled student fixed effects regression to

including a control for students’ extra lessons in this model.

6.1 Jackknife Repeated Replication Method

For our main analysis in Section 5.1, we renounced the use of resampling methods in order to keep
calculations convenient. This approach is already used in the literature (see e.g., Lavy, 2015) and
considered to be an unbiased alternative to more complex resampling techniques (Jerrim et al., 2017).
However, there are also studies which argue strongly in favor of such methods as the estimated
standard errors might generally be underestimated (Rutkowski et al., 2010). Therefore, we test the
robustness of our regression results and introduce the jackknife repeated replication technique (hence
JRR) as advertised by TIMSS.

The necessity to use such a resampling method arises from the nature of TIMSS data collection
structure. To keep the burden exposed to a single student to a minimum, TIMSS relies on an

incomplete-booklet design. This means that every student is only assigned with a subset of the full
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pool of items available. Consequently, this resource efficient method comes with the downside of
uncertainty regarding estimates developed from this incomplete data. This uncertainty regarding the
actual achieved test score is referred to as imputation variance. In order to calculate this variance, we
first run regressions on all 25 possible combinations of the five plausible values that TIMSS provides
for each subject and take the average over the estimates (Foy & LaRoche, 2016). We then compute

the imputation variance as:

M

('
Varpp(@,) = (1 + _) z 0) @)

where §is the regression coefficient for pre- and in-service teacher training estimated with the overall

student weights for plausible value combination » and M as the total number of plausible value
combinations. 0:]%1 M, B, is the final average regression coefficient. (Foy & LaRoche, 2016).

Furthermore, as TIMSS is not sampling every school in the respective countries but only a few,
there is also uncertainty about the representability of the sample with respect to the target population.
This uncertainty is called sampling variance. Obtaining this variance requires the use of a suitable
resampling scheme such as JRR. Hereby, the sample is repeatedly cut, and the weights of remaining
units are readjusted according to the scheme. These so-called replication weights can then be used to
compute the statistics of interest. In order to calculate such weights, the resampling technique pairs
the sampled schools from each country into 75 dedicated sampling zones." In the next step, the JRR
procedure is applied. This involves the repeated drawing of two subsamples, where one school of the
respective subsample will be removed while the other is included with a weight adjustment to cope for
the missing school. This process is reiterated for all 75 zones, leading to 150 replicate sampling weights
that can further be used to calculate the weighted estimates for pre- and in-service teacher training

(Foy & LaRoche, 2016). The sampling variance can be calculated according to:

75 2
1
Varws,) =3 D D (8,8’ ®)
=1 =1

13 TIMSS samples 150 schools in most of the available countries in the database. In the cases where fewer schools had
been sampled, TIMSS fills those missing spots with quasi-schools which represent splits of the schools that have already
been sampled. In cases where more than 150 schools have been sampled, TIMSS collapses the emerging additional zones
into the first 75 (Foy & LaRoche, 2010).
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where §is the regression coefficient for pre- and in-service teacher training estimated with the overall
student weights for plausible value combination » and M as the total number of plausible value
combinations. In contrast, [)’mj_ presents the final average regression coefficient for plausible value 7
but from regressions conducted with replicate sampling weights derived from sampling zone 4 (b =

1,...,75), where one of the j” schools (j = 1, 2) in this zone is included and the other removed, and

vice versa (Foy & LaRoche, 2010).

Table 4: Effects of Pre- and In-Service Teacher Training on Standardized Student Test Scores using the Jackknife
Repeated Replication Technique as a Robustness Check

Main results JRR
M B
Subject-specific education studies (1 = yes) 0.009 0.010
(0.010) (0.008)
Professional development (1 = yes) 0.031** 0.030%**
(0.014) (0.010)
Teacher controls YES YES
Class and subject controls YES YES
Number of students 34,843 34,843

Notes: Column 1 presents the results from our preferred student fixed effect specification as depicted in column 5
of Table 2. Column 2 shows the average coefficients estimated from regressions for all 25 possible combinations
of plausible values for this specification using the JRR technique. Robust standard errors clustered at the class level
and adjusted for imputation variance for the model in column 2 are in parentheses. All regressions include subject
fixed effects and a control for teachers’ subject-specific specialization degree in either math or science. Constants
are included. Teacher, class and subject controls are used as specified in Table 1. Significance levels: *** p<0.01,
* p<0.05, * p<0.1.

In the last step, an unbiased estimate of the standard errors can be obtained by addressing both
prevailing uncertainties. We do so by taking the square root of the combined vatiances."* To obtain
the coefficients for pre- and in-service teacher training we first run the regressions for all 25 possible
combinations of plausible values for mathematics and science separately using student sampling
weights and afterwards take the average over the estimates.

In order to verify the robustness of our main findings from Table 2, we focus our attention on
the fully controlled specification as depicted in column 5 of Table 2 and contrast those estimates for

pre- and in-service teacher training to the coefficients resulting from the JRR method. Table 4 reports

14 Hereby we sum up the sampling and the imputation variance whereas the sampling variance is the average sampling
variance for all 25 plausible value combinations
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the estimates and standard errors for both measurement techniques whereas column 1 contains the
coefficients for our treatment variables derived under Equation 1. Column 2 refers to the results of
applying the JRR procedure to our sample. Comparing the two columns, it is evident that the
coefficients almost do not differ from each other. For subject-specific education studies, using JRR
increases the estimate by 0.001 while decreasing the standard error by 0.002. However, this doesn’t
change the fact that pre-service teacher training shows no significant effect on student performance.
Regarding on-the-job professional development, it is evident that although the JRR-coefficient only
slightly decreased from 0.031 of a standard deviation to 0.030, the standard errors shift was
proportionally larger. This finally leads the coefficient to a higher level of significance at 1 % compared
to the former 5 % level. As this is the only difference, we conclude that our findings are robust

estimates of the effect of pre- and in-service teacher training on student achievement.

6.2 Oster (2019) Analysis — Investigating Coefficient Stability

In order to address the possible correlation between unobserved teacher traits and pre- as well as in-
service teacher training, we added a set of controls to our analysis as presented in column 5 of Table
2. As mentioned in Section 5.1, our estimated coefficients of interest remain unchanged in terms of
their significance.” Moreover, the estimated effect of a teacher’s participation in professional
development changed only slightly in its magnitude when including teacher as well as class and subject
characteristics to our regression. This coefficient stability may suggest that the added controls capture
the most relevant selection e.g., in terms of teachers’ motivation or ability, implicating a limitation of
an omitted variable bias in our analysis (Oster, 2019). In this section, we follow the approach built by
Altonji, Elder and Taber (2005) and further extended by Oster (2019) in order to demonstrate formal
evidence for the reasoning above. We investigate the robustness to omitted variable bias under the
hypothesis that the interrelation between teacher training and unobservables can be derived from the
relationship between teacher training and observables (Oster, 2019).

Oster (2019) emphasizes that coefficient changes alone are not an adequate statistic to identify

bias. More specifically, omitted variable bias corresponds to coefficient shifts only if such changes are

16

accompanied by movements in R? (Oster, 2019).! Therefore, we follow Oster (2019) and compare

15 In particular, only participation in professional development yielded a significant effect on the overall student
achievement.

16 Oster (2019) demonstrates that the explanatory power of a control variable is crucial. Assume that student achievement
can be fully explained by two variables whereas one indicates a higher vatiance than the other. However, in practice one
can only observe the variable with the lower variance and therefore include this as a control to the regression of interest.
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coefficient movements to corresponding changes in R? after including the full set of controls in our
student fixed effects regressions. Hereby, we focus our attention on teachers’ participation in
professional development programs as only this treatment yields significant effects on students’
performance.

Oster (2019) suggests two possibilities of investigating the coefficient stability of an
econometric regression. In the first approach, one would estimate the proportional relationship
between selection on observables and unobservables (6) which would explain away the effect of in-
service teacher training. Hence, we estimate the extent of omitted variable bias necessary to drive the
coefficient of professional development to zero (8, = 0 in Equation 1). Hereby, a § > 7 means that
unobservables would need to be disproportionately important compared to the observables i.e., our
included teacher and class characteristics, in order to explain away the effect on the overall student
achievement (Oster, 2019). Therefore, both Oster (2019) and Altonji, Elder and Taber (2005) suggest
a 0 > 1 as an appropriate critical value to identify robustness.

In the second approach, one would estimate the identified set A = [B, f (%in{R,,.,1},7)] which
contains the coefficient for in-service teacher training of the full controlled regression as specified in
column 5 of Table 2 as a lower bound () and the unrestricted bias-adjusted estimator for § = 7 (§) as
an upper bound.

If in that case the identified set includes zero, the emerging coefficient stability after including
observed controls could not be considered as robust to omitted variable bias, as the unrestricted
estimator would change its sign remarkably compared to . Importantly, the two approaches used to
analyze coefficient stability rely on an arbitrary chosen R,,. which is the R? from a theoretical
regression where all controls, observed and unobserved, are included (Oster, 2019). According to
Oster (2019) one should set R, to 7.3R in practice.”” Besides incorporating this suggestion in our

analysis, we additionally set R, to a more conservative value of 7.6R as suggested by Bietenbeck

(2020).

Table 5 presents the controlled and uncontrolled effect of professional development on
student test scores including the corresponding R? (column 1 and 2, respectively). Note that we use

the within R? which indicates how much variation of the test scores within students is explained by

The appearing coefficient stability would now be misleading as it is not driven by smaller bias but by the fact that less of
the student outcome is explained by the included control variables (Oster, 2019).

17 After analyzing the outcomes of several randomized studies from top journals, Oster (2019) concludes that at least 90 %
of the results survive the cutoff of R, = 7.3R.

nax
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Table 5: Selection on Observables: Investigating the Coefficient Stability

Uncontrolled Controlled
effect effect
M @
Professional development (1 = yes) 0.038** 0.031**
(0.015) (0.014)
Teacher controls NO YES
Class controls NO YES
Number of students 34,843 34,843
R? (within) 0.001 0.012
AR, =13R
Sfor f=0 12.150
Identified set: A = [B, § (min{R 01}, 1)] [0.031; 0.029]
Does identified set exclude zero? YES
B.R,,. =16R
oforf =0 6.136
Identified set: A = [B, § (min{R ,p, 1}, 1)] [0.031; 0.026]
Does identified set exclude zero? YES

Notes: Results from weighted student fixed effects regressions with student standardized test scores as dependent
vatiable. Test scores are standardized with mean zero and standard deviation of one. Robust standard errors clustered
at the class level are in parentheses. All regressions include subject fixed effects and a control for teachers’ subject-
specific specialization degree in either math or science. as well as the pre-service teacher training variable. Teacher,
class and subject controls are used as specified in Table 1. Panel A considers a R, of 7.3R and panel B a R, of

1.6R. Both panels present the degree of selection on unobservables relative to observables (0) needed for the
treatment coefficients f to be zero as postulated by Oster (2019). Additionally, the identified set is calculated for
both specifications with d = 1. If the identified set excludes zero, the determined effects from the controlled student

fixed effects regression are said to be robust to omitted variable bias. For calculations of the identified set and J we
used the Stata command -psacalc-. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

our fixed effect model.'® Panel A considers an R, of 7.3R as suggested by Oster (2019) and the
analysis in panel B is based on the more conservative choice of K. = 1.6R. In both cases the estimated
0 lies with 12.150 and 6.136 above the critical value of one. This implicates that the selection on
unobservables would need to be more than 12 or 6 times as large as selection on the observed teacher
and class characteristics in order to drive the treatment effect of professional development to zero.

According to Oster (2019) this can be considered as implausible. Additionally, the identified set

18 Dee (2007) and Schwerdt and Wuppermann (2011) who also used the within-fixed-effect approach indicate a within R’

in a range from 0.002 to 0.040. Our within R? in the fully controlled regression is 0.012 which lies within the observed
range in the literature.
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excludes zero for both values of R, indicating no considerable sign changes for the unrestricted bias-
adjusted estimator. Overall, our findings suggest that omitted variable bias is not the driving force of

our results (Oster, 2019).

6.3 Controlling for extra Lessons

Resuming the reasoning about parental preferences and their influence on their child’s educational
decisions in Section 4, we investigate further threats of this matter towards the estimates of pre- and
in-service teacher training. Asymmetric preferences expressed by parents or their children in favor of
either mathematics or science might incentivize the students to visit supplementary classes besides the
regular instruction time at school. Due to this demand for high mathematics or science performance
students might further tend to self-select themselves to well trained teachers ie., teachers who
specifically hold an education major in the subject they teach or teachers who participate in
professional development programs frequently. Moreover, by taking extra lessons outside of school,
students access an additional source of tuition which could confound our estimates.

We address these threats to our estimated effects of pre- and in-service teacher training by
exploiting TIMSS’ student questionnaire. More specifically, students were asked whether they have
attended extra lessons or tutoring in mathematics or science not provided by the school during the last
12 months. Including an indicator for extra lessons participation should enable us to control indirectly
for eventual asymmetric preferences and thus for possible selection to teachers with specific
qualifications. However, the general, underlying issue with controlling for tutoring lies within the
uncertainty regarding the point in time at which the decision to attend those additional classes was
made. Extra lessons might not only be an indicator for the student’s or her parent’s preferences on a
specific subject before the assignment of the treatment. They might also hint towards the inability of
the teacher due to missing pedagogical studies or the lack of professional development. A student
facing a teacher with less pronounced traits might feel the need to take extra tuition regardless of her
preferences. Likewise, a teacher who attended professional development programs or holds a subject-
specific education major might erase the need of extra hours for a student that usually would take such
lessons in all subjects. Therefore, controlling for supplementary classes could potentially invoke a bad
control problem which would lead to a bias of our results. To mitigate this risk, we did not include this
control in our main analysis.

Exploring the results presented in Table 6 suggest that the bad control problem is seemingly
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Table 6: Estimated Effects of Pre- and In-Service Teacher Training on Standardized Test Scores with an included

Control for extra Lessons in the Regression

Extra lessons as

Main results ..
additional control

©O) @

Subject-specific education studies (1 = yes) 0.0092 0.0087

(0.0100) (0.0100)
Professional development (1 = yes) 0.0309** 0.0305%*

(0.0142) (0.0141)
Teacher controls YES YES
Class and subject controls YES YES
Number of students 34,843 34,843

Notes: Results from weighted student fixed effects regressions with student standardized test scores as dependent
variable. Column 1 presents the coefficients from our preferred student fixed effect specification as depicted in
column 5 of Table 2. Column 2 additionally considers a student’s participation in extra lessons beside regular school
instruction time as a control. Test scores are standardized with mean zero and standard deviation of one. Robust
standard errors clustered at the class level are in parentheses. All regressions include subject fixed effects and a
control for teachers’ subject-specific specialization degree in either math or science. Constants are included. Teacher,
class and subject controls are used as specified in Table 1. Significance levels: *** p<0.01, ** p<0.05,
* p<0.1.

not a threat to our investigation. Column 1 of Table 6 shows the estimates for pre- and in-service
teacher training from our preferred specification with full controls (see column 5 of Table 2). In
contrast, column 2 uses the same specification but additionally includes the indicator for a student’s
participation in extra lessons in math or science. Comparing the effects of subject-specific education
studies and participation in professional development yields that the added control for supplementary
tutoring does not distort the coefficient stability for both treatment variables as the estimates are
virtually identical for both specifications. Moreover, our results suggest that students’ participation in

extra lessons outside of school is not a potential source of (selection) bias regarding our main estimates.

7. Conclusion

Our results contribute to the limited and inconclusive literature on the merits of teacher training for
student learning. More specifically, we test whether teachers’ subject-specific education studies (pre-
service training) and participation in professional development (in-service training) increase students’
test scores. Using data from the Trends in International Mathematics and Science Study (TIMSS) we

follow a within-student fixed effects approach. Our results suggest that a teacher’s major in education
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with a specialization in the subject she teaches does not show significant effects. In contrast, in-service
teacher training contributes significantly positive to student outcomes. We find evidence that teachers’
participation in professional development increases student test scores by 0.031-0.040 of a standard
deviation. Furthermore, our analysis shows clear evidence for a dose-response pattern for in-service
teacher training as the effect increases proportionally with the hours participated in such programs.
This supports the overall findings in the literature that high-intense in-service teacher training
programs (6-15 hours or more) tend to be more effective.

From a policy perspective, these results underline the importance of teachers’ on-the-job
learning. Although pre-service teacher training is usually a mandatory requirement to enter a teaching
profession, teachers tend to accumulate their pedagogical skills and subject knowledge predominantly
while already serving, especially in the first years of their profession (Clotfelter, Ladd & Vigdor, 20006;
Harris & Sass, 2011; Rivkin, Hanushek & Kain, 2005). Moreover, due to teachers’ usually long service
it is crucial for them to update their knowledge on the ongoing innovations in their teaching area as
well as new pedagogical methods (Mullis, Martin & Loveless, 2016). One possibility to support teachers
to cope with such new developments would be the supply of high-intense professional development
programs as those tend to be more fruitful towards teachers’ effectiveness. Additionally, the
insignificant estimates of pre-service teacher training suggest a rethinking of the current pre-service
requirements of teachers. As teachers holding a subject-specific education major do not appear to be
more effective than others, it seems to be reasonable to reassess the current structure of formal
teaching preparation. It could give rise to alternative certification programs as an additional way into
teaching without having a subject-specific education major as a mandatory requirement (Harris & Sass,
2011).

The policy implications above need to be considered with caution. Although the within-student
fixed effects approach tackles most of the possible confounders, we cannot perfectly rule out all
potential biases. For instance, due to unobserved correlated teacher characteristics that might not be
captured by our already included controls. Some teachers could be more motivated than others and
therefore participate in professional development programs more frequently. Likewise, teachers with
a high passion for their profession and subject are likely to make a conscious decision to embark on a
career as a teacher, including a specialized major in education. Another concern of our analysis is that
we have incomplete information on the actual structure of subject-specific studies with a major in
education. More specifically, there is no data on how many credits were necessary to achieve such a

degree. It could be that some teachers were required to attend less pedagogical and subject-specific
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courses than others at the university to major in education with a specialization in the subject they
teach. However, following Oster’s (2019) approach on selection of observables and unobservables we
have shown that such omitted variable biases does not seem to be the driving force of our results.
Finally, this essay could not address which specific content of professional development
programs is crucial for teachers’ effectiveness. It would be interesting to gain additional knowledge
whether e.g., training that emphasizes subject-specific content or rather pedagogy has a positive effect
on student test scores. Hereby, further studies could provide valuable insights supporting policymakers
and school principals to rethink and readjust the structure of such programs in order to maximize their

benefits.
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Table A2: Means and Standard Deviations of Pre- and In-Service Teacher Training by Country

Treatment variables

Subject-specific education Professional development
Country studies (1 = yes) (1 = yes)
@) @)

. 0.643 0.900
Australia (0.479) (0.300)
Canad 0.432 0.874
anada (0.495) (0.332)
0.517 0.911

England (0.500) (0.285)
Ireland 0.452 0.872
ca (0.498) (0.334)
0.419 0.887

New Zealand (0.493) (0.316)

Notes: The table presents means and standard deviations of subject-specific education studies (column 1) and
participation in professional development (column 2) for each Anglo-Saxon country. Standard deviations are in
parentheses.

Table A3: Estimated Effects of Pre- and In-Service Teacher Training on Standardized Test Scores using an another

randomly drawn Combination of Plausible Values for Mathematics and Science

Main results Anotber PV
combination
Subject-specific education studies (1 = yes) 0.0092 0.0094
(0.0100) (0.0101)
Professional development (1 = yes) 0.0309** 0.0306**
(0.0142) (0.0142)
Teacher controls YES YES
Class and subject controls YES YES
Number of students 34,843 34,843

Notes: Results from weighted student fixed effects regressions with student standardized test scores as dependent
variable. Column 1 presents the coefficients from our preferred student fixed effect specification as depicted in column
5 of Table 2. Column 2 considers the same specification as column 1 but uses an another randomly drawn combination
of plausible values for math and science. Test scores are standardized with mean zero and standard deviation of one.
Robust standard errors clustered at the class level are in parentheses. All regressions include subject fixed effects and a
control for teachers’ subject-specific specialization degree in either math or science. Constants are included. Teacher,
class and subject controls are used as specified in table 1. Significance levels: *** p<<0.01, ** p<0.05, * p<0.1.
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Table A4: Estimated Effects of Pre- and In-Service Teacher Training on Standardiged Student Test Scores using

different Participation Hours for Professional Development

Subject-specific education studies (1 = yes) 0.008
(0.010)
Professional development (base: 0 hours in the past two years)
Less than 6 hours 0.022
(0.014)
6-15 hours 0.030**
(0.014)
16-35 hours 0.037**
(0.015)
More than 35 hours 0.045%**
(0.018)
Teacher controls YES
Class and subject controls YES
Number of students 34,843

Notes: Results from weighted student fixed effects regression with student standardized test scores as dependent
variable. Test scores are standardized with mean zero and standard deviation of one. Robust standard errors
clustered at the class level are in parentheses. The regressions include subject fixed effects and a control for teachers’
subject-specific specialization degree in either math or science. Constant is included. Teacher, class and subject
controls are used as specified in table 1. Significance levels: *** p<<0.01, ** p<0.05, * p<0.1.
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