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Introduction

1 Introduction

In a world where technology is becoming ever more important,
children’s best chance to thrive in school, and later, succeed in the labor
market is by striving towards exploiting their full potential and acquire
an applicable education. Evidence suggests that the future labor market
will require more formal education, especially within science,
technology, engineering and math, commonly referred to as the STEM
fields (Freeman & Aspray, 1999; Petersen & Hyde, 2014). Additionally,
mastering only the technical aspects of a job will no longer be sufficient;
social and emotional skills will be essential as computers and robots take
over routine tasks (Deming, 2017; Edin et al., 2017; Heckman et al.,
2006; Heckman & Kautz, 2012; Kautz et al., 2014; OECD Publishing,
2013).

Furthermore, given that the advances in technology mean that the labor
market is constantly changing, those who are able to practice lifelong
learning are bound to experience some benefits. An obvious advantage
in this regard is believing that intelligence and talents can be developed
and changed through effort, perseverance, hard work and by using
different strategies, commonly referred to as holding a growth mindset
(Dweck, 2006; Mueller & Dweck, 1998; Yeager & Dweck, 2012).

Outside of the home, schools, and especially classrooms, are perhaps the
most important arena for children developing the competencies they will
need to flourish (Hamre & Pianta, 2005; Howes, Hamilton, & Matheson,
1994). The learning environment across or perhaps even within schools,
however, can be rather different as there are several components that
affect what happens in the classroom (Chetty et al., 2011; Rockoff,
2004). In this thesis | examine important aspects of two such
components; other students, commonly referred to as peers, and teachers.
My goal is to contribute to understanding how we can help more children
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thrive in school, and consequently achieve more of their potential, using
existing resources.

Inspired by the Bad Apple model of peer effects,! | start by investigating
the effect of low-achieving peers in the first paper of this thesis. In
particular, I look at the effect of exposure to at least one low-achieving
student in the classroom on the performance of other students.
Intuitively, we might expect that low-achievers require more of the
teacher’s attention, possibly taking important learning time away from
their peers. If support is found for the Bad Apple model, this could imply
that some students are not able to reach their full potential because of
their low-achieving peers.

Empirical studies based on the Bad Apple model of peer effects do not
seem to have reached a consensus (e.g. Carrell et al., 2010; Hanushek et
al.,, 2002; Kristoffersen et al., 2015; Ruijs, 2017). Therefore, my
contribution investigating the effect of low-achievers in Norwegian
middle schools, where the focus on taking care of these students is more
prominent than in many other countries, is important. In addition, by
looking at the presence of at least one low-achiever, as opposed to the
faction of low-achievers, within the classroom, | also bring a new
approach to the peer effect literature.

After concluding that students do not seem to be negatively affected by
the presence of their low-achieving peers in Norwegian middle schools,
I move on to examine the second component — teachers. In particular, |
focus on the growth mindset, supposedly an important competence with
regards to lifelong learning (Dweck, 2009). Intuitively, it is natural to
assume that people holding more of a growth mindset set higher goals
and are better able to reach them, because they are not afraid of making
mistakes. Previous research suggests that holding more of a growth
mindset has a positive effect on challenge-seeking behavior and

! Suggesting that one disruptive student harms everyone else (Hoxby & Weingarth,
2005; Sacerdote, 2011).
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achievement (Andersen & Nielsen, 2016; Blackwell et al., 2007; Good
etal., 2003; Paunesku et al., 2015; Yeager et al., 2019). In addition, some
studies into how mindsets are developed suggest that teachers can,
through their feedback and behavior, affect mindset, and thereby
challenge-seeking behavior and achievement among their students
(Dweck, 2006; Haimovitz & Dweck, 2017; Heggart, 2017; Mueller &
Dweck, 1998). However, there is limited scientific evidence of this
impact (Brooks & Goldstein, 2008).

In the second paper of this thesis, | and the coauthors address this gap in
the literature using survey and registry data for all students starting high
school in two of the largest counties in Norway in the school year
2017/2018. In addition, because of the gender gap in pursuing a career
within the STEM fields, we focus on the subject most important for
continuing towards a STEM degree, i.e. math, and perform gender
specific analyses. We find that being exposed to a math teacher with
more of a growth mindset in the last year of middle school — when
important decisions about high school are being made — is beneficial for
students’ beliefs in their own abilities to learn when starting high school,
especially with regards to math. In addition, we find a positive effect on
participation in the most challenging math course in high school. We do
not, however, find any effect on students’ achievement in math or
different effects based on students’ gender; both girls and boys seem to
benefit from being exposed to a teacher with more of a growth mindset.

Lastly, several studies have shown that exposing students to growth
mindset interventions can increase the prevalence of such a mindset, and
also have positive effects on student outcomes (Andersen & Nielsen,
2016; Bettinger et al., 2018; Blackwell et al., 2007; Paunesku et al., 2015;
Yeager, Romero, et al., 2016; Yeager, Walton, et al., 2016). However,
the interventions that are successful in increasing the prevalence of the
growth mindset among students do not include teachers. Including the
teachers could be beneficial for several reasons. For instance, it might
help in scaling the interventions, or strengthen the positive effects by
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teachers changing their practice (T. Kane et al., 2011; Mueller & Dweck,
1998).

In the third paper of this thesis, together with coauthors, | continue to
focus on the role of teachers in developing a growth mindset among
students, and address this gap in the literature. We do this by including
teachers in the design of an intervention focused on increasing the
prevalence of a growth mindset among students in high school. Thus
conceivably making both teachers and students better at utilizing the
learning opportunities that already exist. We test the intervention by
performing a randomized controlled trial (RCT), and find positive effects
on mindset as well as challenge-seeking behavior. The most important
finding in this paper is that among students who are able to choose which
math course to participate in, treated students are more likely to choose
the more advanced course. In other words, they seem to be less afraid of
challenge and more concerned with learning.

Understanding how different inputs, like peers and teachers, affect
students’ choices and learning is important for policy implications and
in helping children reach their full potential (Heckman, 2000). The same
goes for understanding how to develop social and emotional skills, like
a growth mindset. For instance, the positive effect we find in papers two
and three on the choice to participate in the more advanced math course
could not only have implications for what students learn, but it could also
affect their future career possibilities (Ma & Johnson, 2008; Sells, 1980).

The remaining part of my thesis starts with a section about the
Norwegian educational system, which is the context of all three papers.
I then present my conceptual framework, along with important aspects
of the peer effects and mindset literatures. My empirical approach
follows immediately after, where | start with a section about causation in
general, before going deeper into the use of observational data and
experiments in order to uncover causal effects. Lastly, I include brief
summaries of the papers that follow in consecutive chapters.
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2 The Norwegian educational system

In essence, formal education in Norway can be divided into four parts,
as illustrated in Figure 1. First, children enroll in 1st grade at primary
school (elementary school) in August the calendar year they turn six.
Then, the year they turn thirteen (when starting 8th grade) they move on
to lower secondary school (middle school). Together, the primary and
lower secondary schools constitute the mandatory education. All
children living in Norway for at least three months have both a right and
a duty to participate in the mandatory education (the Ministry of
Education and Research, 1998). Non-compliance with the enrollment
regulation as well as repeating or skipping a grade is not common in
Norway, meaning that children usually graduate from middle school
with their age cohort in the calendar year they turn sixteen.

Higher education

High school

Elementary
and middle school
(Mandatory)

University

or t:-:.:“r.*.gi"

Vocational | Academic
track track

Lower

(8th to 10th)
SECO! n_i:.u'}.'

Primary (Ist to Tth)

Figure 1 — The Norwegian educational system
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Elementary and middle schools are district schools governed by the
municipalities, and most children attend a public school in close
proximity to their residence.? The curriculum, however, is determined
nationally and is similar for all students. Middle schools tend to be larger
than elementary schools, implying that children attending different
elementary schools feed into the same middle school when starting 8th
grade.

Upon graduating from middle school, all children have the right, but no
longer a duty, to proceed to an upper secondary education (high school)
(the Ministry of Education and Research, 1998). When applying for high
school, they can choose between several academic or vocational tracks.
The academic tracks consist of three years of schooling, while the
vocational tracks consist of three to four years of education and training
oriented around specific occupations. The purpose of the academic track
Is to prepare students for university or college, while the purpose of the
vocational track is to prepare students for the labor market. Students
graduating from one of the vocational tracks have the option of
proceeding to university after attending one additional year of intense
academic training (Markussen & Gloppen, 2012), illustrated by the
dotted arrow in Figure 1.

High schools are under the responsibility of the county administrations,
and the general rule is that students apply for acceptance into a school
that offers their desired educational program within their county of
residence. If the number of applicants exceeds the number of available
slots, the general rule is that acceptance is based on the grade point
average (GPA) from middle school.

Students graduating from the academic track in high school have the
option of proceeding to university or college (the Ministry of Education
and Research, 2005). When applying for higher education, students are

2 Only 4 percent of children attend private elementary and middle schools (the Ministry
of Education and Research, 1998; Statistics Norway, 2017).
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free to apply for acceptance into any university or college they want in
the country. As when applying for high school, students apply for
acceptance into their desired major. Some majors, however, have special
requirements for prior knowledge, meaning that students need to have
completed some courses before being accepted (at high school or the
equivalent). If no prior knowledge is required or all students applying for
the major in that university or college meet the requirements, acceptance
is based on the GPA from high school if the number of applicants
exceeds the number of available slots.

In the three papers of this thesis, I® use samples of students at different
levels of secondary education (middle school and high school). In the
first paper, | investigate the effect of low-achieving peers among students
at the start of middle school, while in the second paper we look at the
effect of the math teacher’s mindset in the last year of middle school.
Finally, in the third paper, together with coauthors, I try to change the
mindset of students in the first year of high school.

3 Together with coauthors in two of the papers.
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3 Conceptual framework

Understanding how to make children thrive in school and exploit more
of their potential has engaged scientists for centuries, and my work enters
into the field commonly known today as the economics of education. The
economics of education is a branch of economics within the more general
field of social sciences, which is about understanding human societies
and social relationships. The field’s history dates back to the eighteenth
century, with Adam Smith comparing the education of men to expensive
machines in his famous book, commonly referred to as the "The Wealth
of Nations™ (Neal, 2018; Psacharopoulos, 1987).

The economics of education is the study of education from an economic
point of view, and focuses especially on the efficiency of educational
systems and production of human capital. Children growing up in
countries like Norway spend most of their childhood within the
educational system, and many remain in the system until well into their
twenties. In addition, public funding of the educational sector is immense
in many countries. The primary goal of scientists working within the
field of the economics of education is to figure out how we can get the
optimum return out of these massive investments.

The economics of education field has been developing rapidly ever since
the Coleman et al. (1966) report "Equality of Educational Opportunity".
This report directed the spotlight towards mapping educational inputs
and outputs using production functions (Hanushek, 2020; Neal, 2018).
We use education production functions to understand how different
components related to the educational process produce some outcomes.
Their main purpose is to help us identify causal effects in order to
understand and learn about the most effective ways to facilitate
education.* Common inputs into these functions include, but are not

4 More on causality and methods used to uncover causal effects in the empirical
approach section below.
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limited to, different student, family, peer, teacher and school
characteristics, and we usually present them as some version of the
following equation:

A=f(I,HPT,S)

where A represents some outcome, usually related to the educational
process, like student achievement. I is a vector of student characteristics
(e.g. age, gender, "innate ability™), while H represents a vector for family
background characteristics (e.g. parental education and earnings,
whether the parents are married, access to books and computers at
home). P represents a vector for the characteristics of a student’s peers
(e.g. peers’ average achievement or their background characteristics),
while T and S represent vectors for teacher (e.g. teacher quality,
education, experience) and school (e.g. access to books and computers
at school, school facilities) characteristics, respectively. However, not all
of these inputs have to be present in order to make it an education
production function.

In the three papers of this thesis, | use some version of the education
production function to examine different aspects of students’ peers and
teachers. When investigating the effect of peers, | focus on low-achievers
in particular, whereas the focus when looking at teachers is on their
mindset and the effect they have on developing the mindsets of their
students. Below | describe important aspects of the literatures in this
thesis, i.e. the peer effects and the mindset literatures, as well as how the
papers in this thesis contribute to moving the literatures one step further.

3.1 Peer effects

In addition to directing the spotlight towards using a production function
when mapping educational inputs and outputs, the Coleman et al. (1966)
report also highlighted the potential importance of peers. Since then,
scientists within the educational literature have investigated several

10
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aspects where they believe students can have an effect on the outcomes
of others. The investigated areas include, but are not limited to, test
scores, grades, drug use, alcohol consumption, teen pregnancy, dropping
out of school and attending college. In a summary of existing literature
thus far, Sacerdote (2011) concludes that students’ roommates when
attending university or college could affect social outcomes, but the
effects on GPA are considered modest. Within the literature focusing on
test scores in primary and secondary education, however, there does not
seem to be any agreement about how students affect each other. Yet,
there seems to be consensus that the prevailing model in the literature,
the linear-in-means,® might not be the most interesting model when
looking at peer effects (Hoxby & Weingarth, 2005; Sacerdote, 2011).

Hoxby & Weingarth (2005) summarize and present some alternative
models based on student behavior, including the Bad Apple model of
peer effects. The Bad Apple model suggests that the presence of a single
student, for instance a low-achiever, has a negative effect on the
outcomes of others. Intuitively, we might expect such a student to require
more of the teacher’s attention compared to other students in his or her
class. Consequently, other students might get less help if being exposed
to a low-achieving peer in the classroom, which in turn can affect what
they learn in school.

Existing literature oriented around the Bad Apple model does not present
any clear conclusion about the model. Some studies suggest that
including disadvantaged or disruptive students in mainstream classrooms
has a negative effect on the performance of others (Carrell et al., 2018;
Kristoffersen et al., 2015). Other studies, focused more on inclusive
education and special needs, however, find either no effect or small,
positive but insignificant effects from sharing a classroom with special
education students or disabled students (Hanushek et al., 2002; Ruijs,

5 Suggesting that the outcome of a student is a linear function of the mean of his or her
peers' outcomes (Sacerdote, 2011).

11
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2017; Ruijs et al., 2010). In the first paper of this thesis, | contribute to
the literature on peer effects and investigate the effect of being exposed
to at least one low-achieving peer in a new context and approach.

3.2 Mindset

Scientists have, for decades, been concerned with motivation and the role
it plays in learning, and have found that people have different beliefs in
their own abilities to learn (e.g. Burnette et al., 2013; Dweck, 2006;
Dweck & Leggett, 1988; Yeager & Dweck, 2012).° In the mindset
literature, we often talk about two kinds of mindset with a spectrum in
between. Towards one end of the spectrum, we find people holding more
of a growth mindset, who believe that it is possible to develop and change
their talents and competencies. People with a growth mindset are process
oriented and driven by the desire to develop existing and acquire new
knowledge. Towards the other end of the spectrum, we find people with
a more fixed mindset. People with a fixed mindset are firm believers in
natural talents, and believe that having to put in effort confirms that they
do not have what it takes to succeed at a given task. People with a fixed
mindset are performance oriented and driven by the desire to
continuously prove their talents to themselves and others.

Scientists, primarily within the psychology literature, have looked at how
mindsets are developed (Dweck, 2006; Haimovitz & Dweck, 2017,
Heggart, 2017; Mueller & Dweck, 1998; Rattan et al., 2015). Among
these, there almost seems to be an inherent assumption that teachers can
affect the mindset of their students, with papers outlining the importance
of employing learning tasks that encourage a growth mindset or that
teachers themselves aspire to develop such a mindset (Dweck, 2006;
Heggart, 2017). The scientific evidence on the impact, however, seems
to be lacking, as there is only limited evidence to date on the impact of
teacher mindset on student outcomes (Brooks & Goldstein, 2008). In the

6 Definition that follows based on the cited references.

12
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second paper of this thesis, the coauthors and | contribute to this
literature by looking at this from an economic point of view. We do this
by investigating how teachers’ mindset affects outcomes among
Norwegian high school students using the education production function.

Another part of the literature, more concerned with changing students’
mindsets, has presented evidence that it is possible to move students from
a fixed mindset to adapting more of a growth mindset, using
interventions designed for this specific purpose (Andersen & Nielsen,
2016; Bettinger et al., 2018; Blackwell et al., 2007; Good et al., 2003;
Mueller & Dweck, 1998; Paunesku et al., 2015; Yeager, Romero, et al.,
2016; Yeager, Walton, et al., 2016). The interventions that succeed in
doing so provide the participants with information about what happens
in the brain when you learn, and how using different strategies and
perseverance in the light of struggle have helped people move forward.
They also relate the content to concepts that the students are already
familiar with, like how muscles get stronger when you exercise, and
highlight the importance of struggling and making mistakes as a part of
the learning process. However, to date, the mindset interventions with
positive effects do not include teachers, which could be beneficial for
scaling the interventions. Scaling effective interventions is, from an
economic point of view, important for human capital development
(Heckman, 2000). Moreover, involving the teachers could also help
reinforce positive effects of mindset interventions by teachers changing
their practice (Kamins & Dweck, 1999; T. Kane et al., 2011; Mueller &
Dweck, 1998). Finally, involving the teachers could help legitimize the
interventions and thereby promote the growth mindset as something that
is important and achievable by the students (Walton & Yeager, in press).
In the third paper of the thesis, again together with coauthors, | contribute
to this literature by including teachers in an intervention designed to
increase the prevalence of a growth mindset among students, and
investigate the effect of the intervention using an RCT.

13
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4 Empirical approach

The slogan "Correlation does not imply causation™ is one of the very first
things you learn as an empirical scientist, as uncovering causal effects is
at the very core of most empirical research. According to the Oxford
Dictionary (2020a), correlation can be defined as a mutual relationship
between two or more variables. Causality, on the other hand, can be
defined as the relationship between cause and effect (Oxford Dictionary,
2020b).

For centuries, philosophers have argued about and discussed causality
and what it entails, and even questioned whether causalities actually exist
(R. Kane, 2005). Some argue that all events are predetermined, and
consequently there exists no free will, while others argue that everything
happens by chance (and of course, everything in between). The lengthy
discussion of causality from a philosophical view goes far beyond the
focus in this thesis, and | would not be able to do it justice in this brief
subsection. Although unable to reach a consensus, among those who
believe that causalities actually exist — which is a prerequisite for all the
papers in this thesis — there is a general understanding that the cause has
to happen before and be sufficient” in leading to the effect (Hoover,
2008; Reiss, 2013).

4.1 Using observational data and experiments to
uncover causal effects®
A challenge when identifying causation is that we are not able to observe

the causal force, and therefore separating causation from mere
correlation can be rather difficult. The separation, however, is important

" The Principle of Sufficient Reason.

8 The discussion in this section is based on discussions in Angrist & Pischke (2008),
Heckman (2005), Hoover (2008), Pearl & Mackenzie (2018) and Reiss (2013), and
follow the reasoning in the potential outcomes framework (Rubin, 1974, 1977) closely.

15



Empirical approach

because very often there is no specific reason why events or variables are
correlated, they just happen to be, or there might be some common
unseen factor through which they are associated. One example is the
relationship between ice cream sales and shark attacks (Siegel, 2019). If
you plot them in the same graph, it would seem as if ice cream
consumption increases shark attacks. However, what you do not observe
in the graph is that shark attacks are more likely to happen in the summer
when the weather is nice and people go swimming, which is also when
consumption of ice cream increases. Identifying this as a correlation, as
opposed to a causal effect, is important because otherwise we might end
up concluding that the best way to prevent shark attacks is by prohibiting
people from buying ice cream.

Uncovering "a causal effect” has several requirements. First, we need to
identify one variable to be the "cause" (or the “treatment”, often labeled
X). Second, we need to identify another variable which is affected by the
"cause™ (some outcome, often labeled Y). The "effect” we are trying to
uncover is the change in outcome (the Y). Third, in order to measure the
causal effect, we need to observe a set of possible outcomes (Y),
associated with different values of the cause (X). That is, in the case of
an experiment, we need to observe the values of Y for someone who has
undergone the treatment (where X = 1) and for someone who has not
(where X = 0). Fourth, except the X (the "cause" or the "treatment"),
everything else should be equal between the observations if we are to
conclude that an effect is causal and not merely correlational.

To illustrate this, assume for the sake of simplicity that X is a binary
variable; either someone attends college (X = 1) or they do not (X = 0);
either someone participates in job market training (X = 1) or they do not
(X = 0); either someone is exposed to a low-achieving peer (X = 1) or
they are not (X = 0). What then is the effect of attending college (X) on
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future earnings (Y)?° Ideally, to make sure that the "everything else being
equal™ assumption is met, we would want to observe the outcome for a
person (future earnings) both if attending college and if not. This brings
us to the fundamental challenge in identifying causal effects; we only
observe the outcome (V) associated with the realized X. We do not, for
instance, observe future earnings associated with going to college for
someone who starts working after high school. Nor do we observe future
earnings of joining the labor force straight after high school for a college
graduate. In other words, we only observe the achieved outcome. We
only observe the outcome (Y) for either getting the treatment (X = 1) or
not (X = 0), for each individual. The other outcome, the one we do not
observe, is the counterfactual.

In the natural sciences, causal effects are typically uncovered by running
repeated experiments in the laboratory, changing one variable (X) at a
time in order to create and observe something very close to the
counterfactual outcome. A famous example of this is the theory of
gravity. The benefit of the natural sciences is that the experiments can be
re-run as many times as needed, in a strictly controlled environment,
easily justifying the "everything else being equal” assumption. You can,
for instance, drop an apple multiple times, and if not changing anything
about the setting in which it is dropped, the apple will always behave in
the same way. Thus, making it possible to change one variable at a time
(like the height the apple is dropped from, the size of the apple or the
place in which the apple is dropped) and observe the outcome associated
with that particular change.

People, however, change behavior and learn from previous
experiences,*® which means it is not possible to do the same within the
social sciences. That is, we are not able to change one variable at a time

9 Or getting job market training (X) on becoming employed (Y') or being exposed to a

low-achieving peer (X) on achievement (Y).
10 Their own as well as that of others.
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in a strictly controlled setting, making the "everything else being equal*
assumption more difficult to defend. In order to uncover causal effects,
we therefore need to generate a counterfactual outcome that is as realistic
as possible. One solution is to compare groups of individuals, with
different realized outcomes, and let them represent each other’s
counterfactuals. That is, by using other individuals as the counterfactuals
or as a means to describe potential outcomes. It is common to think of
this as a control group and a treatment group.

This, however, poses potential problems. In natural settings, people tend
to sort into groups, meaning that individuals in the groups might be
different kinds of people, which could potentially bias our estimates
(Heckman, 2008). For instance, if the participating subjects in one group
have parents with a higher education than the participating subjects in
another group, the result from the comparison might be partly because
of parental education. That is, the results might pick up something that
is inherently different between the two groups with regards to the
education of their parents, not just the effect of the "cause" or the
"treatment".

An example of this can be illustrated by investigating the effect of
attending private schools on student outcomes. A simple comparison of
test scores of children attending private schools to children attending
public schools is likely to yield biased estimates. The reason is that
educated parents might value education more, and as a result may help
their children more with their school work and also be more likely to
send their children to private schools. Thereby, introducing a confounder
— parental education — that could potentially affect both the behavior of
the participants in general (helping their children more with school work)
and their choice to participate in the "treatment” (sending their children
to private schools), leading to the problem of omitted variable bias or
selection bias in the estimated effects due to unobserved differences
between the groups. Consequently, the two groups represent a poor
counterfactual to each other.
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In order to uncover the true causal effect of the "treatment”, it is
important to control for these potential confounders so that we are
actually comparing apples and apples, not apples and oranges. If we
imagine that the scientist was able to observe all possible background
characteristics, it would be feasible to control for these differences. In
the case mentioned above, with the confounder of parental education,
this is fairly easy; the scientist only needs to observe the education of the
participating subjects’ parents. It can, however, be tricky, since it is not
always possible to observe such confounders. Examples of this include
the effect of ability or social and emotional skills on school or labor
market outcomes. One can observe possible proxies for ability or social
and emotional skills, but never a person’s entire ability or the entire range
of social and emotional skills, as these are way too complex to be
measured in full. Therefore, we would never be able to fully control for
these aspects when looking at school or labor market outcomes. As a
result, the groups could be inherently different with regards to
unobservable baseline characteristics.!

One way of ensuring that the groups are similar (on baseline
characteristics), and consequently good representations of each other’s
counterfactuals, is to introduce random variation in who receives the
"treatment”. The idea behind a randomized design is that there should
not be, on average, any other differences between the groups than the
actual treatment (Cartwright, 2012). Randomization is meant to deal with
this by creating groups so that all other factors that might influence
outcomes are identically distributed among the groups. An important
element of randomization is that it is not the participating subjects who
decide whether to be offered the treatment, but some exogenous factor.

This can be done using a randomized controlled trial (RCT). RCTs are
by many considered to be the perfect statistical tool for uncovering
causality, and are often referred to as the scientific gold standard in the

11 Other such characteristics include, but are not limited to, genetics, environment, etc.
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evidence-based areas of the literature.> An RCT is a specific kind of
controlled experiment aimed at identifying the causal effect of some
treatment, where the scientist in charge of the experiment has full control
over the randomization, that is, who receives the treatment. When the
participating subjects are randomly assigned to control and treatment, the
two groups will be similar. This can be done using methods such as a
computerized random number generator, a lottery, etc. After
randomization, participating subjects assigned to the treatment group are
exposed to some treatment, while the subjects in the control group
receive either an alternative treatment, a placebo treatment or no
treatment at all. Afterwards, the observed outcomes of participating
subjects in the control and treatment group are compared, and the
difference between them is considered the causal effect of the treatment.

However, there are situations where it is not possible to use RCTs to
identify causal effects because of moral or ethical considerations. When
dealing with potential destructive or fatal outcomes for instance, like the
effect of smoking on cancer, drinking when driving, using illegal
substances on health outcomes, etc., it is not possible to defend assigning
some participants to the treatment group from a moral or ethical
perspective as the treatment is potentially harmful. In other cases,
conducting an RCT could be too costly, as uncovering treatment effects
might require large samples.

A different approach to ensuring similar groups and random variation in
who receives the "treatment” is to look for situations with some kind of
exogenous shock that mimic a randomized experiment. These situations
might arise if human institutions or natural forces create something that
is close to random assignment (Angrist & Krueger, 1999). The main
difference from an RCT is that the scientist is no longer in charge of who
receives the “treatment™ and who is placed in the control group.

12 However, despite having the reputation of being the gold standard, there are a lot of
pitfalls one can encounter when doing an RCT. This is to some extent illustrated in the
third paper of this thesis.
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However, the important element still being that it is not the participating
subjects who choose whether to get access to the "treatment™ or not. An
example of this is the use of hurricanes in the US to investigate the
structure of peer effects (Imberman et al., 2012). Because of the damage
caused by two hurricanes, over one million people were forced to
evacuate. The school districts surrounding the affected areas enrolled
children as fast as possible. Evacuated children came from some of the
lowest-performing schools in the country, and as a result, some cities
received large numbers of low-performing students. This created
concerns among the non-evacuee population that their children would be
negatively affected by the inflow of low-performing students. However,
there was nothing they could do to stop it from happening,® they just
had to sit back and receive the "treatment".

Another example is reflected in a distinctive feature of the Norwegian
educational system; the random assignment of students to classes in
elementary and middle schools, which is used to emulate an experiment
in the first and second paper in this thesis. When starting school in
Norway, the law states that students should be assigned to classes based
on their need for social belonging, and that they should not be placed in
groups based on ability, gender or ethnicity (the Ministry of Education
and Research, 1998). Guidelines define social belonging as that
assignment to classes within a school should reflect the student
population,'* and states that the schools have the final say when it comes
to allocation (the Ministry of Education and Research, 2017). This then
eliminates the problem of certain parents choosing a particular teacher or
group of students, and hence which class their child is assigned to.*®

13 At least not in the short term. In the longer term, it would be possible to move.

14 Meaning that if 30 percent of the students are boys or immigrants, each of the classes
should reflect this.

5 For a more detailed description of the random assignment within schools, see the
section about education in Norway in paper one or two.
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In the three papers of this thesis, 1'® look for settings that offer a source
of exogenous variation in the treatment assignment that is close to
random assignment (paper | and II) or randomly assigned students
myself (paper I11). Subsequently, I use some version of the education
production function to identify factors that are relevant in getting
children to reach their full potential. In the first paper, | exploit the
random assignment to classes in Norwegian elementary and middle
schools to investigate the causal effect of being exposed to at least one
low-achieving peer in the classroom on students’ school achievement. In
the second paper, | utilize the same random assignment as in the first
paper, and look at how teacher mindset affects student outcomes. In the
third paper, | randomly assign students to a control group or a treatment
group using an RCT design and investigate if it is possible to change
student outcomes using a mindset intervention with specific teacher
involvement.

16 Together with coauthors in two of the papers.
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5 Summary of papers

""The effect of low-achieving peers"*

Inclusive education, or educating all children in the same classrooms
regardless of individual needs or difficulties, has received increasing
attention in recent years (Ainscow and César, 2006; Ruijs, 2017; Ruijs
etal., 2010). As a result, several countries have moved away from special
needs education towards more inclusive environments, where the focus
is on educating all students in mainstream classrooms (European Agency
for Development in Special Needs Education, 2013; Ogden, 2014).
Norway is not an exception, but is in fact considered by many to be a
frontrunner when it comes to inclusive education.

Existing literature reports evidence that including disadvantaged or
disruptive students in mainstream classrooms might have a negative
effect on their peers (Carrell et al., 2018; Carrell and Hoekstra, 2010;
Kristoffersen et al., 2015). Inspired by this, and especially the Bad Apple
model of peer effects (Hoxby & Weingarth, 2005; Sacerdote, 2011), |
examine the effect on achievement from exposure to at least one low-
achieving peer in Norwegian middle schools. If including such peers in
the mainstream classroom is in fact harmful for students, we should
expect those who are exposed to perform worse than those who are not.
To investigate this, | utilize the change in class composition when
starting middle school and the random assignment of students to classes,
and investigate this in an entire cohort of Norwegian students.

| employ comprehensive registry data for the entire Norwegian
population, and estimate a fixed effect model where | exploit the
differences in students’ exposure to low-achieving peers. My analyses
suggest that the presence of at least one low-achieving peer in the
classroom has no effect on the achievement of other students. The results
are consistent when dividing the sample based on subject, gender,
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parental education and earnings as well as students’ own position on the
achievement distribution.

""Girls in STEM: the role of teacher mindset"* (with Eric
Bettinger, Mari Rege and Ingeborg F. Solli)

While outnumbering men at most college campuses around the world,
women remain underrepresented in core science, technology,
engineering and math, commonly referred to as the STEM fields (Kahn
& Ginther, 2017). The gaps in female representation start early in
students’ careers, and gender disparities in levels of engagement can
already be seen in math as early as age six (Petersen & Hyde, 2017).
Despite the difference in representation, several studies report only small
differences in average achievement in the subjects most important for
continuing towards a STEM degree in college (Hyde et al., 2008;
Lindberg et al., 2010; Petersen & Hyde, 2014).

In the second paper of this thesis, we investigate whether the mindset of
middle school math teachers plays a role when it comes to students’
engagement and achievement in high school math. In addition, we
examine the effect on representation in the most challenging math course
in high school, a choice highlighted by many as a critical gateway into a
STEM career later on (Ma & Johnson, 2008; Sells, 1980). There are also
some suggestions in the literature that peer and teacher support are more
important for girls and that mindset might be a contributing factor in
course selection, especially among girls (Beilock et al., 2010; Blackwell
et al., 2007; Good et al., 2012; Nix et al., 2015; Perez-Felkner et al.,
2017; Riegle-Crumb et al., 2006; Samuelsson & Samuelsson, 2016).
Therefore, we divide the sample based on gender, and have a special
focus on girls in this study.

We utilize a unique dataset with extensive survey data for a full cohort
of students starting high school in the school year 2017/2018 in two of
the largest counties in Norway. The survey data is matched with registry
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data from the counties and Statistics Norway. We measure teachers’
mindset using students’ perceptions of their middle school math
teacher’s mindset. We look at the effect on each individual student using
their peers’ perceptions of their math teacher’s mindset in a fixed effect
approach. Our result suggests that being exposed to a math teacher with
more of a growth mindset during the last year of middle school has a
positive effect on students’ own mindset, as well as attitudes and
expectations in relation to math. We also find that exposed students are
more likely to choose the more challenging math course in high school.
We do not, however, find any effect on students’ achievement or that
there are different effects based on the gender of the student; being
exposed to a teacher with more of a growth mindset is equally beneficial
for boys and girls.

"Involving the teachers: effects of a growth mindset
intervention with teacher involvement™ (with Mari Rege
and David S. Yeager)

Believing that intelligence and talents can be developed and changed
through effort, perseverance as well as hard work and by using different
strategies, is what psychologists refer to as holding a growth mindset
(Dweck, 2006; Mueller & Dweck, 1998; Yeager & Dweck, 2012).
Several studies report that teaching students about this and the brain’s
malleability can help them develop such a mindset and thereby improve
motivation and outcomes at school (e.g. Aronson et al., 2002; Bettinger
et al., 2018; Blackwell et al., 2007; Good et al., 2003; Paunesku et al.,
2015; Yeager et al., 2014; Yeager, Romero, et al., 2016). However, none
of the interventions reporting positive effects have included teachers as
yet.

In the third paper of this thesis, my coauthors and | address this gap in
the literature by testing an intervention with specific teacher
involvement. We do this by giving teachers information about growth
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mindset research, and tools and guidance to help them pass the
information on to their students. We expect that in turn, this will make
students more likely to choose challenging assignments, show more
interest in school activities, have higher expectations in relation to their
own performance and increase their achievement and perseverance in
school.

We test this using a randomized controlled trial among a self-selected
group of classes in several high schools in two counties in Norway. First,
we invite teachers to sign up for the experiment before randomly
assigning classes, and thus teachers, to a control group and a treatment
group. After randomization, we invite teachers in the treatment group to
a full day seminar. The seminar includes lectures about the growth
mindset and teachers are given an introduction to the tools developed to
help them create a classroom climate that supports a growth mindset. The
purpose of the full day seminar was to make the teachers confident in
conducting an educational program with their students, which they did
in the months following the seminar.

In our empirical analyses, we utilize answers to survey questions as well
as data from county administrative records, and investigate the effect of
the treatment in a specification with educational program and school
fixed effects. We find that treated students show more of a growth
mindset in general and when it comes to math in particular, compared to
students in the control group. We also find evidence suggesting that
treated students have a more positive attitude towards challenge, with the
most important outcome being the choice of math course in high school.
Here we find that among students who are able to choose which math
course to participate in, treated students are more likely to choose the
more advanced course than their counterpart in the control group.
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JEL classification: Using Norwegian registry data, I examine the effect that low-achieving pupils have on their peers in the inclusive
121 Norwegian compulsory education. I exploit the fact that pupils in Norway have to change school when starting
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Keywords: I focus on the exposure to at least one low-achieving pupil in a fixed effect approach. My results suggest that

Peer effects
Low-achievers

Special educational needs
Inclusive education

distribution.

low-achieving pupils do not have any effect on their peers, and are even consistent when dividing pupils into
different groups based on subject, gender, socioeconomic background and pupils’ own position in the achievement

1. Introduction

Inclusive education, or educating all children in the same classrooms
regardless of individual needs or difficulties, has received increasing at-
tention in recent years (Ainscow and César, 2006; Ruijs, 2017; Ruijs and
Peetsma, 2009; Ruijs et al., 2010). Several countries have moved away
from special needs schools towards a more inclusive environment within
the compulsory education, and the focus is on educating all pupils in
mainstream classrooms (European Agency for Development in Special
Needs Education, 2013; Ogden, 2014). In 1994, more than 300 partic-
ipants from 92 governments and 25 international organisations met in
Salamanca, Spain in order to promote the approach of inclusive edu-
cation, and adopted “the Salamanca Statement and Framework for Ac-
tion on Special Needs Education” (Ministry of Education and Science
and United Nations Educational, Scientific and Cultural Organization,
1994), which encourages governments to give the highest priority to in-
clusive education. Existing literature suggests that including disadvan-
taged and disruptive peers in mainstream classrooms has a negative ef-
fect on the performance of other pupils (Carrell et al., 2016; Carrell and
Hoekstra, 2010; Figlio, 2007; Kristoffersen et al., 2015). Other studies
find small, positive but insignificant or no effects of sharing a classroom
with a disabled or special educational needs (SEN) pupil (Hanushek
et al., 2002; Ruijs, 2017; Ruijs et al., 2010). My paper adds to this lit-
erature by investigating the effect of low-achieving peers in a highly
inclusive environment.

Inspired by the Bad Apple model, suggesting that the presence of
a single low-achieving pupil has a negative effect on the outcomes for
many other pupils,’ this paper is concerned with the effect of including
pupils in the lower tail of the achievement distribution in mainstream
classrooms. On the one hand, there are a lot of potential problems that
might arise in an inclusive education setting, e.g. low-achieving pupils
might require more of the teacher’s attention, possibly at the expense of
other pupils (Lavy et al., 2012a; Ruijs, 2017; Ruijs and Peetsma, 2009;
Ruijs et al., 2010). The general level of education might be lowered so
that all pupils are able to follow, making other pupils worse off than
they would have been if they were in a different class setting (Ruijs and
Peetsma, 2009). Low-achieving pupils may be more disruptive than
higher achieving pupils, hence increasing the level of disruption and
maybe even violence in the classroom, and thereby reducing the time
spent teaching or the time pupils spend working on their own (Aizer,
2008; Carrell et al., 2016; Carrell and Hoekstra, 2010; Figlio, 2007; Lavy
et al., 2012a; Lavy and Schlosser, 2011; Lazear, 2001), or other pupils
might copy undesirable traits and behaviours from their low-achieving
peers (Ruijs et al., 2010). On the other hand, there might be positive ef-
fects from inclusive environments because the education could be more
specialised towards the individual pupil, extra teacher resources could
benefit all pupils, and pupils may become less dependent on the teacher
if they receive less help and learn to study independently (Ruijs and
Peetsma, 2009; Ruijs et al., 2010). In addition, it could be reasoned that
inclusive education helps avoid discrimination towards low-achieving
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pupils because they are included in the classroom, and thereby other
pupils get more accustomed to having them around (Ruijs et al., 2010).

Tinvestigate the effect that the presence of at least one low-achieving
pupil in the classroom has on other pupils’ achievement in the Norwe-
gian compulsory education. I do this by looking at the effect on the test
scores in the national tests in lower secondary school 9th grade, using
a fixed effect approach based on the education production function. As
a source of exogenous variation, I use the fact that pupils in the Nor-
wegian compulsory education have to change schools and are therefore
assigned to a new class and exposed to new peers when starting lower
secondary, and that they are tested in the same subjects both before and
after this change. In particular, I ask whether pupils who have at least
one low-achieving peer in their class show different academic results
compared to pupils who are not exposed to any low-achievers in lower
secondary school, given that they attend the same school in lower sec-
ondary and that they attended the same class in primary school. When
defining low-achieving pupils, I use test scores from national tests be-
fore pupils change schools, in primary school 5th grade, and define
low-achievers as pupils who score below the 10th percentile in the na-
tional subject- and cohort-specific achievement distribution in at least
two of the three core subjects, which is similar to the approach used in
Lavy et al. (2012b).

In addition, the registry data I use has enough information to link
pupils to their parents, allowing me to control for individual and
parental characteristics. The identifying assumptions are that there is
variation in being exposed to a low-achieving pupil within the school
and that the likelihood of exposure to at least one low-achiever in the
classroom is independent of all other factors that may influence school
outcomes. The data also contains group identifiers, allowing me to iden-
tify peer effects at the classroom level, which previous studies have
shown tend to generate much stronger peer effect measures than at the
grade level (Burke and Sass, 2013). Many studies in the literature, how-
ever, have found this difficult to do in practice because of data con-
straints (Kristoffersen et al., 2015).

Results show that the presence of at least one low-achieving pupil
in the classroom has no effect on other pupils. The results are consis-
tent when dividing the sample into subsamples based on subject, gen-
der, parental education and earnings, and pupils’ own position in the
achievement distribution.

In a world where inclusion is being implemented in several countries,
it is important to understand the effects of including different groups of
pupils (like low-achievers). Thus, investigating the effects in Norway,
which is considered a frontrunner when it comes to inclusive educa-
tion, seems highly appropriate. This paper also adds to the literature by
addressing some of the concerns raised in the existing literature with
regards to the fact that the majority of studies only report mean esti-
mates and the fact that most studies are conducted using data from USA
(Kalambouka et al., 2007; Ruijs and Peetsma, 2009). One advantage of
my study is that I am able to divide pupils into groups based on charac-
teristics determined prior to the treatment, and thereby investigate the
effects on different groups of pupils. In addition, I use a different treat-
ment variable than previous studies in the inclusive education literature,
and exploit the fact that low-achievers who do not receive special ed-
ucation may influence their peers to an even greater extent than SEN
pupils, because when trying to get their educational needs met, they
might require more of the resources allocated to the pupils without spe-
cial educational needs than the average pupil. In addition, the dataset
I use in this study contains information about all pupils in Norway, al-
lowing me to investigate the effects for an entire cohort of Norwegian
pupils.

The rest of the paper is organised as follows: In section 2 I describe
the institutional settings with regards to the Norwegian compulsory edu-

1 The Bad Apple model is explained in detail in studies by Hoxby and Wein-
garth (2005) and Lazear (2001).
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cation, while section 3 describes the data used in this study. In section 4,
I present the empirical approach used, while the empirical results fol-
low in section 5. In section 6, I interpret and discuss the results before
finally concluding in section 7.

2. Institutional settings
2.1. Education in Norway

Compulsory education in Norway, lasts for ten years and is divided
into primary (1st to 7th grade) and lower secondary (8th to 10th grade)
education. Children start primary school the year they turn six and fin-
ish the year they turn thirteen, while lower secondary education starts
at the age of thirteen and lasts until the age of sixteen. After finishing
compulsory schooling, pupils have the opportunity to move up to upper
secondary school, where they can choose between several academic or
vocational tracks or they can choose to drop out of school. The voca-
tional tracks last for three to four years and are intended to help pupils
learn different skills (based on the chosen occupation) in order to start
working afterwards, while the academic tracks last for three years and
are intended to prepare pupils for university or college.

There are some important facts about the Norwegian school system
that should be mentioned. First, compulsory education in Norway is
free and all children over the age of six living in Norway for more than
three months have both a right and a duty to attend. Second, there is
no ability tracking in primary or lower secondary education, and only
3.5 per cent of all pupils attend private schools.® Third, school districts
in Norway are fixed based on place of residence, and the general rule,
which is strictly enforced, is that pupils attend the school in their dis-
trict.* Fourth, as shown in Bedard and Dhuey (2006) and Strgm (2004),
repeating or skipping a grade is not common in the Norwegian school
system, which means that most pupils start lower secondary education
the year they turn thirteen.®

When starting compulsory education, children are assigned to classes
that they typically attend for the entire duration of primary education,
meaning that their peers remain the same throughout primary school.
As they move up to lower secondary, most pupils change schools,® and
during this transformation, new classes are formed. Which class pupils
are assigned to, both at primary and lower secondary school, should
meet their need for social belonging and stability within the class, inde-
pendent of pupil differences. Pupils or parents can express their wishes,
but it is the school that has the final decision when it comes to alloca-
tion. According to the The Education Act (Oppleringslova) (1998) and
the Ministry of Education and Research (2017), the assignment of pupils
should strive to be as close to the aggregate population as possible and
without consideration of ability, gender or ethnicity, meaning that the
assignment should be random, but reflect the pupil population with re-
gards to gender and other characteristics. This also applies for pupils re-
ceiving special education (Ministry of Education and Research, 2017).
In my sample, I test whether assignment to a class with at least one
low-achieving pupil is random within a given school.”

2 Ref. the The Education Act (Opplaringslova) (1998) §2-1.

3 Ref. the The Education Act (Oppleringslova) (1998) §8-2 (1) and Statistics
Norway (SSB).

4 Ref. the The Education Act (Opplaringslova) (1998) §8-1. If parents for some
reason want their children to attend another school than the one assigned, they
have to write a formal application to the local authority and there have to be
available places in the school they want to be reassigned to, ref. the The Educa-
tion Act (Opplearingslova) (1998) §8-1 (3). In addition, parents have to provide
transportation to the new school.

5 Ref. the The Education Act (Opplaringslova) (1998) §2-1 (3) and (4).

6 Not all pupils change schools at this time. Some pupils in Norway attend
integrated schools where they stay in the same school from first to tenth grade.
About 25 per cent of Norwegian schools are integrated schools, located in
smaller places, with fewer pupils, ref. Statistics Norway (SSB).

7 Ref. column 5 in Summary Statistics in Table 1.
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Fig. 1. Distribution of pupils. Notes: Fraction of pupils within different lower secondary (9th grade) schools based on number of classrooms.

The classes that pupils are assigned to, both in primary and lower
secondary education, are the classes in which they receive all their edu-
cation, meaning that their peers remain the same in all subjects, and that
the only thing changing from subject to subject is the teacher.® Figure 1
presents an overview of the number of classes within lower secondary
schools in my sample, and how pupils are distributed.®

2.2. Inclusive education

The focus in the Norwegian school system is highly centred around
equal opportunities to learn and inclusive education, and as early as the
1970s Norwegian politicians gave their support to a vision on adapted
education (Boarini, 2009; Lillejord, 2015; Ogden, 2014). In 1992, the
state special boarding schools were transformed or closed down as a
part of the restructuring of the special needs education, and a reform
within upper secondary education and training was launched in 1994
(Reform 94), where the main purpose was to safeguard a statutory right
to attend upper secondary education for all pupils aged sixteen to nine-
teen (Ogden, 2014). The focus on inclusive education is still impor-
tant in Norway, something that is strongly reflected in the The Educa-
tion Act (Opplaeringslova) (1998), with separate chapters on the right to
receive special education and how to organise the pupils. The The Edu-
cation Act (Opplaringslova) (1998, §8-2 (1)) states that pupils should be
placed into classes or groups that meet their needs for social belonging,
and that pupils should not, on a regular basis, be organised according
to ability, gender or ethnicity. In the compulsory education, the focus
is to provide education in accordance with the individual pupils’ capa-
bilities and needs in order to create equal opportunities for everybody,
no matter where they live or what their socioeconomic status might be
(Boarini, 2009). An important tool to be able to do this is special edu-
cation.

Special education became an individual right for pupils in Norway in
1998, when the government implemented it as a part of the The Educa-
tion Act (Oppleringslova) (1998, chapter 5). It states that pupils who not

8 According to the The Education Act (Oppleringslova) (1998) §8-2 (1), for
parts of their education, pupils can be placed into smaller groups.

9 For instance, about 20 per cent of pupils attend schools with 3 classes and
almost 25 per cent of pupils attend schools with 4 classes.
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sufficiently benefit from standard education may be entitled to special
education or special language training. Special education could mean
that the pupil works towards other learning goals than the rest of the
class, that he or she is closely monitored and followed up by a teacher
or assistant in a normal class setting, or that the pupil receives special
equipment. What kind of special education a pupil receives depends on
his or her needs. Pupils that do not have Norwegian as their first lan-
guage may be entitled to special language training. Special language
training continues until the pupil has gained sufficient language skills
in Norwegian to be able to follow the standard education. The crucial
factor for receiving special education or special language training is that
the pupil is not able to benefit from the standard education.

In this respect, the definition of special educational needs (SEN)
pupils in Norway is much closer to the definition of low-achievers, and
somewhat different from that in many other countries. In most other
countries, pupils actually need to have a diagnosis before receiving spe-
cial education (OECD, 2012). Of the pupils defined as low-achievers in
my sample, ref. section 3, the pupils I know to be SEN pupils'® make up
about half of the observations, and just over half of the observations I
have of SEN pupils are defined as low-achieving pupils.'!

Public spending on education in Norway is above the OECD average,
with expenditures on educational institutions at levels at 6.2 per cent of
GDP in 2014, mostly from public funds. In comparison, the OECD av-
erage is 5.2 per cent (OECD, 2017),'2 and the extra resources allocated
to special needs children in the Norwegian school system are massive.

10 That is, pupils who are exempt from participating, and thus receiving special
education in at least one of the three subjects - English, reading and maths - in
5th grade.

11 A total of 1,876 of the 3,592 observations of low-achievers are of SEN pupils
and 1,876 of the 3,305 observations of SEN pupils are defined as low-achievers.
However, since I do not observe SEN pupils perfectly, but use a proxy for this,
some of the 1,716 observations of non-SEN pupils defined as low-achievers
might in fact be SEN pupils. See discussion under “Defining pupils who are ex-
empt from participating in the national tests as low-achievers” in the robustness
tests.

12 Cumulative expenses per pupil by educational institution over the expected
duration of primary and secondary studies amount to almost EUR 180,000, com-
pared to the OECD average of just over EUR 110,000, and are exceeded only by
Luxembourg (EUR 250,000) and Switzerland (EUR 180,000) (OECD, 2017).
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According to an OECD paper from 2009, pupils eligible for special lan-
guage education receive 55-80 per cent more resources than the aver-
age pupil, and 65-130 per cent more resources are allocated to pupils
with special needs than to other pupils in the Norwegian school system
(Boarini, 2009).

According to the said OECD paper, Norwegian schools are quite suc-
cessful when it comes to creating a safe and inclusive school environ-
ment, with pupils reporting low levels of bullying and that they gen-
erally enjoy going to school (Boarini, 2009). Between 2002 and 2004,
only 0.4 per cent of Norwegian pupils in compulsory education were
educated in special settings, compared to 5 per cent of pupils in the
Czech Republic, 4.9 per cent of pupils in Flemish communities in Bel-
gium and 4.8 per cent of German pupils (Eurydice, 2005; Ruijs and
Peetsma, 2009). In addition, when it comes to equal opportunities, there
are relatively few advantages to attending one school rather than an-
other. Variation between schools in terms of average performance is
among the lowest in the OECD countries, with only Finland and Iceland
experiencing lower variation (Boarini, 2009).

Finally, people in Norway generally do not move in order to get
their children into different schools, which is also the case for pupils
in my sample. For example, of the pupils in my sample who started in
a class at lower secondary school with at least one other pupil from
their primary school, only one per cent were not in classes with anyone
from primary school when attending 9th grade. This means that one per
cent is the maximum amount of pupils who changed school between 8th
and 9th grade of the pupils who started in the same school as their peers
from primary school in my sample. Assuming pupils move together, this
number could be larger, and the corresponding number when looking
at pupils in classes with six or less pupils from primary school is only
five per cent, meaning that only five per cent of the pupils could have
moved. Of the pupils starting the same class in 8th grade, regardless of
which primary school they attended, 97 per cent attend a class with at
least one of the same peers in 9th grade, and about 90 per cent of the
pupils in my sample attend classes with at least 10 peers from 8th grade.

3. Data description

I use registry data for the entire Norwegian population, collected and
maintained by Statistics Norway. These include test scores from national
tests, information about which school pupils attended, and individual
characteristic information about pupils and their parents. In addition, as
of 2011, the data contains class identifiers, making it possible to identify
the exact class pupils are a part of, and thereby identifying their peers
in a more accurate way than previously when the data only contained
information about the school.

As described in section 4, the variables identifying class and school
are crucial for my identification strategy, and because of this, I restrict
my sample to include only pupils where these variables are recorded.
In addition, I only keep pupils who participated or were exempt from
participating in the national tests.'®> Another crucial part of my identi-
fication strategy is that I need test scores both in 5th and 9th grade. I
therefore exclude pupils for whom either one of these is missing. I also
exclude pupils who do not have normal progression through school,
since repeating or skipping a grade is not common in the Norwegian
school system.'#

When investigating peer effects, it is important that the group of
interest has integrity as a peer group. This means that it is important

13 Pupils can be exempted from participating in the national tests if they
receive special education, ref. below describing national tests, section 2 and
Appendix A describing who receives special education. However, I include these
pupils, because as shown in Appendix Table A.1, these pupils most likely score
below the ones that participated in the national tests in 9th grade, and are more
likely to be exempted in 9th grade as well. Thus, these pupils are more likely to
be the “true” low-achievers than pupils who participate in the national tests.

14 Ref. section 2.
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that we know that the group in question is in fact a group where mem-
bers spend time together, and therefore it is reasonable to assume that
they influence each other. One example of settings where this could
be a problem is in neighbourhoods; even if people live close together,
there is no way of knowing if they actually spend time together or even
talk to each other, and therefore it is unknown whether they influence
each other or not if they are not observed more closely. As mentioned
in section 2, pupils in the Norwegian compulsory education attend the
same group in all subjects in both primary and lower secondary school,
and the only thing changing from subject to subject is the teacher, mean-
ing that their peers remain the same throughout the school day, and
because of this, I assume that in this setting there is no question with
regards to integrity as a peer group. In order to get more accurate mea-
sures of peer effects and make sure the group in question in fact has
integrity as a peer group, I exclude pupils who were in classes with less
than 10 or more than 30 pupils. The reason for excluding these pupils is
that the group variable in many of these cases can be wrongly recorded.
In other words, they may be recorded for smaller groups within the
class or whole cohorts within the school. This leaves a sample of 90,945
observations divided between reading and maths for 47,872 different
pupils. When performing the regressions, I also drop the low-achievers
themselves,'® leaving the final sample when estimating the effects to be
87,353 observations in the two subjects for 45,983 different pupils.

3.1. National tests'®

The registry data used in this study contains test scores from na-
tional tests of pupils attending 5th, 8th and 9th grade. The purpose of
the national tests is to provide knowledge about pupils’ basic skills in
English, reading and maths. The tests were performed for the first time
in 2004/05, when pupils were tested in all three subjects in 5th and
8th grade. In 2010, the testing was broadened to also include pupils
in 9th grade in the subjects reading and maths. The national tests are
conducted during the autumn term, right after the pupils have started
5th, 8th and 9th grade. As a general rule, all pupils are to participate,
but pupils requiring special education may be granted exemption if it is
clear that the results from the test will not affect their future learning.'”

The Norwegian Directorate for Education and Training is responsible
for the development of the national tests, and do so in cooperation with
professional communities within universities, colleges and national cen-
tres. The tests are electronic and externally graded, and consist of differ-
ent texts, pictures and assignments with different degrees of difficulty,
in order to provide information about pupils at all levels. The results are
used by various parties. Teachers, for instance, use the results to follow
up and adapt the education to their pupils, while local authorities and
schools use the results to secure quality in the education. In addition,
researchers can apply for and get the results to use them for scientific
purposes.

3.2. Defining the treatment variable

Studies in the peer effect literature have suggested that including
disadvantaged pupils in the mainstream classrooms has a negative ef-
fect on other pupils. Measures used include repeaters (Lavy et al.,
2012a), pupils in the bottom quartile of the countrywide distribu-
tion (Hoxby and Weingarth, 2005), pupils from disadvantaged back-
grounds (Stinebrickner and Stinebrickner, 2001), pupils exposed to
domestic violence (Carrell et al., 2016; Carrell and Hoekstra, 2010),
pupils with a psychiatric diagnosis or divorced or criminal parents
(Kristoffersen et al., 2015), “Boys named Sue” (Figlio, 2007) and pupils
in the bottom five per cent of the ability distribution (Lavy et al., 2012b).

15 The reason for excluding the low-achievers is that I want to investigate the
effect on the other pupils, not the low-achieving pupils.

16 The Norwegian Directorate for Education and Training (2018)

17 Ref. Appendix A for more information about participation status.
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Fig. 2. Distribution of low-achievers. Notes: Fraction of pupils in schools with different number of low-achieving pupils in the first graph, and fraction of pupils
exposed to different number of low-achieving pupils in the classroom in the second graph. Based on schools and classrooms in 9th grade.

Hanushek et al. (2002), on the other hand, find small, positive but in-
significant estimates, when investigating the effect of being in a class-
room with a disabled peer. Other literature investigating the effects of
mainstream classrooms, the inclusive education literature, mostly fo-
cuses on SEN pupils when investigating effects on both the SEN pupils
themselves and their peers (Kalambouka et al., 2007; Ruijs, 2017; Ruijs
and Peetsma, 2009; Ruijs et al., 2010). Reviews from this literature re-
port no negative effect (Kalambouka et al., 2007) and difficulties in
drawing a clear conclusion (Ruijs and Peetsma, 2009) from existing lit-
erature.

In this study, I investigate whether there is evidence of the Bad
Apple model described in studies by Lazear (2001) and Hoxby and
Weingarth (2005) in the inclusive Norwegian school system. I do this
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by investigating how pupils in the extreme lower tail of the achieve-
ment distribution, which I define as low-achieving pupils, affect their
peers. Because I am able to make a national subject- and cohort-specific
achievement distribution of the pupils based on test scores in the na-
tional tests in primary school 5th grade, which is before they start lower
secondary, I can get around the reflection problem.'® I use this achieve-
ment distribution as a measure of pupil quality. I define low-achievers
as pupils who score below the 10th percentile in the national subject-
and cohort-specific achievement distribution in at least two of the three
core subjects - English, reading and maths - in the national tests in 5th
grade. These pupils are defined as low-achievers in all three subjects.

18 Explained in section 4.
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Table 1
Summary statistics and balance test

All pupils Control Treatment Difference Difference FE
@ 2) [©)] 4) 5)

Standardised test scores:

Reading 5th grade 0.000 0.032 -0.032 -0.064"* -0.005
(1.000) (0.996) (1.003) (0.010) (0.012)

Maths 5th grade 0.000 0.044 -0.046 -0.091** -0.007
(1.000) (0.993) (1.005) (0.010) (0.012)

Pupil Characteristics:

Male 0.501 0.503 0.500 -0.004 0.000
(0.500) (0.500) (0.500) (0.003) (0.004)

Immigrant 0.281 0.275 0.287 0.012** -0.001
(0.449) (0.446) (0.452) (0.003) (0.004)

Parental Characteristics:

Mother’s age 29.85 30.19 29.69 -0.32** 0.00
(5.05) (5.01) (5.08) (0.03) (0.04)

Father’s age 32.76 32.87 32.64 -0.24** -0.01
(5.88) (5.85) (5.92) (0.04) (0.05)

Mother’s education 13.40 13.54 13.25 -0.28"* -0.00
(3.56) (3.54) (3.58) (0.02) (0.03)

Father’s education 13.05 13.19 12.90 -0.29** 0.01
3.77) (3.78) (3.75) (0.03) (0.03)

Parental income 1063 1103 1023 -80** 1
(652) (727) (562) “@ 5)

Observations 87 353 44 040 43313 87 353 87 353

Notes: Mean statistics with standard deviations in parentheses in columns 1 to 3 and estimated coefficients with robust standard
errors in the parentheses in columns 4 and 5. Summary statistics for pupils attending 9th grade in 2015. The first column shows
summary statistics for all pupils in the sample, while the second and third columns show summary statistics for pupils not exposed to
any low-achievers in 9th grade (control group) and pupils exposed to at least one low-achieving pupil in 9th grade (treatment group),
respectively. The fourth column investigates if there are significant differences between the control and treatment groups without
including any fixed effects, while the fifth column shows differences with fixed effect for school in 9th grade. Significance levels are
indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Parental age corresponds
to the parent’s age the year the child is born, while education is measured the year before the child is born. Both parental age and
education are measured in years. Parental income is the income of both parents combined, measured in NOK and divided by 1000,

and collected the year before the child is enrolled in 9th grade.

The reason for using this definition is to avoid defining someone as a
low-achiever based on mistakes.!? In addition, I assume that if a pupil
is in fact a low-achiever and belongs in the extreme lower tail of the
achievement distribution, they are bound to score beneath the 10th per-
centile in at least two of the subjects, and thus by using this definition
the data will provide a more accurate measure of low-achievers than
using only one subject. The reason for not using all three subjects is that
I found this to be too strict with regards to missing data on test scores.
This gives 3,592 observations of low-achievers divided between 1,889
different pupils in the two subjects reading and maths (3.95 per cent of
the sample). In Figure 2, I show how pupils are distributed in schools
and classrooms with a different number of low-achieving peers in 9th
grade.

The reason for using a 10 per cent threshold for defining low-
achieving pupils is that this is equivalent to one low-achiever within
each class potentially affecting the other pupils.?® However, in the ro-
bustness tests, I include analyses using different thresholds for defining
low-achieving peers.

An implication of defining low-achieving pupils as described above
is that within a cohort, low-achieving pupils will always exist, and pupils
at a certain achievement level might be defined as a low-achiever one
year, but not the following. For example, in a particularly good cohort
a pupil could be labelled as low-achieving, but might not be if he or she
were to start school with the pupils starting the year after.

19 For example, SEN pupils who are not low-achievers, but have difficulties
with the testing situation in one of the subjects (e.g. pupils with autism, ADHD,
etc.).

20 Classes in my sample on average consist of 22 pupils, so 3.95 per cent of the
observations corresponds to one pupil in each class.
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In my main regression analysis, I investigate the effect of these pupils
on their peers by creating a dummy variable for being exposed to at
least one low-achieving peer in the class in 9th grade, and use this as
the independent variable of interest. If I find that the presence of at
least one low-achieving pupil in the classroom has negative effects on
their peers, this indicates that there is evidence of the Bad Apple model
(Hoxby and Weingarth, 2005; Lazear, 2001).

This is a slightly different approach from most studies in the peer
effect literature, which use the share of low-achievers in the classroom
as the treatment variable. The reason for using a different variable is
that I am interested in what happens with the achievement if pupils are
exposed to that one potentially disruptive peer who interrupts the ed-
ucation compared to pupils who are not exposed to any low-achieving
peers, ref. the Bad Apple model (Hoxby and Weingarth, 2005; Lazear,
2001; Sacerdote, 2011). It is more in line with the approach used in
the inclusive education literature, where the researchers look at differ-
ences in inclusive versus non-inclusive settings. However, I also include
a specification analysis where I investigate the effects using the contin-
uous variable share of low-achievers in the classroom, and look at being
exposed to more low-achieving peers, in order to be able to investigate
if this changes the results.

3.3. Summary statistics

Summary statistics for my main independent variables are presented
in Table 1. The statistics show that about 50 per cent of the pupils in
my sample are male and about 30 per cent come from immigrant back-
grounds. Mothers are about 30 years old when giving birth, while fathers
are a little older when the child is born (almost 33 years). The mothers
of the pupils in my sample have about 13.5 years of education, while
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Table 2
Test of identifying assumption
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Dependent variable

Mother’s age when  Father’s age when Mother’s Father’s Parental
Male Immigrant  the child is born the child is born education  education  income
m @) 3) “@ ®) 6) @)
Panel A. Both subjects
Having “low-achieving” peer(s) 0.001 -0.002 0.024 0.038 0.028 0.025 7 207
(0.005)  (0.004) (0.047) (0.055) (0.034) (0.036) (5 533)
Panel B. Reading
Having “low-achieving” peer(s) 0.004 -0.001 0.037 0.059 0.035 0.033 8211
(0.007)  (0.006) (0.066) (0.077) (0.049) (0.050) (7 799)
Panel C. Maths
Having “low-achieving” peer(s) ~ -0.001 -0.003 0.011 0.018 0.020 0.018 6208
(0.007)  (0.006) (0.066) (0.078) (0.049) (0.050) (7 852)

Notes: Fixed effects regressions, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Signifi-
cance levels are indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent
variable is male, immigrant, mother’s age when the child is born, father’s age when the child is born, mother’s education, father’s
education and parental income in columns 1 to 7, respectively, and the coefficient of interest is the coefficient on the dummy for
having low-achieving peer(s) in 9th grade. Coefficients are from separate regressions, where I include fixed effects for class in 5th
grade and school in 9th grade. Panel A shows the effect in both subjects combined, while Panels B and C show the results separately

for reading and maths, respectively.

the fathers have a little less (about 13 years). The parental income is
just above 1 MNOK.?!

When dividing the sample into treatment (those exposed to at least
one low-achieving peer in 9th grade) and control (those not exposed to
any low-achieving peers in 9th grade), and investigating the differences
between the two, in column four I find that pupils in the treatment group
on average seem to have somewhat lower test scores in both reading and
maths in 5th grade. In addition, I find that there are more girls and more
immigrants in the treatment group. Parents of pupils in the treatment
group tend to be a little younger, have a bit less education and earn
slightly less. The differences are small, but most of them are significant,
and in the regression I include them as control variables in order to
control for the differences presented here. When adding fixed effects for
school in 9th grade, in column five, these differences disappear, meaning
that within a given school pupils are randomly assigned to classes with
at least one low-achieving peer. When I include fixed effects for pupils
attending the same class in 5th grade and the same school in 9th grade,
as shown in Table 2, the treatment remains balanced.

4. Empirical strategy

Models in the peer effects literature struggle with three main
problems that could potentially arise when trying to identify the ef-
fects, thereby making the estimated coefficients biased (Angrist, 2014;
Feld and Zolitz, 2017; Manski, 1993). The first one is the reflection
(or multiplier) problem, which an entire study has been devoted to
(Manski, 1993), reflecting the magnitude of the problem. In his paper,
Manski (1993, p. 531) defines the reflection problem as follows: “The
reflection problem that arises when a researcher observing the distri-
bution of behaviour in a population tries to infer whether the average
behaviour in some group influences the behaviour of the individuals
that comprise the group,” which could be summarised in his question:
“Does the mirror image cause the person’ s movements or reflect them?”
(Manski, 1993, p. 532).

The second problem, known as the selection problem, occurs if in-
dividuals, when choosing their peers, sort themselves into groups based
on specific characteristics, like ability (Lavy et al., 2012a). The group’ s
outcome could then appear to cause the pupil’ s outcome, when in fact it
is the other way around. The third problem is the measurement error or
omitted variable problem, which occurs because a deciding factor of the

21 Which corresponds to about EUR 115 000.
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pupil’ s achievement is either badly measured or omitted, and thereby
included as part of the error term (Hoxby and Weingarth, 2005).

In order to get around the reflection problem, an essential require-
ment is that the determination of pupil quality is based on outcomes
prior to the change of school when starting lower secondary and being
assigned to a new class. The structure of the data, presented in section 3,
provides me with enough information to be able to do this, by link-
ing pupils’ 5th grade test scores (taken in primary school) with their
9th grade test scores (taken in lower secondary school). In addition, by
tracking pupils over two time periods, I am able to identify which peers
are new, i.e. come from a different primary school class, and which
peers are old, i.e. come from the same primary school class. On average
in my sample, about 75 per cent of pupils’ peers in secondary school did
not come from the same primary school class, and because of this, I as-
sume that their test scores from 5th grade could not have been affected
by these peers. I therefore use the 5th grade test scores to identify two
groups of pupils; pupils who are low-achievers and other pupils. Low-
achievers are, as mentioned in section 3, defined as pupils below the
10th percentile of the national subject- and cohort-specific achievement
distribution in 5th grade in at least two of the three subjects. The rest
of the pupils are defined as other pupils.

When investigating the effect of having at least one low-achieving
peer in 9th grade on a pupil’s test scores, I use a standard education
production function model. This means that I estimate outcomes, e.g.
test scores, as a function of school, class and individual characteristics,
in the following fixed effects regression:

I
Yiest = P18 + $2Yice—1yst—1) F c—1yi-1) X Yot ¥ Bi Doy + Eicsr (1)

where y;., is the achievement measure of pupil i, in class c, in school s at
time t. In this paper, I use test scores from national tests in 9th grade as
the achievement measure. «; represents controls for individual charac-
teristics (including parental characteristics), y;_y)y—1) represents con-
trol for 5th grade test scores, the expression 6,_;,_; X 7, represents class
in 5th grade and school in 9th grade fixed effects, i.e. fixed effects for
pupils attending the same class in 5th grade and the same school in 9th
grade. D!, is a dummy variable taking the value one if the pupil is ex-
posed to at least one low-achieving peer in the class in 9th grade, and
zero if not, and ¢, is an error term.

In particular, I use the redistribution of pupils when starting lower
secondary school, and thereby the possible change in being exposed to
low-achieving peers to investigate if the exposure to at least one low-
achieving pupil in the classroom has any effect on a pupil’s achievement
in the national tests in 9th grade. My identifying assumptions are that
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there is variation in the exposure to low-achievers within schools and
that any individual characteristics of pupils starting the same school
and who have previously attended the same class are independent of
the likelihood of ending up in a class with at least one low-achieving
pupil in lower secondary school.

This strategy deals with the potential selection problem by assum-
ing pupils’ peer groups within a given school are randomly assigned,??
and including fixed effects and control variables, allowing me to control
for individual and parental characteristics. The potential problem con-
cerning measurement error, or omitted variables, is impossible to ex-
clude completely, but by using the exact same test for all pupils within
the same subject and cohort (with multiple-choice questions, guidance
for examinations on open questions and external grading), I am able to
exclude measurement errors with regards to examinations and instruc-
tions. Based on the assumption that the problems presented in the peer
effects literature are taken care of, equation (1) provides me with an
unbiased estimate of the coefficient of interest, #;, which captures the
effect of the presence of at least one low-achieving peer.

In addition to the effect on the full sample, I want to examine
whether there are differences across different subjects, gender, socioe-
conomic status and if the pupils’ own position in the achievement dis-
tribution affect how they respond to being exposed to at least one low-
achieving peer. In order to investigate this, I use subsample analyses
based on subject, gender, parental education and earnings, and pupils’
own position in the achievement distribution, both with regards to all
low-achievers in the subsample analysis, and with different independent
variables based on the gender of the low-achiever and the pupil in the
specification analysis. In order to investigate if the effects change when
using the continuous variable share of low-achievers in the classroom
and being exposed to more low-achieving peers, I also include specifica-
tion analyses where I use this as the independent variables of interest.

5. Empirical results

This section first presents a test of my identifying assumptions, fol-
lowed by my main findings and a range of heterogeneity, specification
and robustness analyses.

5.1. Test of identifying assumptions

As mentioned, my identifying assumptions are that there is varia-
tion in the exposure to low-achievers within schools and that any indi-
vidual characteristics of pupils starting the same school and who have
previously attended the same class are independent of the likelihood
of ending up in a class with at least one low-achieving pupil in lower
secondary school. In Figure 3, I show the fraction of pupils attending
the same class in 5th grade and the same school in 9th grade who are
exposed to at least one low-achieving peer. The graph shows that ap-
proximately 60 per cent of the pupils in my sample experience variation
in the exposure to low-achieving peers within their group,?® and the
fraction of exposed pupils varies from 4 to 96 per cent. Among 50 per
cent of the pupils in my sample, the fraction of exposed pupils varies
between 20 and 80 per cent.>* In order to get an understanding of the
number of pupils in these groups, the second graph in Figure 3 shows the
distribution of pupils across the groups attending the same class in 5th

22 Based on the fact that pupils are randomly assigned to classes within schools
and not according to ability or other unobserved characteristics in primary and
lower secondary school in Norway, ref. section 3.

23 About 20 per cent of the pupils are in groups where none of the pupils are
exposed to low-achieving peers (the first bar in Figure 3) and about 20 per cent
of the pupils are in groups where all the pupils are exposed to low-achieving
peers (the last bar in Figure 3).

24 In Appendix B, I show the distribution of pupils in classes with different
number of low-achieving peers within schools with more than one low-achiever.

185

Labour Economics 55 (2018) 178-214

grade and the same school in 9th grade. The final graph in Figure 3 il-
lustrates the same as the first, but on group level.?>

With regards to the likelihood of ending up in a class with at least
one low-achieving pupil, I test whether pupils are randomly assigned to
classes with regards to individual and parental characteristics in Table 2.
This is done by performing regressions with individual and parental
characteristics as the dependent variable and the dummy for being ex-
posed to at least one low-achiever in 9th grade as the independent vari-
able of interest, with fixed effect for attending the same school in lower
secondary and the same class in primary school. All of the estimated co-
efficients in Table 2 are very small, and none of them are significantly
different from zero, which means that in my sample there is random as-
signment to classes with at least one low-achieving pupil with regards to
the characteristics investigated here. Based on the graphs and analysis
presented here I assume that my identifying assumptions hold.

5.2. Main results

Table 3 shows the results from several specifications investigating
the effect on the full sample of pupils. In all the specifications, I first
present the estimated effects in both subjects combined, in Panel A, be-
fore dividing the sample based on the subjects reading and maths, in
Panel B and C, respectively. In the first column I present the estimated
effects from the OLS regression with controls for individual and parental
characteristics. In columns two and three I first add fixed effects for class
in 5th grade and then school in 9th grade. In my preferred specification,
presented in column four, I group pupils attending the same class in 5th
grade and the same school in 9th grade and use this as the fixed effects.
The results from the preferred model show that being exposed to at least
one low-achiever in the classroom in 9th grade reduces performance in
the national tests by 1.2 per cent of a standard deviation. However, this
is only significant at a 10 per cent level, and no longer significant when
dividing the sample based on subject.

5.3. Heterogeneity

The effects presented in the main analysis suggest that there is no
effect on pupils not defined as low-achievers when being exposed to
low-achieving peers. However, because of fundamental differences in
interest and behaviour, peer effects might play out very differently for
different pupils, and even though pupils on average are not affected,
some groups of pupils may experience effects from being exposed to
low-achieving peers. Much of the evidence in the peer effect literature
indicates that peer effects are heterogeneous and non-linear in form,
as opposed to homogeneous and linear as previously assumed (Carrell
et al., 2009; Fruehwirth, 2014; Gibbons and Telhaj, 2008).2¢ Because of
this, I now expand the analysis to also include several subsample analy-
ses in order to investigate whether the effects are different for different
groups of pupils.

In the first subsample analysis, I investigate the effects in both sub-
jects combined and separately based on gender,?” presented in Table 4.
These analyses show that there does not seem to be any effect on either
boys or girls from the presence of at least one low-achieving peer in the
classroom, as all the estimated coefficients are very small and none of
them are significantly different from zero.

Previous research has also looked at differences with respect to so-
cioeconomic background, which I do in my second subsample analysis,

25 Because there is no variation in the exposure to low-achieving pupils in the
groups that only have one pupil (the first bar in the second graph), these groups
are excluded in the third graph.

26 Ref. also previous studies by Feld and Zélitz (2017); Hanushek et al. (2003);
Hoxby and Weingarth (2005); Lavy et al. (2012b), etc. investigating heterogene-
ity with regards to peer effects.

27 Low-achievers can be of both genders in this analysis.
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Fig. 3. Fraction of pupils attending the same class in 5th grade and the same school in 9th grade exposed to at least one low-achieving peer. Notes: The first graph
shows the fraction of pupils exposed to at least one low-achieving pupil in the group of pupils attending the same class in 5th grade and the same school in 9th grade
on the individual level. The second graph illustrates the number of pupils within each group, and how pupils are distributed based on this. The third graph shows
the fraction of exposed pupils on group level (because there is no variation among pupils not attending the same school as any other pupils from their 5th grade
class in 9th grade, pupils from the first bar in the second graph are excluded when looking at the group level in the third graph).
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Table 3
Effect of low-achieving peer(s)
(€3] @) 3) “@
Panel A. Both subjects
Having “low-achieving” peer(s) in 9th grade -0.009* -0.014* -0.012* -0.012*%
(0.005) (0.006) (0.006) (0.007)
Having “low-achieving” peer(s) in 5th grade 0.044"*
(0.005)
Panel B. Reading
Having “low-achieving” peer(s) in 9th grade -0.010 -0.010 -0.011 -0.009
(0.007) (0.009) (0.009) (0.010)
Having “low-achieving” peer(s) in 5th grade 0.028**
(0.008)
Panel C. Maths
Having “low-achieving” peer(s) in 9th grade -0.007 -0.016* -0.014 -0.014
(0.007) (0.008) (0.009) (0.009)
Having “low-achieving” peer(s) in 5th grade 0.060"*
(0.007)
Control variables:
Individual characteristics X X X X
Parental characteristics X X X X
Fixed effects:
Class in 5th grade X X
School in 9th grade X
Interaction class in 5th grade and school in 9th grade X

Notes: OLS and fixed effects regressions, with robust standard errors in parentheses in the first three models
and standard errors clustered on class in 5th grade and school in 9th grade in parentheses in model four (4).
Significance levels are indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant
at 1 per cent. Dependent variable is standardised test scores in national tests in 9th grade, and the coefficient
of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade. The coefficient on the
dummy for having low-achieving peer(s) in 5th grade is also included in order to show that this disappears when
fixed effects on class in 5th grade are included. The first model (1) is the OLS regression looking only at the
relationship between having low-achieving peer(s) in 9th grade on a pupil’s (standardised) test scores, controlling
for having low-achieving peer(s) in 5th grade, cohort and individual and parental characteristics. In the second
model (2), fixed effects for class in 5th grade are added, and in the third model (3) I add fixed effects for school
in 9th grade. In model four (4), I group pupils attending the same class in 5th grade and the same school in 9th
grade, thereby using an interaction term. Individual characteristics include pupils’ standardised test scores in 5th
grade and dummies for being male and an immigrant. Parental characteristics include parent’s age when the child
is born, parent’s years of education and parental income. Panel A shows the estimated effect in both subjects

combined, while Panels B and C show the effects in reading and maths, respectively.

Table 4
Subsample analysis by subject and gender
Gender
Boys Girls Observations
Panel A. Both subjects 87 353
Having “low-achieving” peer(s) -0.008 -0.010
(0.010) (0.009)
Panel B. Reading 43707
Having “low-achieving” peer(s) -0.004 -0.006
(0.016) (0.013)
Panel C. Maths 43 646
Having “low-achieving” peer(s) -0.011 -0.014
(0.014) (0.013)
Observations 43 807 43 546

Notes: Fixed effects regressions for boys and girls in both subjects combined and
separately, with standard errors clustered on class in 5th grade and school in 9th
grade in parentheses. Significance levels are indicated as follows: + significant
at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Depen-
dent variable is standardised test scores in national tests in 9th grade, and the
coefficient of interest is the coefficient on the dummy for having low-achieving
peer(s) in 9th grade. Coefficients are from separate regressions, based on model
four (4) in Table 3, where I include fixed effects for the interaction between class
in 5th grade and school in 9th grade, and controls for individual and parental
characteristics. The first column represents boys and the second column rep-
resents girls. The low-achievers are not divided by gender. In Panel A, I look
at both subjects combined, and in Panels B and C I look only at test scores in
reading and maths, respectively. The “Observations” column and row include
the number of observations within the different categories.
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with parental education as a proxy for socioeconomic background, pre-
sented in Table 5.2 When doing this I find significant negative estimates
for pupils whose mother or father have a university degree when looking
at the effects in both subjects combined, for pupils whose mothers have
a university degree when investigating the effects separately in reading,
and for pupils whose fathers have a university degree when investigat-
ing the effects separately in maths. The effects, however, are very small
with negative effects between 2 and 3 per cent of a standard deviation,
and only significant at a 10 per cent level.

In the last subsample analysis, I also investigate the effects based on
pupils’ own performance, based on their position in the national subject-
and cohort-specific achievement distribution in 5th grade, presented in
Table 6. In this analysis I find somewhat larger estimates than in the
previous analyses, with significant estimates ranging from negative ef-
fects of 3.5 to 6.3 per cent of a standard deviation for different groups of
pupils. However, in real numbers, the largest of these estimates corre-
sponds to 0.5 lower test scores for the pupils in this group with a mean
test score of 27.5 on a scale ranging from 0 to 44.

5.4. Specification analysis

5.4.1. Share of low-achieving pupils

As mentioned, other studies in the peer effect literature have used
a slightly different approach when investigating the effects, by using
the share of disadvantaged or low-achieving pupils. In this specification
analysis, I change the independent variable to the share of low-achieving

28 And by using parental income as a proxy in Appendix C.
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Table 5
Subsample analysis by subject and parental education
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Mother’s education

Father’s education

Not completed Completed University Not completed Completed University
upper secondary ~ upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school

Panel A. Both subjects

Having “low-achieving” peer(s) -0.021 -0.009 -0.020* -0.010 -0.013 -0.021*
(0.016) (0.013) (0.010) (0.016) (0.011) (0.012)

Panel B. Reading

Having “low-achieving” peer(s) -0.010 -0.012 -0.027% -0.008 -0.013 -0.013
(0.024) (0.018) (0.015) (0.024) (0.016) (0.017)

Panel C. Maths

Having “low-achieving” peer(s) ~ -0.032 -0.006 -0.011 -0.009 -0.014 -0.029*
(0.022) (0.017) (0.014) (0.020) (0.014) (0.015)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on parental education, with
standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade.
Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between
class in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Parental education is specified in
columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects
combined, and in Panels B and C I look only at test scores in reading and maths, respectively.

Table 6

Subsample analysis by subject and pupils’ own position in the achievement distribution

Pupils’ own position in the achievement distribution

Below 20th 20th to 40th 40th to 60th 60th to 80th Above 80th
percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) -0.015 -0.035% 0.011 -0.017 -0.003
(0.027) (0.019) (0.018) (0.015) (0.013)
Panel B. Reading
Having “low-achieving” peer(s) 0.031 -0.063* 0.039 -0.003 -0.005
(0.042) (0.027) (0.027) (0.022) (0.018)
Panel C. Maths
Having “low-achieving” peer(s) -0.058* -0.005 -0.014 -0.032 -0.002
(0.035) (0.026) (0.024) (0.021) (0.019)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on pupils’ own position in the
achievement distribution, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are
indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised
test scores in national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in
9th grade. Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction
between class in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Pupils’ own position in the
achievement distribution is specified in columns 1 to 5, with the lowest achieving pupils in column 1 and the highest achieving pupils in
column 5. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading and maths, respectively.

peers instead of using a dummy for being exposed to at least one low-
achiever, making D"m presented in equation (1) in section 4 a continuous
variable taking on values between 0 and 1 instead of a dummy variable,
and find similar results as presented above. The estimated coefficients
are presented in Tables 7, 8 and 9. Using my most comprehensive ap-
proach (fixed effects for the interaction between class in 5th grade and
school in 9th grade) there is only one significant estimate, a positive
effect of 39.1 per cent of a standard deviation for pupils above the 80th
percentile in the national subject- and cohort-specific achievement dis-
tribution in maths. This measure, however, does not make much sense
since a 100 per cent increase in the share of low-achieving peers never
happens (meaning that all peers of a pupil have to be changed from
only pupils defined as not low-achieving, to only low-achieving pupils).
On average, classes in my sample consist of 22 pupils, which means
that the average pupil has 21 peers. Changing one of these peers to a
low-achieving pupil*® corresponds to about a 5 per cent increase in the
proportion of low-achieving peers. Based on the largest estimated effect,
this would correspond to a 1.9 per cent standard deviation increase in

2% From a pupil defined as other pupil.
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test scores (0.391 * 0.05), which is in line with the estimated coefficients
found in the corresponding analysis presented above.

5.4.2. More low-achieving peers

One can argue that in order to affect other pupils, the low-achievers
have to be more than one. In order to investigate this, I have run several
regressions with exposure to one, two, three, four, five, six and seven
low-achievers, respectively, and the estimated effects are presented in
Figure 4, with the effect on all pupils in the first graph, boys in the
second and girls in the third. As shown in the graph, there does not seem
to be any effect before having five low-achieving pupils in the classroom,
and then the effect seems to be negative, but for pupils exposed to six
low-achieving peers the effect is positive. The total number of pupils
exposed to five, six or seven low-achieving peers in the classroom in
lower secondary school is just under 700. Thus, even though the effect
is significantly different from zero for some of these pupils, there are
very few pupils in these samples.

5.4.3. Gender differences
As briefly mentioned, peer effects might play out very differently for
different pupils, and because of this I also want to investigate whether
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Table 7
Specification analysis using continuous variable - subject and gender
Gender
All pupils Boys Girls
Panel A. Both subjects
Fraction “low-achieving” peer(s) -0.100 -0.001 -0.142
(0.075) (0.116) (0.103)
Panel C. Reading
Fraction “low-achieving” peer(s) -0.113 -0.030 -0.165
(0.110) (0.174) (0.144)
Panel D. Maths
Fraction “low-achieving” peer(s) -0.077 0.036 -0.115
(0.102) (0.152) (0.146)

Notes: Fixed effects regressions for all pupils in both subjects combined and
separately based on subject and gender, with standard errors clustered on class
in 5th grade and school in 9th grade in parentheses. Significance levels are in-
dicated as follows: + significant at 10 per cent; * significant at 5 per cent; **
significant at 1 per cent. Dependent variable is standardised test scores in na-
tional tests in 9th grade, and the coefficient of interest is the coefficient on the
share of low-achieving peers in the classroom in 9th grade. Coefficients are from
separate regressions, based on equation (1) in section 4 where the dummy has
been changed to a continuous variable taking values between 0 and 1, where I
include fixed effects for the interaction between class in 5th grade and school
in 9th grade, and controls for individual and parental characteristics. The first
column represents all pupils, the second represents boys and the third column
represents girls. In Panel A, I look at both subjects combined, and in Panels B
and C I look only at test scores in reading and maths, respectively.

boys and girls are affected differently depending on their socioeconomic
status or own achievement. The estimated coefficients are presented in
Appendix Tables D.1, D.2, D.3 and D.4. As in the previous analyses, I do
find some significant estimates scattered around, but with the largest
one being a negative effect of 10.1 per cent of a standard deviation
for boys below the 20th percentile in the achievement distribution in
maths, the effects are very small in size and do not correspond to any
“real” changes in test scores of the affected pupils.>®

30 In real numbers, this corresponds to a 1 point lower test score for exposed
pupils in this group with a mean test score of 20 on a scale ranging from 0 to
50.

Table 8

Specification analysis using continuous variable - subject and parental
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In addition, because I am measuring the effects in lower secondary
school, a time in children’s lives when there is a lot happening on a
personal level which could affect who influences them at school, I also
include a specification analysis where I divide the low-achieving pupils
into boys and girls. That is, I include separate regressions where I divide
the treatment variable based on gender, making the following equation
the regression of interest:

Yiest = P18 + PoVice—1)s¢-1) T Sc—1)a-1) X Y5t + B1 Dﬁi, + 5 D% + Eiest (2)

est

where the coefficients of interest are f; and f,, which captures the ef-
fect of the presence of at least one low-achieving boy (Di’;r) and one
low-achieving girl (Diﬁ,), respectively. The estimated coefficients are
presented in Appendix Tables D.5, D.6 and D.7. In these analyses, the
estimates remain about the same as in previous analyses, shifting around
zero, with some of them being significantly different from zero. How-
ever, all the estimated coefficients are very small in size, and there is no
clear pattern as to any group of pupils being more or less influenced by
one kind of low-achiever.

In the last set of specifications concerning gender, I combine the pre-
vious two specifications and look at the gender of both the pupil and the
low-achiever. In order to do this, I use the same approach as presented
above and investigate the effects in different groups of boys and girls de-
pending on their socioeconomic status or own achievement, presented
in Appendix Tables D.8, D.9, D.10 and D.11. By doing this, I get the
same results as the other analysis; it does not seem as though pupils
are affected by the presence of at least one low-achieving pupil in the
classroom, whether boy or girl. The largest effect on boys seems to stem
from low-achieving girls in reading on boys between the 40th and the
60th percentile, with a positive estimate of 13.6 per cent of a standard
deviation. Meanwhile, the greatest effect on girls seems to stem from
low-achieving girls in reading for the girls below the 20th percentile in
the national subject- and cohort-specific achievement distribution, with
a positive effect of 17.3 per cent of a standard deviation. Even if the es-
timated effects presented here are larger than in the previous analyses,
in real numbers this corresponds to 1 point higher test scores in reading
for exposed boys between the 40th and 60th percentile in the achieve-
ment distribution with a mean test score of 30 points on a scale ranging
from 0O to 44. For girls, the positive effect of 17.3 per cent of a standard
deviation corresponds to about 1.5 points higher test scores for exposed
pupils below the 20th percentile in the achievement distribution with a
mean test score of 22.5 on a scale ranging from 0 to 44. In addition, the

education

Mother’s education

Father’s education

Not completed Completed University Not completed Completed University
upper secondary  upper secondary ~ Degree upper secondary ~ upper secondary ~ Degree
school school school school

Panel A. Both subjects

Fraction “low-achieving” peer(s) -0.220 -0.040 -0.054 0.024 -0.186 -0.180
(0.161) (0.130) (0.117) (0.151) (0.116) (0.143)

Panel C. Reading

Fraction “low-achieving” peer(s) -0.212 -0.110 -0.155 0.027 -0.216 -0.164
(0.241) (0.192) (0.164) (0.229) (0.173) (0.211)

Panel D. Maths

Fraction “low-achieving” peer(s)  -0.212 0.030 0.058 0.037 -0.147 -0.203
(0.208) (0.175) (0.165) (0.194) (0.154) (0.192)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on subject and parental education,
with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficient of interest is the coefficient on the share of low-achieving peers in the classroom in 9th
grade. Coefficients are from separate regressions, based on equation (1) in section 4 where the dummy has been changed to a continuous
variable taking values between 0 and 1, where I include fixed effects for the interaction between class in 5th grade and school in 9th
grade, and controls for individual and parental characteristics. Parental education is specified in columns 1 to 6, with mother’s education
in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects combined, and in Panels B and C I look

only at test scores in reading and maths, respectively.
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Table 9
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Specification analysis using continuous variable - subject and pupils’ own position in the achievement distribution

Pupils’ own position in the achievement distribution

Below 20th 20th to 40th 40th to 60th 60th to 80th Above 80th
percentile percentile percentile percentile percentile
Panel A. Both subjects
Fraction “low-achieving” peer(s) -0.054 -0.215 -0.046 -0.059 0.179
(0.255) (0.197) (0.197) (0.171) (0.146)
Panel C. Reading
Fraction “low-achieving” peer(s) 0.216 -0.285 0.233 0.099 -0.077
(0.391) (0.279) (0.277) (0.239) (0.207)
Panel D. Maths
Fraction “low-achieving” peer(s) -0.278 -0.108 -0.299 -0.250 0.391*
(0.326) (0.274) (0.275) (0.240) (0.202)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on subject and pupils’ own position
in the achievement distribution, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance
levels are indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is
standardised test scores in national tests in 9th grade, and the coefficient of interest is the coefficient on the share of low-achieving peers in
the classroom in 9th grade. Coefficients are from separate regressions, based on equation (1) in section 4where the dummy has been changed
to a continuous variable taking values between 0 and 1, where I include fixed effects for the interaction between class in 5th grade and
school in 9th grade, and controls for individual and parental characteristics. Pupils’ own position in the achievement distribution is specified
in columns 1 to 5, with the lowest achieving pupils in column 1 and the highest achieving pupils in column 5. In Panel A, I look at both
subjects combined, and in Panels B and C I look only at test scores in reading and maths, respectively.

significant estimates do not reveal any clear patterns as to who is more
or less affected by whom.

5.5. Robustness tests

5.5.1. Using different thresholds for defining low-achieving pupils

So far, I have used a threshold of 10 per cent in at least two of the
three subjects when defining low-achieving pupils, thus defining about
4 per cent of the observations to be of low-achievers. I could have cho-
sen different thresholds, potentially affecting my results. In the tables
in Appendix E, I look into this by investigating the effects using thresh-
olds of 5 and 15 per cent in at least two of the three subjects. By us-
ing the 5 per cent threshold I define about 2 per cent of the obser-
vations to be of low-achieving pupils, while this number increases to
about 7 per cent when using the 15 per cent threshold. In both the 5
per cent and the 15 per cent approaches, when investigating the effects
among all pupils combined and separately based on subject and gen-
der, in the Appendix Tables E.1 and E.4, respectively, the effects remain
very small, shifting around zero, and none of them are significantly dif-
ferent from zero. The same is the case when dividing the pupils based
on parental education, as a proxy for socioeconomic background, in the
Appendix Tables E.2 and E.5. When investigating the effects based on
pupils’ own position in the achievement distribution, presented in the
Appendix Tables E.3 and E.6, I find some small significant estimates
in both directions for pupils between the 20th and the 40th percentile
and between the 40th and the 60th percentile in the achievement dis-
tribution, with negative effects for pupils in the first of these groups in
all subjects and maths of 5.7 and 7.2 per cent of a standard deviation,
respectively, when using the 5 per cent threshold, and a significant neg-
ative effect of 3.9 per cent of a standard deviation when using the 15
per cent threshold in all subjects combined. For the second group men-
tioned, pupils between the 40th and the 60th percentile, I find small
positive estimates of 3.9 and 5.2 per cent of a standard deviation in all
subjects and reading, respectively, when using the 15 per cent threshold.

5.5.2. Excluding pupils who are exempt from participating in the national
tests

One could argue that some pupils who are exempt from participating
in the national tests may not be low-achievers; they are instead pupils
who are unable to cope with the testing situation (i.e. some pupils with
autism, ADHD, etc.), and thus defining these pupils as low-achievers
(by assigning zero as their test scores) might not be the best solution. In
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Figure E.1, I show that there is in fact a close to normal distribution of
test scores among pupils that are exempt from participating (and thus
SEN pupils) in subjects other than the one they were exempt from. How-
ever, the number of pupils in the graph for 5th grade test scores is only
136 in reading and 474 in maths, while the corresponding numbers are
1,365 and 1,133 pupils in the graph for 9th grade test scores, respec-
tively. In order to investigate if these pupils are driving the results in
any direction, I include robustness tests where I exclude these pupils
entirely from the sample. Estimated effects from these regressions are
presented in the Appendix Tables E.7, E.8 and E.9, and are similar to
estimated effects presented previously using the full sample.

5.5.3. Defining pupils who are exempt from participating in the national
tests as low-achievers

With regards to the inclusive education literature, where the focus is
SEN pupils, I also include a robustness test where I define pupils who are
exempt from participating in the national tests in at least one of the three
subjects in 5th grade as low-achievers. In the data, I do not observe SEN
pupils directly, but in order to be exempt from participating, the pupil
has to receive special education, ref. section 3 and Appendix A, making
exempt pupils my best definition of SEN pupils. However, because each
individual pupil actually has to be exempted, and both the pupil and
the parents have to agree that the pupils should be exempt, many SEN
pupils actually take the tests, so there is a weakness with this definition.
The estimated effects when using this definition of low-achieving pupils
are presented in the Appendix Tables E.10, E.11 and E.12. The estimated
effects presented here are in line with previous findings; there are some
significant effects scattered around, but none big enough to be talking
about any “real” effects.

5.5.4. Pupils attending schools with few low-achievers

As previously mentioned, my identifying assumption is based on the
fact that pupils within a given school are randomly assigned to classes,
and this also applies for the low-achievers. However, the distribution of
low-achievers across schools could be less random, making some schools
have a greater population of low-achieving pupils, and thereby within
certain schools, there might be a higher possibility of being placed into
classes with at least one low-achieving peer. By reducing the sample to
only pupils attending schools with few (less than four) low-achievers
within the school, it is easier to justify the assumption about the low-
achievers truly being randomly assigned, and I am thereby able to in-
vestigate if this changes the effects. It does not. There are still some
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All students

® 1LApeers @ 2LApeers ™ 3LApeers A 4LApeers
x 5 LA peers 6 LApeers © 7 LA peers

Boys

® 1LApeers @& 2LApeers ™ 3LApeers A 4LApeers
x 5 LA peers 6 LA peers © 7LApeers

Girls

® 1LApeers @& 2LApeers ™ 3LApeers A 4LApeers
x 5 LA peers 6 LApeers © 7 LA peers

Fig. 4. Estimated coefficients based on number of low-achieving peers. Notes: Estimated coefficients for 1, 2, 3, 4, 5, 6 and 7 low-achieving peers in the classroom.
First graph shows the estimated effects for all pupils combined, second and third graphs show the estimated effects for boys and girls, respectively.
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small estimates scattered around, reported in the Appendix Tables E.13,
E.14 and E.15, like in the other analysis, but there are no sizeable sig-
nificant effects.

5.5.5. Using 8th grade test scores

As mentioned, the data also contains information about pupils’ test
scores in 8th grade, and by using these I am able to investigate whether
there are any effects at a very early stage of the exposure to at least
one low-achiever in the classroom (the autumn after the pupils have
started lower secondary). Estimated effects are presented in the Ap-
pendix Tables E.16, E.17 and E.18. Since the data also contains infor-
mation about pupils’ test scores in English, I am able to investigate the
effects in all three subjects when using the 8th grade test scores. As in
the other analysis, the estimated effects remain small, shifting around
zero, and most of them are not significantly different from zero.*!

5.5.6. Excluding immigrant pupils

Another concern is the inclusion of pupils receiving special language
training as a part of the low-achievers. In this last set of robustness tests,
I deal with this by excluding immigrant pupils entirely from the sample
and looking only at the effects of non-immigrant low-achievers on non-
immigrant pupils. Estimated coefficients are presented in the Appendix
Tables E.19, E.20 and E.21. The zero effects found in the previous anal-
yses even hold in these robustness tests.

6. Discussion and interpretation

Estimated effects presented in section 5 show that there is no clear
pattern that low-achieving pupils in the inclusive Norwegian compul-
sory education affect their peers. This means that in the present study
there is no evidence for the Bad Apple model of peer effects (Hoxby and
Weingarth, 2005; Lazear, 2001). This is also consistent when using the
share of low-achievers within the school, when focusing on more than
one low-achieving pupil in the classroom and when looking at the effects
separately based on gender of both the pupil and the low-achiever com-
bined and separately in the specification analysis. A set of robustness
checks confirms that the results are not driven by the 10 per cent thresh-
old, that pupils exempt from participating are included with zero as their
test score in the subjects they are exempt from, immigrant pupils, or the
fact that pupils might not be randomly assigned to classes with low-
achievers in schools with a large number of low-achieving pupils.

These results are not in line with most findings in the peer effect lit-
erature, mentioned previously, reporting evidence that pupils are nega-
tively affected by disadvantaged or low-achieving peers. In one study us-
ing a similar definition of low-achieving peers in the English secondary
school, Lavy et al. (2012b), found evidence that these pupils had a sig-
nificant and sizable negative effect on their peers. The findings in their
study are consistent with results found in studies investigating the effect
of disadvantaged and disruptive peers (Carrell et al., 2016; Carrell and
Hoekstra, 2010; Imberman et al., 2012). When investigating the effects
in Texas public schools, Hoxby (2000) found evidence that pupils are
positively affected by the achievement level of their peers, indicating
that having low-achieving peers might reduce pupils’ test scores. In a
later study, however, Hoxby and Weingarth (2005) found similar ev-
idence as this study with regards to the Bad Apple model, with little
evidence for the Linear-in-Means, the Shining Light and the Bad Apple
models when investigating peer effects in Wake County, North Carolina,
as explained in detail in their study.>?

31 The largest significant effect in this case is a negative effect of 5.6 per cent
of a standard deviation for pupils below the 20 percentile in maths, which cor-
responds to 0.4 lower test scores of the exposed pupils in this group with a mean
test score of 16.5 on a scale ranging from 0 to 58.

32 It is worth mentioning that even those studies that do find statistically sig-
nificant effects tend to find relatively small effects (Gibbons and Telhaj, 2008).
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The estimated effects in this study are more in line with studies
from the inclusive education literature, reporting no differences between
pupils they define as “regular” pupils in inclusive vs non-inclusive set-
tings (Huber et al., 2001; Kalambouka et al., 2007; Ruijs, 2017; Ruijs
et al.,, 2010). In their study, Ruijs and Peetsma (2009) highlight the
need for research on different groups of pupils in order to better un-
derstand the effects, which I do with regard to several aspects such as
gender, socioeconomic status and position in the achievement distribu-
tion, without this changing the results.

One explanation for different findings in Norway could be the Nor-
wegian education system’s desire to be inclusive. This is done through
adapted education, meaning that all pupils, even if they do not have
sufficient benefits from standard education, should experience affilia-
tion with a class and participate in the school community when attend-
ing a Norwegian school. An OECD paper from 2009 shows that pupils
in Norwegian schools report low levels of bullying and that they gen-
erally enjoy going to school. It also states that “Norwegian schools are
quite successful in creating a safe and inclusive social environment at
school” (Boarini, 2009, p. 13). In addition, in a study by Aizer (2008),
the author reports finding that resources can help overcome negative
peer effects. Viewed in conjunction with the extensive public funding in
the educational sector in Norway, this could explain why I do not find
any evidence of negative peer effects from the presence of at least one
low-achieving pupil in the classroom (Boarini, 2009; OECD, 2017).

7. Conclusion

This paper studies the effects of having at least one low-achieving
peer in lower secondary school on a pupil’s achievement in the national
tests. In the empirical strategy, I exploit the fact that many Norwegian
school children have to change schools and thereby class when start-
ing lower secondary, and that they are tested in the same subjects both
before and after this change (both in primary and in lower secondary
school) in a fixed effect approach. Thanks to massive registry data col-
lected and maintained by Statistics Norway, I have information about
pupils’ test scores in 5th, 8th and 9th grade, individual characteristic in-
formation and information about pupils’ parents, which I apply in this
study.

I do not find any impact from the presence of at least one low-
achieving pupil on his or her peers. When dividing the sample into
subsamples based on subject, gender, socioeconomic status or pupils’
own position in the achievement distribution, the results remain sim-
ilar; neither positive nor negative effects on pupils’ achievement. The
results even hold when using a range of specification and robustness
analyses. These findings contradict findings in the massive peer effect
literature, but are more in line with the smaller inclusive education lit-
erature. These two areas of interest in the educational literature are
closely related, since countries focusing on inclusive education have to
spend extra resources in a normal class setting precisely because of po-
tential peer effects and because all pupils deserve to be taken care of.
With this in mind, one possible explanation for not finding any effect
of low-achieving peers in this study might be precisely because Norwe-
gian schools strive to be inclusive, and because of the extra resources
put in to the educational sector as a result of this. However, in order to
draw conclusions regarding the mechanisms behind the differences in
educational settings more research is needed.

This study emphasises the fact that peer effects might play out very
differently in different settings, and that there are a lot of consider-
ations when investigating the effects of low-achieving peers (Angrist,
2014; Feld and Zolitz, 2017). Little is still known with regards to the
mechanisms behind peer effects, and how different groups of pupils are
affected by different peers. In addition, more research is necessary in
order to determine the effect of inclusive education.
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Table A.1

Arguments for including pupils who are exempt from participating in the national tests in 5th grade as low-

achievers

National tests in 5th grade
Panel A. Both subjects combined Exempt Participated
Standardised Test Scores 9th grade -1.847 0.056
Exempt 9th grade 0.287 0.005
Immigrants 0.479 0.282
Observations 2695 88 250
National tests in 5th grade
Panel B. Reading Exempt Participated
Standardised Test Scores 9th grade -1.832 0.071
Exempt 9th grade 0.270 0.005
Immigrants 0.488 0.281
Observations 1701 43 821
National tests in 5th grade

Panel C. Maths Exempt Participated
Standardised Test Scores 9th grade -1.874 0.042
Exempt 9th grade 0.316 0.006
Immigrants 0.463 0.283
Observations 994 44 429

Notes: Mean statistics for pupils who were exempt and pupils who participated in the national tests in 5th grade.
The first column contains pupils who were exempt from participating, while the second column contains pupils
who participated in the national tests in 5th grade. The first row shows pupils’ standardised test scores in the
national tests in 9th grade, the second row shows how likely it is for pupils to also be exempt from participating
in 9th grade and the third row shows how likely the pupils are to be immigrants. The “Observations” row reports
the number of observations within the different categories. Panel A shows the statistics in both subjects combined,
while Panels B and C show the statistics in reading and maths, respectively.

Appendix A. Participation status in the national tests®®

The national tests in 5th, 8th and 9th grade are mandatory and all pupils have the right to participate in these tests. However, pupils who require
special education or special language training may be exempt from participating if it is clear that the result from the tests will not affect their future
learning, ref. section 2 and below with regards to who receives special education. In each individual case, it is the head of the school in cooperation
with the pupil’s teacher that determines who is granted an exemption. Exempt pupils or their parents can decide whether the pupil takes the tests
even where the head of the school has deemed they should be exempt.>*

Pupils who require special education and special language training °> . As mentioned in section 2, the crucial factor for receiving special education or
special language training is that the pupil is unable to follow standard education, and this indicates that the pupil is considered to be a low-achiever.
In Appendix Table A.1, I show that pupils exempt from participating in the national tests in 5th grade have lower test scores in the national tests in 9th
grade. They are more likely to be exempt from participating in the national tests in 9th grade as well, and are more likely to be immigrants. Because
pupils who are exempt from participating in the national tests are the pupils who do not have sufficient benefits from a standard educational setting
(i.e. they have difficulties following the standard curriculum), and who I would expect to make up the lower tail of the achievement distribution if
they were included, I include these pupils when making the national subject- and cohort-specific achievement distribution, used to determine if a
pupil is a low-achiever or not.>®

33 The Norwegian Directorate for Education and Training (2018a)

34 1t is possible to only be exempt from one subject.

35 The Norwegian Directorate for Education and Training (2016, 2018b)
36 They are included with zero as their test score.
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Appendix B. Distribution of pupils in schools with several low-achieving pupils

In Appendix Figure B.1, I show the distribution of pupils in classes with different numbers of low-achieving peers depending on how many
low-achievers there are within the school. For example, in schools with three low-achievers within the school (the graph labelled “3” in Appendix
Figure B.1), about 45 per cent of the pupils attend a class without any low-achievers, 35 per cent attend a class with one low-achieving peer and 20
per cent attend classes with two low-achieving peers. The graphs show that even in schools with several low-achievers, there are pupils attending
classes without any low-achieving peers.*”

37 Appendix Figure B.2 shows the same distribution with regards to SEN pupils.
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Fig. B.1. Distribution of low-achievers within schools with different numbers of low achieving pupils. Notes: Distribution of low-achieving pupils in classrooms
with different numbers of low-achieving pupils within schools with 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12 and more than 12 low-achieving pupils within the school in the

different graphs.
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Fig. B.2. Distribution of SEN pupils within schools with different numbers of SEN pupils. Notes: Distribution of SEN pupils in classrooms with different numbers of
SEN pupils within schools with 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12 and more than 12 SEN pupils within the school in the different graphs.

Appendix C. Subsample by subject and parental income

In Table C.1, I examine different groups of pupils based on parental income, as a proxy for socioeconomic status. In this analysis I find similar
results as previously presented; no sizeable significant estimates indicating that any groups of pupils are affected by the presence of at least one
low-achieving peer in the classroom.

Table C.1
Subsample analysis by subject and parental income

Parental income

Below 20th 20th to 40th 40th to 60th 60th to 80th Above 80th
percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) 0.012 -0.026 -0.014 -0.009 -0.013
(0.023) (0.019) (0.017) (0.015) (0.016)
Panel B. Reading
Having “low-achieving” peer(s) 0.003 -0.037 0.004 -0.002 -0.024
(0.035) (0.028) (0.025) (0.022) (0.023)
Panel C. Maths
Having “low-achieving” peer(s) 0.024 -0.012 -0.031 -0.016 -0.003
(0.030) (0.024) (0.024) (0.020) (0.020)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on subject and parental income, with standard
errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows: + significant at 10 per cent;
* significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in national tests in 9th grade, and the coefficient
of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade. Coefficients are from separate regressions, based on model
four (4) in Table 3, where I include fixed effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual and
parental characteristics. Parental income is specified in columns 1 to 5, with the lowest income parents in column 1 and the highest income parents
in column 5. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading and maths, respectively. The
percentiles are within each panel, meaning that pupils below the 20th percentile in Panel A are not necessarily below the 20th percentile in Panels B
and/or C.
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Appendix D
Table D.1
Subsample analysis boys - subject and parental education
Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary  upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school
Panel A. Both subjects
Having “low-achieving” peer(s) -0.012 -0.006 -0.019 -0.047* -0.021 0.004
(0.028) (0.020) (0.017) (0.026) (0.017) (0.019)
Panel C. Reading
Having “low-achieving” peer(s) -0.000 -0.016 -0.026 —0.066" -0.013 0.020
(0.041) (0.031) (0.025) (0.038) (0.026) (0.029)
Panel D. Maths
Having “low-achieving” peer(s) -0.024 0.003 -0.010 -0.027 -0.028 -0.011
(0.038) (0.026) (0.022) (0.036) (0.023) (0.025)

Notes: Fixed effects regressions for subsamples of boys in both subjects combined and separately based on subject and parental education,
with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade.
Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between
class in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Parental education is specified in
columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects
combined, and in Panels B and C I look only at test scores in reading and maths, respectively.

Table D.2
Subsample analysis boys - subject and pupils’ own position in the achievement distribution

Pupils’ own position in the achievement distribution

Below 20th 20th to 40th 40th to 60th 60th to 80th Above 80th
percentile  percentile percentile percentile percentile

Panel A. Both subjects

Having “low-achieving” peer(s) -0.004 -0.033 0.033 -0.013 0.026
(0.045) (0.033) (0.031) (0.028) (0.022)

Panel C. Reading

Having “low-achieving” peer(s) 0.071 -0.083* 0.079* 0.020 0.031
(0.064) (0.043) (0.047) (0.043) (0.032)

Panel D. Maths

Having “low-achieving” peer(s) -0.101* 0.032 -0.013 -0.045 0.022
(0.061) (0.052) (0.040) (0.036) (0.030)

Notes: Fixed effects regressions for subsamples of boys in both subjects combined and separately
based on subject and pupils’ own position in the achievement distribution, with standard errors
clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are
indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1
per cent. Dependent variable is standardised test scores in national tests in 9th grade, and the
coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th
grade. Coefficients are from separate regressions, based on model four (4) in Table 3, where I
include fixed effects for the interaction between class in 5th grade and school in 9th grade, and
controls for individual and parental characteristics. Pupils’ own position in the achievement
distribution is specified in columns 1 to 5, with the lowest achieving pupils in column 1 and
the highest achieving pupils in column 5. In Panel A, I look at both subjects combined, and in
Panels B and C I look only at test scores in reading and maths, respectively.
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Table D.3
Subsample analysis girls - subject and parental education
Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary  upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school
Panel A. Both subjects
Having “low-achieving” peer(s) 0.005 -0.000 -0.024 0.031 -0.019 -0.047*
(0.025) (0.018) (0.016) (0.024) (0.016) (0.018)
Panel C. Reading
Having “low-achieving” peer(s) 0.030 -0.008 -0.033 0.057 -0.023 -0.040
(0.038) (0.025) (0.022) (0.036) (0.023) (0.026)
Panel D. Maths
Having “low-achieving” peer(s) -0.021 0.009 -0.018 0.006 -0.017 -0.055*
(0.033) (0.026) (0.023) (0.032) (0.021) (0.026)

Notes: Fixed effects regressions for subsamples of girls in both subjects combined and separately based on subject and parental education,
with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade.
Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between
class in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Parental education is specified in
columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects
combined, and in Panels B and C I look only at test scores in reading and maths, respectively.

Table D.4
Subsample analysis girls - subject and pupils’ own position in the achievement distribution

Pupils’ own position in the achievement distribution

Below 20th 20th to 40th 40th to 60th 60th to 80th Above 80th
percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) -0.004 -0.028 0.007 -0.010 -0.032
(0.049) (0.030) (0.026) (0.024) (0.022)
Panel C. Reading
Having “low-achieving” peer(s) 0.041 -0.046 0.012 0.021 -0.037
(0.085) (0.044) (0.039) (0.033) (0.027)
Panel D. Maths
Having “low-achieving” peer(s) -0.035 -0.009 -0.009 -0.046 -0.027
(0.059) (0.042) (0.036) (0.035) (0.036)

Notes: Fixed effects regressions for subsamples of girls in both subjects combined and separately based on subject and
pupils’ own position in the achievement distribution, with standard errors clustered on class in 5th grade and school in
9th grade in parentheses. Significance levels are indicated as follows: + significant at 10 per cent; * significant at 5 per
cent; “* significant at 1 per cent. Dependent variable is standardised test scores in national tests in 9th grade, and the
coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade. Coefficients are from
separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between class
in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Pupils’ own position in the
achievement distribution is specified in columns 1 to 5, with the lowest achieving pupils in column 1 and the highest
achieving pupils in column 5. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores
in reading and maths, respectively.
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Table D.5
Specification analysis by gender of the low-achieving pupil - subject and gender
Gender
All pupils Boys Girls
Panel A. Both subjects
Having “low-achieving” boy(s) -0.014* -0.014 -0.007
(0.007) (0.011) (0.010)
Having “low-achieving” girl(s) 0.010 0.020* 0.005
(0.008) (0.012) (0.011)
Panel C. Reading
Having “low-achieving” boy(s) -0.017+ -0.019 -0.009
(0.010) (0.016) (0.014)
Having “low-achieving” girl(s) 0.015 0.026 0.013
(0.011) (0.018) (0.016)
Panel D. Maths
Having “low-achieving” boy(s) -0.011 -0.009 -0.007
(0.009) (0.014) (0.014)
Having “low-achieving” girl(s) 0.005 0.012 -0.004
(0.010) (0.015) (0.015)

Notes: Fixed effects regressions for all pupils in both subjects combined and separately based
on subject and gender, with standard errors clustered on class in 5th grade and school in 9th
grade in parentheses. Significance levels are indicated as follows: + significant at 10 per cent;
* significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test
scores in national tests in 9th grade, and the coefficients of interest are the coefficients on the
dummy for having low-achieving boy(s) and low-achieving girl(s) in 9th grade. Coefficients
in different panels and columns are from separate regressions, based on equation (2), where
T include fixed effects for the interaction between class in 5th grade and school in 9th grade,
and controls for individual and parental characteristics. The first column represents all pupils
combined, the second represents boys and the third column represents girls. In Panel A, I look
at both subjects combined, and in Panels B and C I look only at test scores in reading and maths,
respectively.

Table D.6
Specification analysis by gender of the low-achieving pupil - subject and parental education

Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary ~ upper secondary ~ Degree upper secondary ~ upper secondary ~ Degree
school school school school
Panel A. Both subjects
Having “low-achieving” boy(s) -0.021 -0.019 -0.014 -0.006 -0.020* -0.012
(0.017) (0.013) (0.011) (0.016) (0.011) (0.012)
Having “low-achieving” girl(s) 0.012 0.028% 0.000 -0.002 0.014 -0.004
(0.017) (0.014) (0.012) (0.018) (0.012) (0.014)
Panel C. Reading
Having “low-achieving” boy(s) -0.020 -0.028 -0.021 0.006 -0.033* -0.016
(0.025) (0.019) (0.016) (0.024) (0.017) (0.018)
Having “low-achieving” girl(s) 0.013 0.029 -0.000 -0.016 0.027 0.013
(0.025) (0.021) (0.017) (0.026) (0.018) (0.020)
Panel D. Maths
Having “low-achieving” boy(s) -0.023 -0.008 -0.006 -0.017 -0.007 -0.008
(0.022) (0.017) (0.015) (0.020) (0.015) (0.017)
Having “low-achieving” girl(s) 0.013 0.024 0.001 0.014 0.001 -0.024
(0.023) (0.019) (0.016) (0.024) (0.016) (0.019)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on subject and parental ed-
ucation, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated
as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test
scores in national tests in 9th grade, and the coefficients of interest are the coefficients on the dummy for having low-achieving boy(s)
and low-achieving girl(s) in 9th grade. Coefficients in different panels and columns are from separate regressions, based on equation
(2), where I include fixed effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual
and parental characteristics. Parental education is specified in columns 1 to 6, with mother’s education in columns 1 to 3 and father’s
education in columns 4 to 6. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading
and maths, respectively.
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Table D.7
Specification analysis by gender of the low-achieving pupil - subject and pupils’ own position in the
achievement distribution

Pupils’ own position in the achievement distribution

Below 20th ~ 20th to 40th  40th to 60th ~ 60th to 80th  Above 80th

percentile percentile percentile percentile percentile

Panel A. Both subjects

Having “low-achieving” boy(s) -0.016 -0.024 -0.019 -0.031* 0.012
(0.026) (0.020) (0.018) (0.016) (0.014)

Having “low-achieving” girl(s) 0.017 -0.005 0.043* 0.020 -0.007
(0.030) (0.021) (0.020) (0.017) (0.016)

Panel C. Reading

Having “low-achieving” boy(s) -0.002 -0.041 -0.014 -0.018 -0.005
(0.041) (0.028) (0.027) (0.023) (0.019)

Having “low-achieving” girl(s) 0.071 -0.032 0.069* 0.041 -0.009
(0.046) (0.030) (0.029) (0.025) (0.021)

Panel D. Maths

Having “low-achieving” boy(s) ~ -0.029 -0.004 -0.024 -0.049* 0.026
(0.033) (0.027) (0.024) (0.022) (0.020)

Having “low-achieving” girl(s) -0.030 0.023 0.016 -0.001 -0.006
(0.038) (0.029) (0.028) (0.023) (0.023)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based
on subject and pupils’ own position in the achievement distribution, with standard errors clustered on
class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows: +
significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is
standardised test scores in national tests in 9th grade, and the coefficients of interest are the coefficients
on the dummy for having low-achieving boy(s) and low-achieving girl(s) in 9th grade. Coefficients in
different panels and columns are from separate regressions, based on equation (2), where I include fixed
effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual
and parental characteristics. Pupils’ own position in the achievement distribution is specified in columns
1 to 5, with the lowest achieving pupils in column 1 and the highest achieving pupils in column 5. In
Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading and
maths, respectively.

Table D.8
Subsample analysis of boys by gender of the low-achieving pupil - subject and parental education

Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary ~ upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school

Panel A. Both subjects

Having “low-achieving” boy(s) ~ 0.012 -0.009 -0.023 -0.030 -0.025 0.012
(0.027) (0.021) (0.018) (0.026) (0.018) (0.020)

Having “low-achieving” girl(s) -0.004 0.011 0.015 0.014 0.007 0.014
(0.029) (0.024) (0.019) (0.030) (0.019) (0.022)

Panel C. Reading

Having “low-achieving” boy(s) ~ 0.024 -0.020 -0.031 -0.044 -0.030 0.019
(0.040) (0.032) (0.026) (0.039) (0.027) (0.029)

Having “low-achieving” girl(s) -0.020 0.015 0.018 -0.004 0.024 0.029
(0.043) (0.036) (0.029) (0.044) (0.028) (0.033)

Panel D. Maths

Having “low-achieving” boy(s) ~ -0.004 0.002 -0.013 -0.012 -0.022 0.006
(0.036) (0.028) (0.023) (0.035) (0.024) (0.027)

Having “low-achieving” girl(s) 0.012 0.004 0.012 0.033 -0.011 0.000
(0.038) (0.031) (0.026) (0.041) (0.024) (0.030)

Notes: Fixed effects regressions for subsamples of boys in both subjects combined and separately based on subject and parental education,
with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficients of interest are the coefficients on the dummy for having low-achieving boy(s) and low-
achieving girl(s) in 9th grade. Coefficients in different panels and columns are from separate regressions, based on equation (2), where
I include fixed effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual and parental
characteristics. Parental education is specified in columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in
columns 4 to 6. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading and maths,
respectively.
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Table D.9
Subsample analysis of boys by gender of the low-achieving pupil - subject and pupils’ own position in
the achievement distribution

Pupils’ own position in the achievement distribution

Below 20th  20th to 40th ~ 40th to 60th ~ 60th to 80th  Above 80th

percentile percentile percentile percentile percentile

Panel A. Both subjects

Having “low-achieving” boy(s) ~ -0.001 -0.029 -0.008 -0.044 0.029
(0.043) (0.033) (0.032) (0.030) (0.024)

Having “low-achieving” girl(s) 0.044 0.008 0.081* 0.039 0.003
(0.051) (0.037) (0.035) (0.032) (0.026)

Panel C. Reading

Having “low-achieving” boy(s) ~ 0.035 -0.061 -0.028 0.024 0.007
(0.062) (0.043) (0.048) (0.046) (0.034)

Having “low-achieving” girl(s) 0.104 -0.032 0.136"* 0.020 0.010
(0.073) (0.049) (0.049) (0.051) (0.040)

Panel D. Maths

Having “low-achieving” boy(s) -0.051 0.014 0.016 -0.109** 0.045
(0.059) (0.052) (0.041) (0.039) (0.033)

Having “low-achieving” girl(s) -0.032 0.059 0.018 0.059 -0.001
(0.069) (0.055) (0.049) (0.038) (0.035)

Notes: Fixed effects regressions for subsamples of boys in both subjects combined and separately based
on subject and pupils’ own position in the achievement distribution, with standard errors clustered on
class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows: +
significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is
standardised test scores in national tests in 9th grade, and the coefficients of interest are the coefficients
on the dummy for having low-achieving boy(s) and low-achieving girl(s) in 9th grade. Coefficients in
different panels and columns are from separate regressions, based on equation (2), where I include fixed
effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual
and parental characteristics. Pupils’ own position in the achievement distribution is specified in columns
1 to 5, with the lowest achieving pupils in column 1 and the highest achieving pupils in column 5. In
Panel A, 1 look at both subjects combined, and in Panels B and C I look only at test scores in reading and
maths, respectively.

Table D.10
Subsample analysis of girls by gender of the low-achieving pupil - subject and parental education

Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary  upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school

Panel A. Both subjects

Having “low-achieving” boy(s) ~ -0.024 -0.019 -0.013 0.031 -0.027+ -0.033*
(0.026) (0.018) (0.016) (0.025) (0.016) (0.020)

Having “low-achieving” girl(s) 0.029 0.041* -0.013 0.009 0.020 -0.014
(0.027) (0.020) (0.018) (0.027) (0.018) (0.023)

Panel C. Reading

Having “low-achieving” boy(s) ~ -0.026 -0.027 -0.015 0.070" -0.036 -0.033
(0.039) (0.026) (0.023) (0.037) (0.024) (0.028)

Having “low-achieving” girl(s) 0.071% 0.028 -0.007 0.002 0.023 -0.003
(0.041) (0.028) (0.025) (0.041) (0.025) (0.032)

Panel D. Maths

Having “low-achieving” boy(s) ~ -0.023 -0.009 -0.012 -0.009 -0.018 -0.035
(0.034) (0.026) (0.023) (0.033) (0.022) (0.028)

Having “low-achieving” girl(s) -0.014 0.055% -0.019 0.016 0.018 -0.028
(0.036) (0.028) (0.026) (0.035) (0.025) (0.033)

Notes: Fixed effects regressions for subsamples of girls in both subjects combined and separately based on subject and parental education,
with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficients of interest are the coefficients on the dummy for having low-achieving boy(s) and low-
achieving girl(s) in 9th grade. Coefficients in different panels and columns are from separate regressions, based on equation (2), where
T include fixed effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual and parental
characteristics. Parental education is specified in columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in
columns 4 to 6. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading and maths,
respectively.
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Subsample analysis of girls by gender of the low-achieving pupil - subject and pupils’ own position in the achieve-

ment distribution

Pupils’ own position in the achievement distribution

Below 20th 20th to 40th 40th to 60th 60th to 80th Above 80th
percentile percentile percentile percentile percentile

Panel A. Both subjects

Having “low-achieving” boy(s) -0.023 -0.016 -0.024 -0.008 0.001
(0.045) (0.034) (0.029) (0.025) (0.022)

Having “low-achieving” girl(s) -0.002 -0.021 0.044 0.010 -0.035
(0.053) (0.035) (0.030) (0.027) (0.025)

Panel C. Reading

Having “low-achieving” boy(s) -0.106 -0.034 0.003 0.007 -0.017
(0.081) (0.050) (0.043) (0.034) (0.029)

Having “low-achieving” girl(s) 0.173* -0.030 0.032 0.062* -0.045
(0.089) (0.052) (0.040) (0.038) (0.031)

Panel D. Maths

Having “low-achieving” boy(s) 0.023 0.000 -0.058 -0.031 0.023
(0.052) (0.045) (0.039) (0.036) (0.035)

Having “low-achieving” girl(s) -0.111% -0.011 0.045 -0.051 -0.023
(0.064) (0.048) (0.043) (0.040) (0.042)

Notes: Fixed effects regressions for subsamples of girls in both subjects combined and separately based on subject
and pupils’ own position in the achievement distribution, with standard errors clustered on class in 5th grade
and school in 9th grade in parentheses. Significance levels are indicated as follows: + significant at 10 per cent; *
significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in national tests
in 9th grade, and the coefficients of interest are the coefficients on the dummy for having low-achieving boy(s)
and low-achieving girl(s) in 9th grade. Coefficients in different panels and columns are from separate regressions,
based on equation (2), where I include fixed effects for the interaction between class in 5th grade and school
in 9th grade, and controls for individual and parental characteristics. Pupils’ own position in the achievement
distribution is specified in columns 1 to 5, with the lowest achieving pupils in column 1 and the highest achieving
pupils in column 5. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores
in reading and maths, respectively.
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Fig. E.1. Test scores in the national tests for pupils who are exempt from participating in at least one subject. Notes: Distribution of test scores among pupils who

are exempt from participating in the national test in at least one subject, for national tests they are not exempt from participating in.
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Table E.1
Robustness tests using a threshold of 5 per cent - subject and gender
Gender
All pupils Boys Girls Observations
Panel A. Both subjects 89191
Having “low-achieving” peer(s) -0.002 -0.004 0.002
(0.008) (0.012) (0.011)
Panel C. Reading 44 629
Having “low-achieving” peer(s) -0.002 -0.003 0.001
(0.011) (0.018) (0.016)
Panel D. Maths 44 562
Having “low-achieving” peer(s) -0.001 -0.004 0.002
(0.010) (0.015) (0.015)
Observations 89191 44 840 44 351

Notes: Fixed effects regressions for all pupils in both subjects combined and separately based on subject
and gender, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses.
Significance levels are indicated as follows: + significant at 10 per cent; * significant at 5 per cent; **
significant at 1 per cent. Dependent variable is standardised test scores in national tests in 9th grade,
and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th
grade. Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed
effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual
and parental characteristics. The first column represents all pupils combined, the second represents boys
and the third column represents girls. In Panel A, I look at both subjects combined, and in Panels B and C
I look only at test scores in reading and maths, respectively. The “Observations” column and row include
the number of observations within the different categories.

Table E.2

Robustness test using a threshold of 5 per cent - subject and parental education

Mother’s education

Father’s education

Not completed Completed University Not completed Completed University
upper secondary  upper secondary  Degree upper secondary ~ upper secondary ~ Degree
school school school school

Panel A. Both subjects

Having “low-achieving” peer(s) -0.018 0.010 -0.013 0.002 -0.011 0.006
(0.018) (0.014) (0.012) (0.017) (0.012) (0.013)

Panel C. Reading

Having “low-achieving” peer(s) -0.024 0.008 -0.022 0.020 -0.017 -0.001
(0.026) (0.020) (0.018) (0.025) (0.018) (0.019)

Panel D. Maths

Having “low-achieving” peer(s) -0.011 0.012 -0.004 -0.017 -0.006 0.013
(0.024) (0.019) (0.016) (0.022) (0.016) (0.018)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on subject and parental edu-
cation, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as
follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores
in national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade.
Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between
class in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Parental education is specified in
columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects
combined, and in Panels B and C I look only at test scores in reading and maths, respectively.
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Table E.3
Robustness test using a threshold of 5 per cent - subject and pupils’ own position in the achievement
distribution

Pupils’ own position in the achievement distribution

Below 20th  20th to 40th 40th to 60th 60th to 80th  Above 80th

percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) 0.011 -0.057** 0.000 0.023 0.018
(0.027) (0.021) (0.020) (0.018) (0.015)
Panel C. Reading
Having “low-achieving” peer(s) 0.011 -0.044 0.014 0.020 -0.001
(0.041) (0.030) (0.030) (0.027) (0.021)
Panel D. Maths
Having “low-achieving” peer(s) 0.014 -0.072* -0.012 0.026 0.034
(0.034) (0.029) (0.028) (0.024) (0.021)

Notes: Fixed effects regressions for subsamples of pupils in all subjects combined and separately based on
subject and pupils’ own position in the achievement distribution, with standard errors clustered on class in
5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows: + significant
at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised
test scores in national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for
having low-achieving peer(s) in 9th grade. Coefficients are from separate regressions, based on model four
(4) in Table 3, where I include fixed effects for the interaction between class in 5th grade and school in 9th
grade, and controls for individual and parental characteristics. Pupils’ own position in the achievement
distribution is specified in columns 1 to 5, with the lowest achieving pupils in column 1 and the highest
achieving pupils in column 5. In Panel A, I look at both subjects combined, and in Panels B and C I look
only at test scores in reading and maths, respectively.

Table E.4
Robustness test using a threshold of 15 per cent - subject and gender
Gender
All pupils Boys Girls Observations
Panel A. Both subjects 84 834
Having “low-achieving” peer(s) 0.002 0.010 -0.001
(0.007) (0.012) (0.010)
Panel C. Reading 42 451
Having “low-achieving” peer(s) 0.010 0.010 0.014
(0.011) (0.018) (0.015)
Panel D. Maths 42 383
Having “low-achieving” peer(s) -0.006 0.010 -0.018
(0.010) (0.015) (0.014)
Observations 84 834 42 441 42 393

Notes: Fixed effects regressions for all pupils in all subjects combined and separately based on subject
and gender, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses.
Significance levels are indicated as follows: + significant at 10 per cent; * significant at 5 per cent; **
significant at 1 per cent. Dependent variable is standardised test scores in national tests in 9th grade,
and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th
grade. Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed
effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual
and parental characteristics. The first column represents all pupils combined, the second represents boys
and the third column represents girls. In Panel A, I look at both subjects combined, and in Panels B and C
1 look only at test scores in reading and maths, respectively. The “Observations” column and row include
the number of observations within the different categories.
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Table E.5
Robustness test using a threshold of 15 per cent - subject and parental education
Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary ~ upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school
Panel A. Both subjects
Having “low-achieving” peer(s) -0.017 0.016 0.001 -0.010 0.001 0.005
(0.019) (0.014) (0.011) (0.018) (0.012) (0.012)
Panel C. Reading
Having “low-achieving” peer(s) 0.007 0.026 -0.002 -0.007 0.005 0.018
(0.029) (0.020) (0.016) (0.028) (0.018) (0.017)
Panel D. Maths
Having “low-achieving” peer(s) -0.042 0.006 0.002 -0.011 -0.004 -0.009
(0.025) (0.018) (0.015) (0.024) (0.016) (0.016)

Notes: Fixed effects regressions for subsamples of pupils in all subjects combined and separately based on subject and parental education,
with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade.
Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between
class in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Parental education is specified in
columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects
combined, and in Panels B and C I look only at test scores in reading and maths, respectively.

Table E.6
Robustness test using a threshold of 15 per cent - subject and pupils’ own position in the achievement
distribution

Pupils’ own position in the achievement distribution

Below 20th  20th to 40th ~ 40th to 60th ~ 60th to 80th  Above 80th

percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) -0.022 -0.039* 0.039* 0.006 0.011
(0.038) (0.021) (0.020) (0.017) (0.013)
Panel C. Reading
Having “low-achieving” peer(s) 0.007 -0.035 0.052* 0.022 0.018
(0.059) (0.030) (0.031) (0.024) (0.019)
Panel D. Maths
Having “low-achieving” peer(s) -0.046 -0.042 0.027 -0.013 0.006
(0.047) (0.029) (0.026) (0.023) (0.019)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based
on subject and pupils’ own position in the achievement distribution, with standard errors clustered on
class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable
is standardised test scores in national tests in 9th grade, and the coefficient of interest is the coefficient
on the dummy for having low-achieving peer(s) in 9th grade. Coefficients are from separate regressions,
based on model four (4) in Table 3, where I include fixed effects for the interaction between class in
5th grade and school in 9th grade, and controls for individual and parental characteristics. Pupils’ own
position in the achievement distribution is specified in columns 1 to 5, with the lowest achieving pupils
in column 1 and the highest achieving pupils in column 5. In Panel A, I look at both subjects combined,
and in Panels B and C I look only at test scores in reading and maths, respectively.
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Robustness test using only pupils who participated in the national tests - subject and gender

Gender

All pupils Boys Girls Observations

Panel A. Both subjects

Having “low-achieving” peer(s) -0.011 -0.010 -0.007 86 202
(0.008) (0.011) (0.011)

Panel C. Reading

Having “low-achieving” peer(s) -0.015 -0.017 -0.011 42 805
(0.012) (0.018) (0.016)

Panel D. Maths

Having “low-achieving” peer(s) -0.006 -0.004 -0.004 43 397
(0.010) (0.015) (0.014)

Observations 86 202 43 044 43158

Notes: Fixed effects regressions for pupils who participated in the national tests in both subjects combined
and separately based on subject and gender, with standard errors clustered on class in 5th grade and
school in 9th grade in parentheses. Significance levels are indicated as follows: + significant at 10 per
cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores
in national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having
low-achieving peer(s) in 9th grade. Coefficients are from separate regressions, based on model four (4)
in Table 3, where I include fixed effects for the interaction between class in 5th grade and school in
9th grade, and controls for individual and parental characteristics. The first column represents all pupils
combined, the second represents boys and the third column represents girls. In Panel A, I look at both
subjects combined, and in Panels B and C I look only at test scores in reading and maths, respectively. The
“Observations” column and row include the number of observations within the different categories.

Table E.8

Robustness test using only pupils who participated in the national tests - subject and parental education

Mother’s education

Father’s education

Not completed Completed University Not completed Completed University
upper secondary ~ upper secondary ~ Degree upper secondary ~ upper secondary ~ Degree
school school school school

Panel A. Both subjects

Having “low-achieving” peer(s) -0.001 -0.013 -0.005 -0.008 -0.017 -0.018
(0.018) (0.014) (0.012) (0.017) (0.012) (0.013)

Panel C. Reading

Having “low-achieving” peer(s) -0.000 -0.016 -0.018 -0.032 -0.020 -0.006
(0.026) (0.020) (0.017) (0.026) (0.018) (0.020)

Panel D. Maths

Having “low-achieving” peer(s) -0.004 -0.010 0.010 0.019 -0.014 -0.032%
(0.023) (0.018) (0.016) (0.022) (0.016) (0.017)

Notes: Fixed effects regressions for pupils who participated in the national tests in both subjects combined and separately based on
subject and parental education, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance
levels are indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable
is standardised test scores in national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-
achieving peer(s) in 9th grade. Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed
effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual and parental characteristics.
Parental education is specified in columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6.
In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading and maths, respectively.
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Table E.9
Robustness test using only pupils who participated in the national tests - subject and pupils’ own position
in the achievement distribution

Pupils’ own position in the achievement distribution

Below 20th  20th to 40th ~ 40th to 60th ~ 60th to 80th  Above 80th

percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) ~ -0.052* -0.019 0.027 -0.024 -0.002
(0.029) (0.021) (0.020) (0.018) (0.015)
Panel C. Reading
Having “low-achieving” peer(s) ~ -0.005 -0.062* 0.028 -0.001 0.011
(0.045) (0.031) (0.030) (0.026) (0.022)
Panel D. Maths
Having “low-achieving” peer(s) -0.093* 0.030 0.023 -0.043* -0.015
(0.038) (0.029) (0.026) (0.024) (0.020)

Notes: Fixed effects regressions for pupils who participated in the national tests in all subjects combined
and separately based on subject and pupils’ own position in the achievement distribution, with standard
errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are
indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per
cent. Dependent variable is standardised test scores in national tests in 9th grade, and the coefficient
of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade. Coefficients
are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the
interaction between class in 5th grade and school in 9th grade, and controls for individual and parental
characteristics. Pupils’ own position in the achievement distribution is specified in columns 1 to 5, with
the lowest achieving pupils in column 1 and the highest achieving pupils in column 5. In Panel A, I look at
both subjects combined, and in Panels B and C I look only at test scores in reading and maths, respectively.

Table E.10
Robustness test using pupils who are exempt from participating in the national
tests as low-achievers - subject and gender

Gender

All pupils  Boys Girls Observations

Panel A. Both subjects

Having “low-achieving” peer(s) ~ -0.010 -0.005 -0.017+ 87613
(0.007) (0.010) (0.010)

Panel C. Reading

Having “low-achieving” peer(s) -0.006 0.002 -0.016 43 681
(0.010) (0.016) (0.014)

Panel D. Maths

Having “low-achieving” peer(s) ~ -0.015 -0.013 -0.018 43613
(0.009) (0.014) (0.013)

Observations 87 613 43 810 43 803

Notes: Fixed effects regressions for all pupils combined and separate based on sub-
ject and gender, with standard errors clustered on class in 5th grade and school
in 9th grade in parentheses. Significance levels are indicated as follows: + sig-
nificant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. De-
pendent variable is standardised test scores in national tests in 9th grade, and the
coefficient of interest is the coefficient on the dummy for having low-achieving
peer(s) in 9th grade. Low-achievers are defined as pupils who are exempt from
participating in the national tests in at least one subject. Coefficients are from
separate regressions, based on model four (4) in Table 3, where I include fixed
effects for the interaction between class in 5th grade and school in 9th grade, and
controls for individual and parental characteristics. The first column represents
all pupils combined, the second represents boys and the third column represents
girls. In Panel A, I look at both subjects combined, and in Panels B and C I look
only at test scores in reading and maths, respectively. The “Observations” column
and row include the number of observations within the different categories.
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Table E.11
Robustness test using pupils who are exempt from participating in the national tests as low-achievers - subject and parental education
Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary  upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school
Panel A. Both subjects
Having “low-achieving” peer(s) -0.045** 0.012 -0.014 -0.018 -0.017 -0.004
(0.017) (0.013) (0.011) (0.016) (0.011) (0.012)
Panel C. Reading
Having “low-achieving” peer(s) -0.046% 0.011 -0.014 -0.008 -0.021 0.001
(0.025) (0.018) (0.015) (0.024) (0.016) (0.017)
Panel D. Maths
Having “low-achieving” peer(s) ~ -0.044* 0.010 -0.013 -0.027 -0.016 -0.010
(0.022) (0.017) (0.015) (0.021) (0.015) (0.017)

Notes: Fixed effects regressions for all pupils combined and separate based on subject and parental education, with standard errors
clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows: + significant at
10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in national tests in
9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade. Low-achievers
are defined as pupils who are exempt from participating in the national tests in at least one subject. Coefficients are from separate
regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between class in 5th grade and school
in 9th grade, and controls for individual and parental characteristics. Parental education is specified in columns 1 to 6, with mother’s
education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects combined, and in Panels B and
CIlook only at test scores in reading and maths, respectively.

Table E.12
Robustness test using pupils who are exempt from participating in the national tests as low-achievers -
subject and pupils’ own position in the achievement distribution

Pupils’ own position in the achievement distribution

Below 20th ~ 20th to 40th 40th to 60th 60th to 80th  Above 80th

percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) ~ -0.013 -0.069"* -0.010 0.009 0.017
(0.026) (0.019) (0.019) (0.016) (0.013)
Panel C. Reading
Having “low-achieving” peer(s) -0.015 -0.059* 0.000 0.013 0.017
(0.040) (0.027) (0.027) (0.024) (0.018)
Panel D. Maths
Having “low-achieving” peer(s) -0.012 -0.080** -0.018 0.003 0.016
(0.032) (0.026) (0.025) (0.022) (0.020)

Notes: Fixed effects regressions for all pupils combined and separate based on subject and pupils’ own
position in the achievement distribution, with standard errors clustered on class in 5th grade and school
in 9th grade in parentheses. Significance levels are indicated as follows: + significant at 10 per cent; *
significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-
achieving peer(s) in 9th grade. Low-achievers are defined as pupils who are exempt from participating in
the national tests in at least one subject. Coefficients are from separate regressions, based on model four
(4) in Table 3, where I include fixed effects for the interaction between class in 5th grade and school in 9th
grade, and controls for individual and parental characteristics. Pupils’ own position in the achievement
distribution is specified in columns 1 to 5, with the lowest achieving pupils in column 1 and the highest
achieving pupils in column 5. In Panel A, I look at both subjects combined, and in Panels B and C I look
only at test scores in reading and maths, respectively.
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Table E.13
Robustness test focusing on schools with few low-achievers - subject and gender
Gender
All pupils Boys Girls Observations
Panel A. Both subjects 55903
Having “low-achieving” peer(s) -0.012 -0.004 -0.016
(0.009) (0.013) (0.012)
Panel C. Reading 27 696
Having “low-achieving” peer(s) ~ -0.011 0.007 -0.024
(0.012) (0.019)  (0.017)
Panel D. Maths 28 207
Having “low-achieving” peer(s) ~ -0.014 -0.013 -0.010
(0.012) (0.017) (0.017)
Observations 55903 27 938 27 965

Notes: Fixed effects regressions for all pupils in both subjects combined and sepa-
rately based on subject and gender, with standard errors clustered on class in 5th
grade and school in 9th grade in parentheses. Significance levels are indicated
as follows: + significant at 10 per cent; * significant at 5 per cent; ** signif-
icant at 1 per cent. Dependent variable is standardised test scores in national
tests in 9th grade, and the coefficient of interest is the coefficient on the dummy
for having low-achieving peer(s) in 9th grade. Coefficients are from separate re-
gressions, based on model four (4) in Table 3, where I include fixed effects for
the interaction between class in 5th grade and school in 9th grade, and controls
for individual and parental characteristics. The first column represents all pupils
combined, the second represents boys and the third column represents girls. In
Panel A, I look at both subjects combined, and in Panels B and C I look only at
test scores in reading and maths, respectively. The “Observations” column and
row include the number of observations within the different categories.
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Table E.14

Robustness test focusing on schools with few low-achievers - subject and parental education

Mother’s education

Father’s education

Not completed Completed University Not completed Completed University
upper secondary upper secondary Degree upper secondary upper secondary Degree
school school school school

Panel A. Both subjects

Having “low-achieving” peer(s) -0.014 -0.016 -0.028* -0.001 -0.029* -0.017
(0.021) (0.016) (0.013) (0.020) (0.013) (0.014)

Panel C. Reading

Having “low-achieving” peer(s) -0.015 -0.023 -0.034+ -0.012 -0.033+ -0.003
(0.031) (0.023) (0.018) (0.031) (0.020) (0.022)

Panel D. Maths

Having “low-achieving” peer(s) -0.015 -0.009 -0.023 0.015 -0.026 -0.032*
(0.028) (0.021) (0.018) (0.026) (0.018) (0.019)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based on subject and parental edu-
cation, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as
follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores
in national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 9th grade.
Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between
class in 5th grade and school in 9th grade, and controls for individual and parental characteristics. Parental education is specified in
columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at both subjects
combined, and in Panels B and C I look only at test scores in reading and maths, respectively.
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Robustness test focusing on schools with few low-achievers - subject and pupils’ own position in the

achievement distribution

Pupils’ own position in the achievement distribution

Below 20th  20th to 40th ~ 40th to 60th ~ 60th to 80th  Above 80th
percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) ~ -0.027 -0.038 0.006 0.001 -0.009
(0.035) (0.024) (0.022) (0.019) (0.016)
Panel C. Reading
Having “low-achieving” peer(s) ~ 0.014 -0.066" 0.021 0.007 -0.004
(0.053) (0.033) (0.034) (0.027) (0.023)
Panel D. Maths
Having “low-achieving” peer(s) -0.070 -0.009 -0.006 -0.004 -0.014
(0.045) (0.033) (0.029) (0.026) (0.023)

Notes: Fixed effects regressions for subsamples of pupils in both subjects combined and separately based
on subject and pupils’ own position in the achievement distribution, with standard errors clustered on
class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable
is standardised test scores in national tests in 9th grade, and the coefficient of interest is the coefficient
on the dummy for having low-achieving peer(s) in 9th grade. Coefficients are from separate regressions,
based on model four (4) in Table 3, where I include fixed effects for the interaction between class in
5th grade and school in 9th grade, and controls for individual and parental characteristics. Pupils’ own
position in the achievement distribution is specified in columns 1 to 5, with the lowest achieving pupils
in column 1 and the highest achieving pupils in column 5. In Panel A, I look at both subjects combined,
and in Panels B and C I look only at test scores in reading and maths, respectively.

Table E.16
Robustness test using 8th grade test scores - subject and gender
Gender
All pupils  Boys Girls Observations
Panel A. All subjects 219613
Having “low-achieving” peer(s) -0.008* -0.006 -0.010%
(0.004) (0.006) (0.006)
Panel B. English 43 563
Having “low-achieving” peer(s) -0.006 -0.004 -0.008
(0.010) (0.014) (0.014)
Panel C. Reading 88 081
Having “low-achieving” peer(s) -0.002 -0.004 0.002
(0.007) (0.011) (0.010)
Panel D. Maths 87 969
Having “low-achieving” peer(s) ~ -0.016* -0.008 -0.024**
(0.006) (0.009) (0.009)
Observations 219613 109 514 110 099

Notes: Fixed effects regressions for all pupils in all subjects combined and sep-
arately based on subject and gender, with standard errors clustered on class in
5th grade and school in 8th grade in parentheses. Significance levels are indicated
as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant
at 1 per cent. Dependent variable is standardised test scores in national tests in
8th grade, and the coefficient of interest is the coefficient on the dummy for hav-
ing low-achieving peer(s) in 8th grade. Coefficients are from separate regressions,
based on model four (4) in Table 3, where I include fixed effects for the interaction
between class in 5th grade and school in 8th grade, and controls for individual
and parental characteristics. The first column represents all pupils combined, the
second represents boys and the third column represents girls. In Panel A, I look at
all subjects combined, and in Panels B, C and D I look only at test scores in English,
reading and maths, respectively. The “Observations” column and row include the
number of observations within the different categories.
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Table E.17
Robustness test using 8th grade test scores - subject and parental education
Mother’s education Father’s education
Not completed Completed University Not completed Completed University
upper secondary ~ upper secondary ~ Degree upper secondary  upper secondary ~ Degree
school school school school
Panel A. All subjects
Having “low-achieving” peer(s) -0.007 -0.011 0.001 -0.005 -0.005 -0.005
(0.010) (0.008) (0.006) (0.010) (0.007) (0.007)
Panel B. English
Having “low-achieving” peer(s) 0.005 -0.019 0.010 -0.008 -0.005 -0.005
(0.025) (0.017) (0.015) (0.023) (0.016) (0.017)
Panel C. Reading
Having “low-achieving” peer(s) ~ -0.017 0.003 0.007 -0.013 0.001 0.011
(0.017) (0.013) (0.010) (0.016) (0.011) (0.012)
Panel D. Maths
Having “low-achieving” peer(s) -0.000 -0.021+ -0.008 0.005 -0.010 -0.023*
(0.015) (0.011) (0.010) (0.014) (0.010) (0.011)

Notes: Fixed effects regressions for subsamples of pupils in all subjects combined and separately based on subject and parental education,
with standard errors clustered on class in 5th grade and school in 8th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is standardised test scores in
national tests in 8th grade, and the coefficient of interest is the coefficient on the dummy for having low-achieving peer(s) in 8th grade.
Coefficients are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the interaction between
class in 5th grade and school in 8th grade, and controls for individual and parental characteristics. Parental education is specified in
columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in columns 4 to 6. In Panel A, I look at all subjects
combined, and in Panels B, C and D I look only at test scores in English, reading and maths, respectively.

Table E.18
Robustness test using 8th grade test scores - subject and pupils’ own position in the achievement distri-
bution

Pupils’ own position in the achievement distribution

Below 20th ~ 20th to 40th ~ 40th to 60th ~ 60th to 80th  Above 80th

percentile percentile percentile percentile percentile
Panel A. All subjects
Having “low-achieving” peer(s) -0.044** -0.000 -0.006 -0.014 -0.016*
(0.017) (0.012) (0.011) (0.010) (0.009)
Panel B. English
Having “low-achieving” peer(s) -0.028 -0.035 0.006 -0.004 -0.029
(0.038) (0.027) (0.026) (0.025) (0.019)
Panel C. Reading
Having “low-achieving” peer(s) -0.036 0.021 -0.006 -0.004 0.001
(0.029) (0.019) (0.018) (0.016) (0.014)
Panel D. Maths
Having “low-achieving” peer(s) -0.056* -0.008 -0.011 -0.029+ -0.026%
(0.022) (0.017) (0.016) (0.016) (0.014)

Notes: Fixed effects regressions for subsamples of pupils in all subjects combined and separately based
on subject and pupils’ own position in the achievement distribution, with standard errors clustered on
class in 5th grade and school in 8th grade in parentheses. Significance levels are indicated as follows:
+ significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable
is standardised test scores in national tests in 8th grade, and the coefficient of interest is the coefficient
on the dummy for having low-achieving peer(s) in 8th grade. Coefficients are from separate regressions,
based on model four (4) in Table 3, where I include fixed effects for the interaction between class in
5th grade and school in 8th grade, and controls for individual and parental characteristics. Pupils’ own
position in the achievement distribution is specified in columns 1 to 5, with the lowest achieving pupils
in column 1 and the highest achieving pupils in column 5. In Panel A, I look at all subjects combined, and
in Panels B, C and D I look only at test scores in English, reading and maths, respectively.
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Table E.19
Robustness test using only non-immigrant pupils - subject and gender
Gender
All pupils Boys Girls Observations
Panel A. Both subjects
Having “low-achieving” peer(s) -0.014+ -0.008 -0.017 62 840
(0.008) (0.013) (0.012)
Panel C. Reading
Having “low-achieving” peer(s) -0.016 -0.015 -0.013 31 404
(0.012) (0.019) (0.017)
Panel D. Maths
Having “low-achieving” peer(s) -0.012 -0.000 -0.022 31436
(0.011) (0.017) (0.016)
Observations 62 840 31587 31253

Notes: Fixed effects regressions for non-immigrant pupils in both subjects combined and separately based
on subject and gender, with standard errors clustered on class in 5th grade and school in 9th grade in
parentheses. Significance levels are indicated as follows: + significant at 10 per cent; * significant at 5 per
cent; ** significant at 1 per cent. Dependent variable is standardised test scores in national tests in 9th grade,
and the coefficient of interest is the coefficient on the dummy for having non-immigrant low-achieving
peer(s) in 9th grade. Coefficients are from separate regressions, based on model four (4) in Table 3, where
I include fixed effects for the interaction between class in 5th grade and school in 9th grade, and controls
for individual and parental characteristics. The first column represents all non-immigrant pupils combined,
the second represents non-immigrant boys and the third column represents non-immigrant girls. In Panel
A, I'look at both subjects combined, and in Panels B and C I look only at test scores in reading and maths,
respectively. The “Observations” column and row include the number of observations within the different
categories.

Robustness test using only non-immigrant pupils - subject and parental education

Mother’s education Father’s education

Not completed Completed University Not completed Completed University
upper secondary  upper secondary ~ Degree upper secondary  upper secondary  Degree
school school school school

Panel A. Both subjects

Having “low-achieving” peer(s) 0.009 -0.034* -0.023* -0.022 -0.016 -0.013
(0.021) (0.015) (0.013) (0.021) (0.013) (0.015)

Panel C. Reading

Having “low-achieving” peer(s) 0.005 -0.046* -0.021 -0.005 -0.022 -0.017
(0.031) (0.021) (0.019) (0.032) (0.019) (0.022)

Panel D. Maths

Having “low-achieving” peer(s) 0.011 -0.025 -0.024 -0.042 -0.011 -0.011
(0.028) (0.020) (0.018) (0.027) (0.017) (0.022)

Notes: Fixed effects regressions for subsamples of non-immigrant pupils in both subjects combined and separately based on subject and
parental education, with standard errors clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels
are indicated as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent variable is
standardised test scores in national tests in 9th grade, and the coefficient of interest is the coefficient on the dummy for having non-
immigrant low-achieving peer(s) in 9th grade. Coefficients are from separate regressions, based on model four (4) in Table 3, where
T include fixed effects for the interaction between class in 5th grade and school in 9th grade, and controls for individual and parental
characteristics. Parental education is specified in columns 1 to 6, with mother’s education in columns 1 to 3 and father’s education in
columns 4 to 6. In Panel A, I look at both subjects combined, and in Panels B and C I look only at test scores in reading and maths,

respectively.
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Robustness test using only non-immigrant pupils - subject and pupils’ own position in the achievement

distribution

Pupils’ own position in the achievement distribution

Below 20th  20th to 40th ~ 40th to 60th ~ 60th to 80th  Above 80th
percentile percentile percentile percentile percentile
Panel A. Both subjects
Having “low-achieving” peer(s) ~ -0.040 -0.003 -0.004 -0.024 0.008
(0.035) (0.024) (0.022) (0.019) (0.017)
Panel C. Reading
Having “low-achieving” peer(s) -0.026 -0.012 0.001 -0.021 -0.006
(0.056) (0.035) (0.032) (0.027) (0.023)
Panel D. Maths
Having “low-achieving” peer(s) -0.051 0.003 -0.006 -0.026 0.020
(0.042) (0.034) (0.031) (0.027) (0.025)

Notes: Fixed effects regressions for subsamples of non-immigrant pupils in all subjects combined and
separately based on subject and pupils’ own position in the achievement distribution, with standard errors
clustered on class in 5th grade and school in 9th grade in parentheses. Significance levels are indicated
as follows: + significant at 10 per cent; * significant at 5 per cent; ** significant at 1 per cent. Dependent
variable is standardised test scores in national tests in 9th grade, and the coefficient of interest is the
coefficient on the dummy for having non-immigrant low-achieving peer(s) in 9th grade. Coefficients
are from separate regressions, based on model four (4) in Table 3, where I include fixed effects for the
interaction between class in 5th grade and school in 9th grade, and controls for individual and parental
characteristics. Pupils’ own position in the achievement distribution is specified in columns 1 to 5, with
the lowest achieving pupils in column 1 and the highest achieving pupils in column 5. In Panel A, I look at
both subjects combined, and in Panels B and C I look only at test scores in reading and maths, respectively.
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Abstract

Women outnumber men at most college campuses around the world, but remain
underrepresented in STEM fields. One explanation is that socio-emotional learning
such as students’ mindsets differ between males and females. In this study, we in-
vestigate the effects of having a “high growth mindset” teacher on math outcomes
during high school. We find a positive effect on students’ mindset, attitudes and
expectations in relation to math. In addition, we find that students are more likely
to choose advanced math courses in high school, a critical gateway for continuing
towards a STEM career. We do not, however, find any effect on achievement. We
find that socio-emotional learning matters for both males and females but not dif-
ferentially.
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1 Introduction

While outnumbering men at most college campuses throughout the world, women
remain underrepresented in the core subjects of science, technology, engineering and math,
often referred to as the STEM fields. Reducing the gender imbalance within these fields
might lead to new and improved innovations (Kahn & Ginther, 2017), and reduce the
gender wage gap, as these jobs generally pay higher salaries than non-STEM-related jobs.
Previous research has looked at how to recruit more women into these fields, with papers
focused on role models (Bettinger & Long, 2005), the gender of instructors (Carrell et al.,
2010), the characteristics of colleges (Griffith, 2010), financial aid (Sjoquist & Winters,

2015) and high school preparation (Card & Payne, 2017).

Interest gaps in STEM-related subjects start early in students’ careers. Girls and
boys show different levels of engagement in math as early as age six (Petersen & Hyde,
2017). The gender gap continues through middle school and manifests itself in high
school as women take less rigorous mathematics courses (e.g. Xie & Shauman, 2005).
These gaps lead to gender differences in the likelihood of studying math-intensive fields in
college. In the United States for instance, women make up 69 percent of bachelor degrees
in science-related fields that are not mathematically intensive! and only 27 percent of
bachelor degrees in mathematically intensive fields? (Kahn & Ginther, 2017). Despite the
difference in representation, several studies report only minimal differences in terms of
average achievement in the subjects most important for a STEM carrier later on (Petersen
& Hyde, 2014; Lindberg et al., 2010; Hyde et al., 2008).

Related literature in social psychology has focused primarily on students’ attitudes
and beliefs. The mindset literature pioneered by Dweck (1986, 2006) focuses on students’
beliefs about their own ability to learn. Students with a "growth mindset" believe that
intelligence is malleable and that strenuous effort can improve one’s capacity and ability
in a given area. By contrast, students with a “fixed mindset” believe that effort does not
lead to subsequent improvement. In economic terms, fixed mindset students feel that they
have an endowment of understanding that cannot be improved or altered.

Economists are just beginning to turn their attention to the growth mindset. Well-
structured randomized experiments in social psychology and economics have repeatedly
shown that educational interventions can cause students to move from a fixed to a growth
mindset and that this shift results in changes in challenge-seeking behavior and improved
academic performance (e.g., Bettinger et al., 2018; Alan & Ertac, 2017; Andersen &
Nielsen, 2016).> However, while the growth mindset can be taught through a focused
curriculum (Bettinger et al., 2018; Yeager, Walton, et al., 2016; Paunesku et al., 2015;
Aronson et al., 2002), many have postulated that teachers are a primary mechanism by

!Life sciences, psychology and social sciences (excluding economics).

2Geo-sciences, engineering, economics, math /computer science, and physical science.

3Recent work by Dobronyi et al. (2019) has failed to replicate the findings from growth mindset
interventions.



which a mindset is developed (e.g. Dweck, 2014). Teachers might in fact be the key
mechanism by which growth mindset interventions may be scaled; however, to date, there
have been few rigorous studies of the relationship between teacher and student mindset.

The causal impact of teachers, however, is an oft-explored theme in the academic
literature (e.g. Hanushek, 1971; Rockoff, 2004; Chetty et al., 2014a,b). While researchers
have been able to identify the value added that teachers provide in terms of academic
achievement (e.g. Rockoff, 2004; Chetty et al., 2014a) and earnings (e.g. Chetty et al.,
2014b), there is still significant discussion as to whether value added arises from the
teacher’s impact on the cognitive or social-emotional attributes of students. Moreover,
several studies have demonstrated the importance of children’s social-emotional develop-
ment for academic achievement (Heckman et al., 2006; Kautz et al., 2014). Teachers’ value
added may be the result of their impact on a variety of student characteristics (Araujo et
al., 2016; Blazar & Kraft, 2017; Kraft, 2019), including mindset.

Prior work has suggested that mindset can be a contributing factor in subsequent
course selection, especially among girls (Blackwell et al., 2007; Good et al., 2012; Nix
et al., 2015; Perez-Felkner et al., 2017). In addition, some studies suggest that one rea-
son for different participation among boys and girls might be that girls are not thriving
within STEM fields due to stereotypes, culture, role models, competition, risk aversion
or interests (Dweck, 1986; Kahn & Ginther, 2017). They also suggest that motivational
interventions or role models, like teachers, might help reduce the gap that exists. Other
studies present suggestive evidence that teacher and peer support are more important for
girls, especially in math and more advanced courses (Riegle-Crumb et al., 2006; Beilock
et al., 2010; Samuelsson & Samuelsson, 2016).

We attempt to link these important strands of scholarship. Our study examines atti-
tudes towards math and participation in the most challenging math course in secondary
schooling. In particular, we look at whether being exposed to a teacher with a relatively
stronger growth mindset might explain students’ expectations and interest in math as well
as their pursuit of the most rigorous course offerings in the subject. We do this by building
on the existing literature on growth mindset and teacher value added and considering the
extent to which students’ mindset, attitudes, challenge-seeking behavior and achievement
were affected by their math teacher. In addition, because of suggestive evidence that the
teacher might play a more important role for STEM participation among girls, we divide
the sample based on gender and focus on girls in particular.

Our research takes advantage of a distinctive feature in the Norwegian educational
system, specifically our identifying assumption that students are randomly assigned to
classes, and thus teachers, within elementary and middle schools. In addition, all Norwe-
gian students, regardless of past performance, generally have the same curriculum through
middle school (until the end of 10th grade).? The period of interest in the present study,
specifically the transition to high school, is important, as this is the first instance of track-

4Except in electives.



ing in the Norwegian educational system, where students can choose between an academic
or vocational track. Furthermore, first year of the academic track at high school, students
can choose to pursue a rigorous or a less rigorous math track. This decision has conse-
quential effects, since it impacts on the student’s likelihood of studying STEM fields in
college (Sells, 1980; Ma & Johnson, 2008).

We utilize a unique dataset with extensive survey data for a full student cohort from
two of the largest counties in Norway. Survey data are matched with registry data on
educational outcomes, class assignment, and family characteristics. The survey measures
teacher mindset by using a student’s peers’ perceptions of their 10th grade math teacher.
Notably, students’ perceptions of their teacher’s mindset may be correlated with several
teacher characteristics (e.g. conscientiousness, optimism, ability to ask critical reasoning
questions). Hence, while we attempt to align our definition of growth mindset with
earlier literature, we acknowledge that our "teacher mindset" measure may also reflect
other teacher characteristics, including being a more effective instructor.

Our results suggest that teachers with more of a growth mindset cause their students
to develop a similar mindset. The effects are particularly strong when examining students’
attitudes about math. We also examine students’ academic choices and performance. We
do not find evidence that the math teacher’s mindset leads to increased enrollment in
the academic track or performance in math. We do, however, find that students exposed
to a math teacher with more of a growth mindset are more likely to engage in the most
rigorous math curriculum in high school. Finally, we find no differential effects across
gender: being exposed to a teacher with more of a growth mindset is equally beneficial
for boys and girls.

The rest of the paper is organized as follows. First, in Section 2 we present previous
literature and our conceptual framework, and briefly explain the Norwegian educational
system in Section 3. In Sections 4 and 5 we present the empirical strategy and data used
to investigate the effects. The results follow in Section 6, before finally, we conclude in
Section 7.

2 The impact of teacher mindset: conceptual framework

In this study, we investigate the effect of the teacher’s mindset on the students’ mind-
sets, attitudes, challenge-seeking behavior and achievements. We do this by comparing
students’ outcomes with their 10th grade math teacher’s mindset. Thus, the mechanism
we test in this paper is the transmission of a growth mindset from a teacher to his or
her students, and we look at the effect on other outcomes as well. Figure 1 presents an
illustration of our conceptual framework. The mechanism of interest is related to several
complementary research strands.

First, there is a long tradition of identifying the impact of teachers on students
(Hanushek, 1971; Murnane, 1975; Rockoff, 2004; Chetty et al., 2014a.b; Kraft, 2019).
The value added literature systematically identifies teachers whose students excel more
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Figure 1: Conceptual framework

than expected, given the observable characteristics (parental education, gender, prior test
scores, etc.). The literature, however, struggles to identify the specific mechanisms by
which teachers affect students. Recent studies investigating teacher effects provide evi-
dence that teachers affect not only performance, but also students’ attitudes, behaviors
and other social-emotional competencies (Blazar & Kraft, 2017; Kraft, 2019). A related
strand of literature identifying best practices in teaching, focuses on a set of qualitative
metrics on teaching style to identify mechanisms by which students learn from teachers
(e.g. Grossman et al., 2013; Kane et al., 2011). However, identification is a challenge in
many studies, since teachers are not usually randomly assigned to classes.

Another related strand of literature is the literature on mindset (or "implicit theory").
This literature defines two extreme types of mindset with a spectrum in between (e.g.
Dweck & Leggett, 1988; Dweck, 2006; Yeager & Dweck, 2012). At one end, we find
people with a growth mindset, who believe that talents and intelligence can be developed
through effort, different strategies and perseverance. They are process-oriented and know
that success requires hard work. People with a fixed mindset, at the other end of the
spectrum, believe that talents and intelligence are predetermined traits - that some people
are born smart, while others are not - and that there is nothing they can do about it.

There are several papers which demonstrate that exposing students to a growth mind-
set curriculum can increase the prevalence of the growth mindset, and have a positive effect
on student outcomes, like achievement and challenge-seeking behavior (Mueller & Dweck,
1998; Good et al., 2003; Blackwell et al., 2007; Paunesku et al., 2015; Yeager, Romero,
et al., 2016; Yeager, Walton, et al., 2016; Andersen & Nielsen, 2016; Bettinger et al.,
2018; Yeager et al., 2019). However, there is not a consensus in the literature, as recent
work by Dobronyi et al. (2019) has failed to replicate the findings from growth mindset
interventions. While a growth mindset might be taught through a focused curriculum, it
appears to be an inherent assumption in the literature that teachers can transmit mind-
set in distinct and effective ways (e.g. Dweck, 2006, 2014; Heggart, 2017). For example,
Dweck (2006) outlines the importance of utilizing learning tasks that encourage a growth
mindset. Heggart (2017) focuses on the importance of teachers’ acquisition of a growth



mindset to encourage students to do likewise. However, there is limited evidence to date
on the impact of teacher mindset on student outcomes (Brooks & Goldstein, 2008).

Furthermore, empirical evidence suggests that mindset might be a contributing factor
in course selection, especially among girls (Blackwell et al., 2007; Good et al., 2012; Nix et
al., 2015; Perez-Felkner et al., 2017). For example, girls with a more growth mindset might
be more likely to choose more advanced courses than those with a more fixed mindset.
Others suggest that attitudes towards math, in terms of interest and expectations, might
be one of the reasons for different STEM participation between boys and girls (Bandura
et al., 2001; Eccles, 1994; Petersen & Hyde, 2014). Moreover, some studies propose
that one of the reasons for girls being less likely than boys to choose a STEM career
might be that they are not thriving within STEM fields due to stereotypes, culture, role
models, competition, risk aversion or interests (Dweck, 1986; Kahn & Ginther, 2017).
Dweck (1986) and Kahn & Ginther (2017) also suggest that motivational interventions
or role models, such as teachers, might help more girls to believe that they can succeed
within math-intensive fields, and thereby reduce the gap that exists. Finally, some studies
suggest that teacher and peer support are more important for girls, especially in math
and more advanced courses (Riegle-Crumb et al., 2006; Beilock et al., 2010; Samuelsson
& Samuelsson, 2016). Within our context, this could mean that, if exposed to a teacher
with more of a growth mindset, girls in particular might be more likely to hold a growth
mindset themselves. This in turn, could affect their response to challenges and setbacks,
driving more girls towards a career within STEM.

3 Institutional context

3.1 Education in Norway

Elementary and middle schools in Norway provide an ideal place to examine the
impact of mindset. Specifically, the uniform curriculum across schools and classrooms,
and random assignment of students to teachers within schools, provide us with a unique
opportunity to identify the impact of teacher mindset on student outcomes. Below we
provide a brief description of the Norwegian educational system, the random assignment
of students to teachers, and some specifics about the math teachers in the last year of
middle school.

3.1.1 The Norwegian educational system

An illustration of the Norwegian educational system is provided in Figure 2. Manda-
tory schooling in Norway is divided into primary school (elementary, 1st-7th grade) and
lower secondary school (middle, 8th-10th grade). Children enroll at elementary school
the calendar year they turn six (the Ministry of Education and Research, 1998). Non-
compliance with this enrollment regulation is rare, which is also repeating or excelling
a grade. Consequently, most students graduate from mandatory schooling the calendar
year they turn sixteen. Public schools in Norway are free for all children to attend, and



only 4 percent attend private elementary or middle schools (Ministry of Education and
Research, 1998; Statistics Norway, 2017a). At the end of middle school, students are
randomly drawn to sit for one written and one oral externally graded exam. The written
exam is either in Norwegian, English or math, which implies that one-third of students
sit the math exam each year. The two exam grades and ten teacher-set grades constitute
the grade point average from middle school (10th grade GPA).

Higher education

Vocational Academic

High school
igh schoo track track

Fower (8th to 10th)
Elementary secondary
and middle school
(Mandatory)

(1st to 7th)

Figure 2: The Norwegian educational system

Elementary and middle schools are governed by the municipal administrations as
district schools, and most children attend a school in their neighborhood. Middle schools
tend to be larger than elementary schools, implying that several elementary schools feed
into the same middle school.

After finishing middle school in 10th grade, all children have the right to proceed to
upper secondary school (high school). When applying for high school, students can choose
between several academic and vocational tracks. Vocational tracks consist of three to four
years of education and training oriented around specific occupations, where the objective
is to prepare students for the labor market. Academic tracks consist of three years of
schooling and are intended to prepare students for university. Students graduating from
the vocational tracks have the opportunity to attend university if they do an additional
one-year of intensive academic training (Markussen & Gloppen, 2012). This means that
students start making decisions in high school that will affect their possibilities later
on. Another such decision is the choice between practical or theoretical math, hereafter
referred to as regular and advanced math, if following the academic track. The choice
to participate in the advanced math course in high school is considered by many to be
a critical gateway to continuing towards a STEM career later on (Sells, 1980; Freeman
& Aspray, 1999; Ma & Johnson, 2008). This also applies to the Norwegian context, as
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there are many majors, primarily within the STEM fields, that require the student to
have completed the advanced math course.

High schools in Norway are governed by the county administrations, and students can
apply to attend any high school and educational program in their county of residence.
Acceptance is based on 10th grade GPA if the number of applicants exceeds the number
of available slots.’

3.1.2 Random assignment to classes

When children enroll at elementary school, they are randomly assigned to classes
within their district school, which they typically attend through 7th grade. When starting
middle school in 8th grade, most students transfer to another school, and are randomly
assigned to new classes, which they generally attend through 10th grade.® Throughout the
mandatory schooling levels, teaching activities are conducted within the assigned classes.

When assigning students to classes in 1st and 8th grade, the school administration
follows guidelines set by the Ministry of Education (the Ministry of Education and Re-
search, 1998, 2017). The ruling principle in class assignment is to create a community of
students from different backgrounds, including students in need of special education. As
a result, there is no ability tracking in Norwegian elementary and middle schools.

3.1.3 Middle school math teachers

In contrast to elementary school teachers, middle school teachers are usually subject-
specific teachers, teaching in only one or two subjects. At middle school, from 8th to 10th
grade, students should receive at least 313 hours, 4 60 minutes, of education in math (The
Norwegian Directorate for Education and Training, 2013). This means that if the math
teacher teaches no other subjects, 313 hours is the maximum amount of time students
could have spent with this teacher. However, if the students had this math teacher in
10th grade only, they would have been exposed to this particular teacher for about 100
hours, constituting the minimum exposure (disregarding absence from school).

4 Empirical strategy

When investigating the effect of teacher mindset on student outcomes, we follow the
standard approach in the literature, and use an educational production function where

5Some counties apply the same residential allocation rule as elementary and middle schools, where
students are assigned to the nearest school offering their desired educational program. Some other counties
allow students to also apply to schools outside the county.

6Some places have integrated schools which students attend from 1st to 10th grade. About 23 percent
of students in Norway attend integrated schools. These schools tend to be located in rural areas with
fewer students (Statistics Norway, 2017b).



we include school fixed effects:
(1) Yies = Qs T ﬁTl\/Ls + 61X1lcs + €jes

where ;. is the outcome for student 7 in class ¢ in middle school s. Middle school fixed
effects are represented by a,. TM,, represents the math teacher’s mindset, and S our coef-
ficient of interest. X;.s represents a vector for control variables on individual and parental
characteristics, including gender, birth month, number of siblings, immigrant status, and
parental marital status, education and earnings. ¢;., is an error term for student 7 in class
¢ in school s, capturing unexplained variations in the outcome variable. Our identifying
assumption, and the reason for using school fixed effects, is that within schools, students
are randomly assigned to classes, and thus teachers, in Norwegian elementary and middle
schools (see Section 3 for details).

We do not, however, observe the desired treatment variable, TM,,, directly in the
data, as observing someones mindset is impossible. Instead we measure this using stu-
dents’ perceptions of their 10th grade math teacher’s mindset. Therefore, since we are
investigating effects of an unobservable classroom characteristic (teacher mindset), we
follow closely the method proposed in Chetty et al. (2011) for looking at the impact of
such characteristics. This means that in our analyses we proxy for teacher mindset using
students’ perceptions and look at the effect of teacher mindset on student outcomes.

Using students’ perceptions, however, has its limitations. First, we are relying on the
students to be honest and think about the overall picture when assessing their teacher.
This could for instance cause problems if students holds grudges and let that affect their
answers. However, we do believe using students’ perceptions is better than using alter-
native approaches, like asking the teachers themselves (Atkins & Wood, 2002). This is
because teachers’ self-reported scores on mindset (including beliefs in his/her students’
possibilities to develop intelligence and talents) are unlikely to be reliable. Second, how
students perceive their teacher could be correlated with several teacher characteristics
(e.g. conscientiousness, optimism, ability to ask critical reasoning questions, overall ef-
fectiveness as an instructor). Hence, while we try to align our definition of mindset with
prior literature, we do acknowledge that the "teacher mindset" in our study might also
reflect other teacher characteristics.

If we assume that a student’s perception of the teacher’s mindset is a reliable measure
of that teacher’s mindset, it may still be endogenous. The reason being that the student’s
own mindset or experiences might influence how the student perceives both the teacher
and their outcomes. For instance, a student that has a good relationship with the teacher
and gets more help than the average student might be more likely to perceive the teacher as
having a growth mindset compared to students who have a constrained relationship with
their teacher. Alternatively, a student that possesses a growth mindset might be more
likely to perceive the teacher as also having a growth mindset compared to a student
who possesses a fixed mindset. Since getting more help and having a growth mindset are
both likely to have positive effects on school performance, student outcomes and their
perception of their math teacher’s mindset may be correlated. This is referred to as an



"own-observation problem" in the literature (Chetty et al., 2011). To address this, we
follow the intuition in Angrist et al. (1999) and construct our treatment variable as the
leave-out-mean perceived teacher mindset within the class:

N
EE— 1
(2) TMCS :ﬁ Z TMjCS

J=Li#i

where TM_, is the mean perceived teacher mindset of all students j in class ¢ in middle
school s (the TM;.’s), excluding student i’s own observation (j # 7). However, since
we include school fixed effects in our analyses, the treatment variable needs to be ad-
justed accordingly. We do this using the same approach as Chetty et al. (2011), with the
difference between the students’ classroom and school peers’ perceptions of their math
teacher’s mindset:

N ¢ N
P v — 1 1
(3) ATM, =TM,, —TM, = N1 g TM;es — NO—1 E E TMjes
Jj=1,j#i c=1 j=1,j#i

—i

for N students per class and C classes per school.” The leave-out-mean estimator, ATM,,
serves as our treatment variable, and answers the question: "How much of a growth
mindset did your 10th grade math teacher have compared to other math teachers in your
school?"

Finally, taking into account possible peer effects on student outcomes, we also include
controls for classroom peers’ characteristics. Controls for peer characteristics (AX,.') are
consistent with the student’s individual and parental characteristics and constructed the
same way as the treatment variable (AW;). Hence, our preferred model specification
when investigating the effects of teacher mindset is:

(4) Yics = Qg + BAW;’L + 61Xics + 62AXC_; + €ics

where student 4’s treatment variable, ATM_, is the difference between his/her classroom
and school peers’ perceptions of their math teacher’s mindset. Through the rest of the
paper we refer to this measure as the "teacher mindset" or "treatment" variable.

5 Data

We use data from three different sources. First, data from a survey conducted among
students at high schools in two out of the nineteen counties in Norway. We conducted
the survey during the first semester of high school, and asked the students a variety of

"Fixed values for students per class (V) and classes per school (C) for presentation purposes only. In
our regressions, N and C' vary across classes and schools.
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questions intended to measure their mindset, including educational attitudes and expecta-
tions, and perceptions of their 10th grade math teacher’s mindset. Survey questions were
based on previously used and validated measures from the mindset literature (Burnette et
al., 2013; Yeager, Romero, et al., 2016; Bettinger et al., 2018). Second, we use data from
administrative records collected and maintained by the county authorities. These records
allow us to identify the 10th grade class for each student, and consequently the student’s
peers in 10th grade. Furthermore, data on students’ school performance in middle and
high school are also included in these records. Third, registry data from Statistics Norway
provides us with individual and parental background characteristics.

A total of 11 072 students consented and participated in the survey (91 percent).
Among these, we exclude students with special needs (419), and students in very small
(<5) high school classes (550). Another 29 students were excluded from our sample due
to technical problems during the survey. Furthermore, we exclude students with missing
data on 10th grade GPA (161), math grades (153), or class/school identifier (191). In
addition, we exclude students not following regular school progression (251), students in
10th grade classes with less than 10 students (431), and students who did not answer
the questions on teacher mindset (2). This leaves us with an analytic sample of 8 885
students; 4 349 boys and 4 536 girls.

5.1 Variable definitions
5.1.1 Treatment variable

In order to construct our treatment variable, teacher mindset, we use the students’
perceptions of their 10th grade math teacher’s mindset as a proxy for that teacher’s
mindset, explained in detail in Section 4. The students’ perceptions of the teacher’s
mindset are measured by asking them to think back to their 10th grade math class and
answer to which degree, on a six point scale ranging from "Strongly disagree" (1) to
"Strongly agree" (6), they agree with the following statements; (1) "If there was something
we did not understand, the teacher explained it in a different way" (Explanation); (2) "My
math teacher believed that everyone could be good at math" (Think); and (3) "It seemed
like our math teacher liked students who were good at math the best" (Like). We invert
all answers in order to have high values reflecting a growth mindset. For each student, we
calculated the mean of the three (standardized) answers, and re-standardized to create a
measure of how each student perceived their 10th grade math teacher’s mindset.

5.1.2 Outcome variables

The outcomes of interest, based on our conceptual framework illustrated in Figure 1,
include students’ general mindset and in particular, their mindset when it comes to math.
In addition, we look at students’ educational attitudes and expectations, their challenge-
seeking behavior, their performance in middle and high school, and their choices regarding
track and course selection in high school. Below we address each of these in turn.
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Students’ mindset: The metric of students’ mindset that we focus most extensively
on is generated from the following three statements; (1) "You have a certain amount
of intelligence, and you really can’t do much to change it"; (2) "Your intelligence is
something about you that you can’t change very much"; and (3) "Being a 'math person’
or not is something that you really can’t change. Some people are good at math and other
people aren’t" (Math Measure). The students reported to which degree, on the same six-
point scale as for the teacher mindset questions, they agreed with the statements. We
invert the scales in order to have high values reflecting a growth mindset. The first two
measures have a correlation near 0.70, while the "Math Measure" has correlations of
0.34 and 0.37 with the first and second mindset measures, respectively. We construct a
measure of general mindset by taking the mean of the two (standardized) general mindset
measures and re-standardize. Correspondingly, the math mindset measure is constructed
by standardizing the students’ answers on the "Math Measure", and represents a key
metric when investigating math performance and engagement.

Students’ educational attitudes and expectations: We investigate five different out-
comes when looking at attitudes and expectations: (1) if the student would attribute
a bad test score to not being good in math ("Attribution"); (2) if the student believes
that using another strategy could have increased the score ("Strategy"); (3) if becoming
anxious and insecure when thinking about math ("Anxious"); (4) if the student believes
high school math will be interesting ("Interest"); and (5) the student’s expectation about
own performance in math in high school ("Expectations"). Answers on each of the sur-
vey questions are standardized with mean zero and standard deviation one. The exact
questions used are specified in Appendix A.

Students’ challenge-seeking behavior: We measure students’ challenge-seeking behav-
ior in two ways. First, we present a hypothetical scenario, where the students are asked to
choose between an easy and a more challenging assignment, and we construct an indicator
for choosing the challenging one. Second, we ask students to create their own worksheet,
consisting of easy, medium and/or challenging tasks.® Subsequently, we construct two
variables, one counting the number of challenging and one counting the number of easy
tasks in their worksheet, and standardize in order to make them comparable. The exact
setting and questions used are specified in Appendix B.

Students’ achievement in middle school: Students’ achievement in middle school is
constructed by standardizing the 10th grade teacher-set math grade. However, this grade
is set by the teacher we are investigating the effect of, which could cause problems if
teachers with a growth mindset have a different grade practice. Therefore, we also include
achievement on the externally graded exam for the one third of students drawn for the
math exam at the end of 10th grade.

Students’ choices and achievement in high school: First, we construct an indicator for
high school track, equal to one for students attending the vocational track and zero for

8 Afterwards, students would have to solve some randomly selected tasks from their worksheet.
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students attending the academic track. Second, we construct an indicator for participating
in the advanced math course, equal to one for students who participate and zero for others.
Achievement in high school is measured by the (standardized) teacher-set math grade, and
indicators for passing first year in high school and passing first-year math.

5.1.3 Control variables

Control variables include indicators for gender (female), immigrant, married mother
and parental education (high school, college and advanced college), categorical variable
for age (birth month), number of siblings and birth order, and parental income (linear,
quadratic and cubic controls). We also include the same controls for peers’ individual and
parental characteristics. Finally, we include indicators for missing observations on control
variables. See Appendix C for specifics about how missing observations are handled.’
All included variables in the different specifications are specified in the full regression on
math mindset in Online Appendix A.

5.2 Descriptive statistics

Descriptive statistics for our outcome variables are presented in Table 1. Column 1
of Table 1 presents means for all students. Columns 2 and 3 present means for boys and
girls, respectively, and column 4 the p-value for the difference between boys and girls. The
descriptive statistics show that among all students, 59 percent report they would choose
the challenging one if given the choice between an easy and a more challenging assignment.
We find that 32 percent of students are attending the vocational track and 33 percent
participate in the advanced math course. The advanced math course is, however, only
available to academic track students, and among these, 48 percent chose to participate.
93 percent of the students passed the first year of high school. Remaining variables are
standardized with mean zero and standard deviation one.

When comparing across gender, we find that boys are less likely to have a growth
mindset in general, but regarding math mindset we do not find any gender difference.
Looking at educational attitudes and expectations we find that boys are less likely than
girls to attribute a bad score on a math test to being bad in math, and they are more likely
to believe that a different strategy might help. Boys are also less likely to be insecure and
anxious when thinking about math, they have higher expectations about how they will
perform in high school math, and they are somewhat more likely to find math interesting.
The next set of outcomes is challenge-seeking behavior, and here we find that boys tend
to be more likely to seek challenge: first, 63 percent of the boys would have chosen the
challenging assignment, compared to 55 percent of the girls. Second, compared to girls,
boys are more likely to choose more of the challenging and less of the easy tasks when
given the opportunity to make their own worksheet.

9We also include an indicator for assigned group, since data are originally from a randomized controlled
trial (RCT).
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We also find gender differences regarding real life outcomes, such as choices and
achievement. We find that boys tend to do worse than girls in math (10th grade and high
school, externally and teacher-set grades). Furthermore, we find that boys (38 percent)
are more likely than girls (27 percent) to choose the vocational track. Girls also tend to
be slightly more likely than boys to participate in the advanced math course (31 vs 34
percent). However, when restricting the sample to only students attending the academic
track, we find that boys are over-represented among those choosing the advanced math
course (50 vs 47 percent). There are no gender differences in passing first year in high
school.

Descriptive statistics for student, parental and school characteristics are presented in
Table 2, with column 1 presenting the statistics for all students, and columns 2 and 3
presenting the statistics separately for boys and girls. In column 4 we show the p-value
for the difference in means between boys and girls.

We see that our sample is well balanced across gender. 24 percent of the students
are immigrants, the average student has two siblings and is born as the second child in
the family. Parents earn on average 1.2 MNOK,!? and 68 percent of the mothers are
married. A total of 14 (15) percent of mothers (fathers) have not completed high school,
and 51 (41) percent of mothers (fathers) have a university degree. On average there are 78
students and 4 classes within each school, and 19 students in each class. Finally, columns
2 to 4 show that differences across gender are negligible.

6 Results

6.1 Test of identifying assumption

Our identifying assumption is that, within schools, students are randomly assigned to
classes, and thus teachers. To test this assumption, we perform a balance test where we
regress the treatment variable on observable student and parental characteristics in three
model specifications. The coefficients are reported in Table 3. Each coefficient represents
a separate regression. In column 1 we report the coefficients using only school fixed effects,
and standard errors clustered at 10th grade school. The treatment variable measures the
difference between the classroom and school peers’ perceptions of their math teacher’s
mindset (the AW;). Among all characteristics, we find that only parental earnings is
slightly imbalanced across treatment. In columns 2 and 3, the latter being our preferred
model, we add controls for individual and parental characteristics, and classroom peers’
characteristics, respectively. The sample appears balanced across treatment. The last
row provides the p-value for a test for joint significance on all observable characteristics.
We find no jointly significant differences for any model specifications. The estimated co-
efficients in Table 3 provide support for our identifying assumption. In Appendix D we

10Corresponding to approximately USD 120 000.
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include tests of the identifying assumption across gender, and find no significant differ-
ences.

6.2 Estimated effects

In line with our conceptual framework, illustrated in Figure 1, the outcomes of inter-
est are students’ mindset, their educational attitudes and expectations, their challenge-
seeking behavior, academic choices and achievement. All outcomes are described in detail
in Section 5.

6.2.1 Students’ mindset

In columns 1 to 3 of Table 4 we present the estimated effects on students’ general
mindset, and in columns 4 to 6 we present the estimated effects on students’ mindset
when it comes to math. In all specifications, we include fixed effects for middle school.
The treatment variable is the difference between classroom and school peers’ perceptions
of their teacher’s mindset (ATM,.). In columns 2 and 5 we include controls for indi-
vidual and parental characteristics, before finally in columns 3 and 6 we add controls for
classroom peers’ individual and parental characteristics, our preferred model specification.
With regard to students’ general mindset, we do not find any significant effects. The es-
timated coefficients for girls are, however, larger than for boys in all of the specifications,
but not significantly different.

Students’ math mindset, on the other hand, seems to be affected by the 10th grade
math teacher’s mindset. In our simplest specification, including only school fixed effects,
the effect sizes are 2.9 percent of a standard deviation for the entire sample. They stay
significant with an effect size of 2.7 percent of a standard deviation for the full sample when
adding controls for individual and parental characteristics, as well as classroom peers’
individual and parental characteristics. The corresponding estimates when dividing the
sample based on gender are 2.1 (not significant) for boys and 3.8 for girls. This implies that
having a teacher with a one standard deviation more of a growth mindset than the average
teacher in the school increases students’ mindset by 2.7 percent of a standard deviation
(3.8 for girls). However, none of the coefficients prove to be significantly different across
gender.!!

6.2.2 Students’ educational attitudes and expectations
Table 5 presents the estimated coefficients on students’ educational attitudes and ex-

pectations. We report estimates only from our preferred model specification (as presented
in columns 3 and 6 of Table 4). Treatment effects will be referred to as effects of having

"To facilitate interpretation of the effect sizes, we replicated the analyses replacing the continuous
treatment variable with an indicator for having a growth mindset teacher. The corresponding estimates
are 5.1 and 8.3 percent of a standard deviation, respectively. Analyses available upon request.
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a teacher with more of a growth mindset.'?> Column 1 presents the estimated coefficients
with regards to attribution. We find that having a teacher with more of a growth mindset
has a negative effect (3.3 percent) on attributing a bad test score to "not having what it
takes to succeed in math". The effect is similar across gender (3.1 and 3.6 for boys and
girls, respectively).

In column 2 we present the estimated effects on how likely students are to believe
that using a different strategy would have helped on a bad test score. Here we find a
positive effect of having a teacher with more of a growth mindset of 3 percent. The effect
appears to be more prevalent among boys, where we find a significant effect of 4.3 percent
of a standard deviation (versus 1.5, and not significant, for girls).

Estimated coefficients on students becoming anxious and insecure when thinking
about math in high school are presented in column 3. We find that having a teacher
with more of a growth mindset has a negative effect of 4.5 percent of a standard deviation
on students feeling anxious and insecure. The corresponding coefficients for boys and girls
are 5.2 and 4.2, respectively.

Column 4 presents results for students’ expectations about how they will perform in
high school math. Having a teacher with more of a growth mindset has a positive effect
on students’ expectations about own performance, with estimated effects of 3.9 percent
of a standard deviation; 4.7 for boys and 3.2 for girls when dividing the sample based on
gender.

In column 5 we report results for our last outcome of interest with regards to attitudes
and expectations. On students’ interest in high school math we find a positive effect of
3.7 percent of a standard deviation. A breakdown by gender shows 4.1 and 3.6 for boys
and girls, respectively.

Due to concerns about multiple hypothesis testing, we ran a test of joint significance,
reported below each sample. Estimated coefficients are jointly significant for the full sam-
ple and the subsample of boys. The subsample of girls, however, shows a joint significance
p-value below the conventional level.

Consistent with results reported above, the p-value reported in the last line of the
table suggests that none of the estimated coefficients are significantly different for boys
and girls. This suggests that there are no differences in terms of educational attitudes
and expectations of how boys and girls are affected by their math teacher’s mindset.

12Notably, the treatment variable measures differences in perceived mindset between teachers at a given
school: "How much of a growth mindset did your 10th grade math teacher have compared to other math
teachers in your school?"
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6.2.3 Students’ challenge-seeking behavior

Estimated effects of teacher mindset on students’ challenge-seeking behavior are re-
ported in Table 6. Column 1 presents estimates for choosing the challenging assignment
if given a choice between a challenging and an easier assignment. Columns 2 and 3 report
the estimates for number of challenging and easy tasks from the "Make your own work-
sheet" assignment. We find a positive effect of 1.1 percent on choosing the challenging
assignment in column 1 (marginally significant). The result seems to be entirely driven
by boys (2.3 percent), and the p-value reported in the last line of the table confirms that
the estimated coefficients for boys and girls are significantly different. For the "Make-
your-own-worksheet" assignment we find indications that students who have a teacher
with more of a growth mindset choose more of the challenging and less of the easy tasks,
but the estimated coefficients are small and not statistically significant.

6.2.4 Students’ achievement in middle school

Table 7 reports the estimated coefficients with regards to math performance in 10th
grade. In column 1 we report the estimated effects on the teacher-set math grades for
the full sample, and in column 2 the corresponding effects on the subsample of students
drawn for the math exam. In column 3 we report the estimated effects on the externally
graded exam. In column 1 we see that being exposed to a math teacher with more of
a growth mindset has a positive effect on math grades (3.1 percent), with no differences
across gender. Notably, this grade is set by the teacher we are investigating the effect of,
so if teachers with more of a growth mindset tend to be more lenient when setting grades,
this estimate is upward biased. However, calculations show that the correlation between
grade-inflated teachers and teachers with more of a growth mindset is below 5 percent,
suggesting this is not affecting our estimates, ref. Appendix E.

The estimated effects on the math exam grade in column 3 are small and statistically
insignificant. Notably, this may be due to the smaller sample size and loss of precision,
supported by similar results on the teacher-set grade on the same smaller sample in column
2. The similarity of results in columns 2 and 3 also supports the finding that teachers with
more of a growth mindset are not more likely to be grade-inflated than other teachers.

6.2.5 Students’ choices and achievement in high school

Our last set of outcomes is students’ choices and achievement in high school, with
estimated coefficients reported in Table 8. In column 1 we report effects on the choice
between vocational and academic track. We do not find any effects with regards to this
choice in either of our samples. In column 2 we investigate the effect on participation in
the advanced math course, and find a significant and positive effect of 0.9 percent, which
appears to be driven by girls (1.4 percent). However, the p-value in the lower row of the
table suggests that the coefficients for boys and girls are not significantly different.
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The advanced math course is only available to students attending the academic track.
Since we found no evidence of teacher mindset affecting choice of academic versus voca-
tional track, we replicate the analyses on advanced math on a sample excluding students
attending the vocational track, see column 3. As expected, among students attending the
academic track, we find a somewhat larger effect than in the full sample, with a signifi-
cant and positive effect of 1.5 percent. There are no gender differences in this restricted
sample, reflecting that boys are over-represented in the vocational track.

A possible consequence of stimulating students to choose the advanced math course, is
that some of these students are seeking more challenge than they are capable of handling.
In that case, this may affect both the grade and the pass rate. In column 4 we investigate
the impact on passing first year in high school for the full sample of students, and in column
5 we restrict the sample to students attending the academic track. Results indicate that
being exposed to a growth mindset teacher has a negative effect on passing, but the
estimates are all small or insignificant. The effect on math grades in high school is
presented in columns 6 and 7 of Table 8, with the full sample of students in column 6,
and a sample restricted to students attending the academic track in column 7. Among all
students in our sample, the coefficient on math grade is close to zero, and not significant.
For the restricted sample, we find a negative effect of around 2 percent of a standard
deviation (also not significant).

Table 8 does not fully address the concern about students taking on more challenge
than they can handle. In particular, this is relevant for students participating in the ad-
vanced math course. However, since choice of math course is affected by teacher mindset,
restricting the sample to include only these students will make the sample endogenous.
It is therefore challenging to separate the effect on choice of math course from the effect
on passing and math grades. Below we deal with this by estimating the upper and lower
bounds of the effects on passing math and math grades in the first year of high school.
The sample is restricted to students attending the academic track and participating in
the advanced math course.

6.3 Bounds

If having a teacher with more of a growth mindset makes students more challenge-
seeking (Mueller & Dweck, 1998; Blackwell et al., 2007) and, as a result, more likely to
participate in the advanced math course, the estimated coefficients above with regards to
math grades and passing the first year of high school do not fully take the influence of
the teacher into account. The reason being that the treatment makes students choose a
path where passing and high grades might be harder to achieve. Therefore we follow the
intuition in Angrist et al. (2006), and estimate lower and upper bounds for math grade
and passing math the first year of high school for students choosing the advanced math
course.

We estimate the lower bound by restricting the sample to students attending the
academic track and participating in the advanced math course, and perform the analyses
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on this restricted sample. In order to identify the upper bounds of the true treatment
estimate, we exclude from this sample students who participate in the advanced math
course as a response to the influence from their teacher’s mindset. We identify these
students by first estimating the proportion of students whose choice of math course is
affected. Second, we assume that the affected students are those at the lower end of
the grade distribution who also had a teacher with a growth mindset. We estimate
the proportion of students whose choice of math course is affected using the following
regression

(5) Yics = Qs + ﬂGM + 61Xics + 52AK;: + €ics

which is similar to Equation (4) with the exception of the treatment variable. Rather
than utilizing the continuous variable, ATM;:, we construct an indicator, GM, for teach-

ers having a growth mindset. The indicator takes the value one if Amc_; is larger than
zero, and zero if not. This implies labeling about half of the teachers as having a growth
mindset and half of them as having a fixed mindset.

The coefficient 8 represents the proportion of students who participate in the ad-
vanced math course as a result of being influenced by their growth mindset teacher. This
is the proportion of students we want to exclude from our sample when calculating the
upper bounds. We drop the fraction of students corresponding to [ in the lower end of
the grade distribution among students who participate in the advanced math course and
had a teacher with a growth mindset. When analyzing treatment effects on this smaller
sample, the effect sizes will represent an upper bound of the true treatment effect. The
outcomes of interest when identifying lower and upper bounds are math grade and passing
math in the first year of high school. Estimated coefficients are presented in Table 9.

In column 1 we estimate the proportion of students whose choice of course is affected
(advanced math).'? We find that 4.8 percent of students on the academic track partici-
pate in the advanced math course due to having a teacher with a growth mindset. The
corresponding coefficients for boys and girls are 5.9 and 3.8 percent. All estimates is
statistically significant.

When estimating the lower bounds in columns 2 and 4, we restrict the sample fur-
ther to include only students participating in the advanced math course. The estimated
coefficients in columns 2 and 4 represent the lower bound of the effect of having a teacher
with more of a growth mindset. The estimates suggest that there are no effects on passing
math, but that there is a small negative effect of about 3 percent of a standard deviation
on math grades (marginally significant for the full sample, and not significant for the
subsamples with regards to gender).

In columns 3 and 5 we exclude 4.8 percent of the lowest achieving students (5.9
percent of boys and 3.8 percent of girls) among those having a teacher with a growth

13That math grade was missing for 283 students, who were therefore excluded from these analyses.
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mindset,'* and argue that these are the students who participate in the advanced math
course because of their teacher. This means that we exclude 69 students when performing
the analyses on upper bounds. The estimated upper bound effects are reported in column
3 (passing math), and in column 5 (math grade). We find a positive and significant effect
of 0.3 percent on passing math, and the effects seem to be driven by boys (0.5 percent).
On the math grades, the estimates are positive or very close to zero, but statistically
insignificant.

Our result when looking at the lower bound indicates a negative treatment effect on
math grades for the subsample of students participating in the advanced math course.
The effect seems to be driven by students participating in the advanced course because
of having a teacher with a growth mindset, with upper bound effects close to zero (or
positive). However, we find no indications that they are worse of in terms off passing
math, and among the students who would have chosen the advanced course anyway (the
upper bound), we actually find a (small) positive effect on passing math in the first year
of high school.

6.4 Threats to validity
6.4.1 Attenuation bias

Even though we remove the upward bias due to the own-observation problem using
a leave-out-mean estimator (ATM.,"), our estimated coefficients will still be attenuated
relative to the true coefficients because the perceived teacher mindset is a noisy measure
of the teacher’s "true" mindset (Chetty et al., 2011). We follow the approach in Appendix
B of Chetty et al. (2011) and calculate the attenuation bias in our estimated coefficients
at 2.6 percent (for calculations see Appendix F). This means that our estimated effects
will be attenuated relative to the true effect by 2.6 percent.

6.4.2 Peer effects

In the analysis presented above, we have ignored the variation in perceived teacher
mindset due to peer effect. For instance, in their study investigating the effect of class
quality on test scores and earnings, Chetty et al. (2011) expect a higher ability student
to have a positive impact on the class, thereby violating the assumption that class qual-
ity is orthogonal to the individual error term with regards to intrinsic academic ability.
Translated to our context, this implies that a student may affect how his or her peers
perceive their teacher’s mindset through how the student talks about the teacher, possi-
bly reflecting his or her own mindset. This leads to a bias in the estimated coefficient on
teacher mindset, due to the fact that some of the perceived teacher mindset comes from
the teacher’s behavior (labeled the pure teacher effect by Chetty et al. (2011)) and some of

4 Corresponding to the effect sizes in column 1.
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it comes from the student’s peers (and their perception of the teacher), thus introducing
reflection bias to the estimated coefficients.

Given that we only observe the student’s perception at one single point in time, we
have limited possibilities to control for the potential influence a student might have on his
or her peers’ perceptions (Chetty et al., 2011; Kraft, 2019). This means that even if we
utilize a leave-out-mean approach, the student might still influence the treatment variable,
AW;;, through his or her impact on peers. However, as Duckworth (2017) points out
about questions like these; the teacher mindset questions that students are asked in the
survey represent thoughts that if asked, people usually have an answer, but might not be
aware of their thoughts on the matter until the question is raised. It is therefore unlikely
that students have discussed the topic with their peers before being asked about it in the
survey, limiting the potential peer influence on their answers. Unfortunately, we are not
able to completely remove this concern.

7 Conclusion

Students’ mindset, their educational attitudes and expectations, the way they respond
to challenge and setbacks as well as their performance might be affected by their teachers.
In this paper we investigate the effect of having a math teacher with more of a growth
mindset than other math teachers in the school in 10th grade, i.e. the last year in middle
school, on outcomes in the first year of high school. The focus of this paper is on girls
in STEM, thus our breakdowns are based on gender and focus especially on outcomes
related to math. We try to align our treatment variable with prior research and describe
it as having a teacher with more of a growth mindset. However, we are using students’
perceptions of their teacher’s mindset to construct this variable, which may also reflect
other positive teacher characteristics (e.g. conscientiousness, optimism, ability to ask
critical reasoning questions, overall effectiveness as an instructor).

When asking students about their reactions to getting a bad score on a math test,
their anxiety level when it comes to math, their expectations about own performance and
their interest in the subject, our descriptive statistics reveal answers in line with previous
empirical findings (Petersen & Hyde, 2014; Eccles et al., 1983). Boys seem to be less
prone to thinking that a bad test score labels them as not being good in math, they are
less anxious, have higher expectations about own performance and show more interest
in the subject. Previous literature suggests that attitudes like these might be one of the
reasons for different STEM participation between boys and girls (Bandura et al., 2001;
Eccles, 1994; Petersen & Hyde, 2014). Students’ ability when it comes to math, however,
does not seem to coincide with the expectations and interest in the subject, as we only
find negligible differences between boys and girls with regards to achievement in math,
also in line with previous findings (Petersen & Hyde, 2014; Lindberg et al., 2010; Hyde
et al., 2008).
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Our estimated effects reveal that being exposed to a teacher with more of a growth
mindset in 10th grade, when important high school decisions and consequently future
carrier choices are being made, is beneficial for students’ mindset when it comes to math.
Our estimates also show that having a teacher with more of a growth mindset has positive
effects on the other aspects as well, with students being less likely to attribute a bad score
on a math test to not being that good at math, and more likely to believe that a different
strategy might have helped. In addition, they are less anxious, have higher expectations
about own performance and show more interest in the subject. Despite initial beliefs, that
having a teacher with more of a growth mindset is more important for girls, we do not
find evidence of different effects across student gender in terms of mindset or attitudes.

With regards to the focus of our paper - girls and STEM - the best indication we have
is the choice of track and participation in the advanced math course in high school. The
reason being that these choices are crucial to continuing towards a STEM degree in higher
education, and thus a STEM career later on. In our analyses we do not find any effect on
the choice of track, but we do find a positive effect on participation in the more advanced
math course. Furthermore, this effect seems to be similar for both genders. This is an
important finding as several studies have highlighted participation in the advanced math
course as a critical gateway into the ever more important STEM fields for students (Sells,
1980; Ma & Johnson, 2008; Petersen & Hyde, 2014; Freeman & Aspray, 1999).

When looking at challenge-seeking behavior and attitudes in general, as well as
achievement in middle school, we find small positive effects of having a teacher with
more of a growth mindset. The effect on challenge-seeking attitudes, however, seems to
be driven primarily by boys. When investigating achievement in high school, we find
some negative effects on passing and math grades. One explanation for this could be, as
supported by our findings and pointed out in the literature, effects on challenge-seeking
behavior (Mueller & Dweck, 1998; Blackwell et al., 2007; Yeager, Romero, et al., 2016;
Bettinger et al., 2018). In other words, students who have a teacher with more of a growth
mindset opt for more challenge, and as a result get lower grades.

We investigate this further by calculating the upper and lower bounds among students
who participated in the most challenging math course in high school, and find a negative
effect among all students. However, when excluding students who chose the advanced
math course as a response to their 10th grade math teacher’s mindset, we find indications
of positive effects on math grades in high school as well (but not significant). With regards
to the students opting for more challenge, and being worse off in terms of math grades,
one important question is; Does this choice affect their pass rate? This does not seem to
be the case when looking at the pass rate for math in the first year of high school, with
the effect being close to zero on the lower bound. For students who would have chosen the
advanced math course anyway (the upper bound), there actually seems to be a positive
effect on the pass rate, particularly for boys. The findings here beg the question; What
is most beneficial for students; getting a better grade in a lower level course or being
exposed to a more advanced curriculum?
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With positive effects on participation in the more advanced math course and on
students’ mindset and attitudes towards math, our findings suggest that having a teacher
with more of a growth mindset supports students’ belief and confidence. However, more
research is needed in order to understand gender specific effects. In particular, it is
important to understand what motivates girls to advance within the STEM field. The
complexity of the future labor market requires girls also to work within this field (Petersen
& Hyde, 2014; Freeman & Aspray, 1999).

Future research should also incorporate other aspects of the school, not just the math
teacher, like the overall culture or the group of teachers that students are exposed to.
The effects of having a math teacher with a growth mindset is likely to interact with the
mindset of the general teacher community at the school: a math teacher with a growth
mindset in a fixed mindset teacher community may have a harder job in convincing
students to believe in their abilities to learn, than if surrounded by colleagues with a
growth mindset.
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Table 1: Descriptive statistics student outcomes

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

All students Boys Girls p-value
Mindset measures
General mindset 0.00 -0.04 0.03 0.001
Math mindset 0.00 0.00 -0.00 0.927

Educational attitude and expectations

Attribution ("Not so good’) 0.00 -0.17 0.16 0.000
New strategy 0.00 0.03 -0.03 0.015
Anxious 0.00 -0.28 0.27 0.000
Expectations 0.00 0.13 -0.12 0.000
Interest 0.00 0.03 -0.03 0.006

Challenge-seeking behavior

Challenging assignment 0.59 0.63 0.55 0.000
Challenging worksheet 0.00 0.10 -0.09 0.000
Easy worksheet 0.00 -0.06 0.05 0.000

Achievement in middle school

10th grade math 0.00 -0.07 0.07 0.000
10th grade math exam 0.00 -0.04 0.04 0.014
Choices and achievement in high school

Vocational track 0.32 0.38 0.27 0.000
Advanced math 0.33 0.31 0.34 0.001
- if attending academic track 0.48 0.50 0.47 0.007
Completed first year in high school 0.93 0.92 0.93 0.242
End-of-year math grade 0.00 -0.06 0.06 0.000
Observations 8 885 4 349 4 536

Note: Column 1 provides the means of student outcomes for all students. Columns 2 and 3 provide the means for boys
and girls, respectively. Column 4 provides the p-value for the difference in means between boys and girls. The row "Obser-
vations" displays the number of students in the different samples in total, not for each of the variables.

+p < 0.10,* p < 0.05, ** p < 0.01.
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Table 2: Descriptive statistics student, parental and school characteristics

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

All students Boys Girls p-value
Individual characteristics
Female 0.51 0.00 1.00 -
Birth month 6.37 6.34 6.41 0.330
Immigrant 0.24 0.24 0.24 0.579
Number of siblings 1.82 1.81 1.83 0.272
Birth order 1.84 1.83 1.85 0.280
Parental characteristics
Parental income 1203 1198 1209 0.459
Married mother 0.68 0.68 0.67 0.265
Mother’s education
Elementary/middle school 0.14 0.14 0.14 0.993
High School 0.36 0.35 0.36 0.870
College 0.39 0.39 0.39 0.989
Advanced college 0.12 0.12 0.12 0.817
Father’s education
Elementary/middle school 0.15 0.15 0.14 0.394
High School 0.44 0.43 0.45 0.141
College 0.25 0.26 0.25 0.860
Advanced college 0.16 0.16 0.15 0.332
School characteristics
Students in school 77.61 77.09 78.11 0.107
Students in class 18.50 18.53 18.48 0.565
Classes at school 4.24 4.21 4.28 0.038
Observations 8 885 4 349 4 536

Note: Column 1 provides the means of individual, parental and school characteristics for all students. Columns 2 and 3
provide the means for boys and girls, respectively. Column 4 provides the p-value for the difference in means between boys
and girls. The row "Observations" displays the number of students in the different samples in total, not for each of the
variables.

+p <010, * p < 0.05, ** p < 0.01.
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Table 3: Balance test

(1) (2) (3)

Teacher Teacher Teacher N
mindset mindset mindset

Female -0.001 -0.001 -0.004 8 885
(0.005) (0.005) (0.007)

Birth month 0.004 0.003 0.007 8 885
(0.037) (0.037) (0.039)

Immigrant -0.004 -0.002 -0.003 8 720
(0.005) (0.004) (0.004)

Number of siblings -0.008 -0.008 -0.005 8 720
(0.011) (0.010) (0.009)

Birth order 0.002 0.005 0.004 8 723
(0.009) (0.008) (0.007)

Parental income 0.027* -0.001 -0.002 8 885
(0.013) (0.007) (0.007)

Married mother 0.002 0.002 0.003 8 640
(0.005) (0.005) (0.005)

Mother’s education 0.006 0.007 0.008 8 465
(0.009) (0.008) (0.009)

Father’s education 0.001 -0.000 -0.004 8 355
(0.009) (0.008) (0.007)

p-value on joint significance 0.715 0.988 0.980

Fixed effects

School FE X X X

Characteristics

Individual and parental X X

Classroom peers X

Note: School fixed effect regressions in columns 1 to 3. The number of observations on the different characteristics is
specified in the last column. Standard errors clustered on middle school in all specifications. The dependent variable is
teacher mindset, constructed using the difference between the leave-out-mean in the class and in the school. The inde-
pendent variables of interest are female, birth month, immigrant, number of siblings, birth order, parental income (log),
married mother, mother’s and father’s education. Each coefficient is from a separate regression. The last row reports the
p-values from performing a seemingly unrelated estimation of all regressions in the column. Individual and parental char-
acteristics in columns 2 and 3 include female, birth month, immigrant, number of siblings, birth order, parental income,
married mother, as well as mother’s and father’s education. Classroom peers’ characteristics are leave-out-means of class-
room peers’ individual and parental characteristics and constructed the same way as the teacher mindset variable. The
full sample includes 8 885 students. However, for the regressions on immigrant, number of siblings, birth order, married
mother and mother’s and father’s education, between 165 (immigrant and number of siblings) and 530 (education father)
observations are missing. For more specifics about missing variables see Appendix C.

4+ p < 0.10,* p < 0.05, ** p < 0.01.
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Table 5: Effect of teacher mindset on students’ educational attitudes and expectations

(1)

(2)

(3)

Attribution Strategy Anxious

(4)

(5)

Expectation Interest

Full sample
Teacher mindset

p-value on joint significance
Boys

Teacher mindset

p-value on joint significance

Dependent variable mean

Girls
Teacher mindset

p-value on joint significance

Dependent variable mean

p-value

0033 0.030%  -0.045%%  0.039%F  0.037%

(0.011) (0.012)  (0.011)  (0.010)  (0.010)
0.000

0031+ 0.043%  -0.052%%  0.047%%  0.041*

(0.016) (0.017)  (0.015)  (0.015)  (0.018)
0.002

-0.173 0.030  -0.284 0.130 0.030

(1.012) (1.013)  (0.938)  (0.973)  (1.018)

-0.036* 0.015  -0.042%  0.032+  0.036*

(0.016) 0.017)  (0.018)  (0.017)  (0.014)
0.088

0.164 0.028 0272 -0.125 -0.028

(0.960) (0.986)  (0.982)  (1.009)  (0.981)

0.814 0213 0.697 0.531 0.831

Note: School fixed effect regressions, with standard errors clustered on middle school. The dependent variable is attribu-
tion, strategy, anxious, expectation and interest in columns 1 to 5, respectively. The treatment variable is teacher mindset,
constructed using the difference between the leave-out-mean in class and school. Each coefficient is from a separate regres-
sion. Each model reports a p-value from performing a seemingly unrelated estimation of all regressions in the sample. In
the last row of the table we report the p-value on the test for different coefficients for boys and girls. All specifications in-
clude controls for individual and parental characteristics as well as classroom peers’ characteristics. Individual and parental
characteristics include female, birth month, immigrant, number of siblings, birth order, parental income, married mother,
as well as mother’s and father’s education. Classroom peers’ characteristics are leave-out-means of classroom peers’ indi-
vidual and parental characteristics, constructed the same way as the teacher mindset variable. The full sample in columns
1 and 2 includes 7 090 students; 3 463 boys and 3 627 girls, and 8 885 students in columns 3 to 5; 4 349 boys and 4 536 girls.

+p < 0.10, * p < 0.05, ** p < 0.01.
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Table 6: Effect of teacher mindset on students’ challenge-seeking behavior

(1) (2) (3)

Challenging Challenging Easy
assignment worksheet worksheet
Full sample
Teacher mindset 0.011-+ 0.007 -0.012
(0.005) (0.013) (0.010)
Dependent variable mean 0.588 0.000 0.000
(0.492) (1.000) (1.000)
Boys
Teacher mindset 0.023** 0.004 -0.019
(0.009) (0.018) (0.016)
Dependent variable mean 0.625 0.096 -0.055
(0.484) (1.031) (0.999)
Girls
Teacher mindset -0.000 0.006 -0.007
(0.008) (0.017) (0.016)
Dependent variable mean 0.553 -0.092 0.053
(0.497) (0.961) (0.998)
p-value 0.051 0.930 0.631

Note: School fixed effect regressions, with standard errors clustered on middle school. The dependent variable is an in-
dicator for choosing the more challenging assignment in column 1 and standardized variables of challenging worksheet and
easy worksheet in columns 2 and 3, respectively. The treatment variable is teacher mindset, constructed using the difference
between the leave-out-mean in class and school. Each coefficient is from a separate regression. In the last row of the table
we report the p-value on the test for different coefficients for boys and girls. All specifications include controls for individ-
ual and parental characteristics as well as classroom peers’ characteristics. Individual and parental characteristics include
female, birth month, immigrant, number of siblings, birth order, parental income, married mother, as well as mother’s and
father’s education. Classroom peers’ characteristics are leave-out-means of classroom peers’ individual and parental char-
acteristics, constructed the same way as the teacher mindset variable. The full sample includes 7 090 students; 3 463 boys
and 3 627 girls.

+p < 0.10, * p < 0.05, ** p < 0.01.
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Table 7: Effect of teacher mindset on students’ achievement in middle school

(1) (2) (3)

Math grade Math grade Math
exam grade
Full sample
Teacher mindset 0.031** 0.010 0.012
(0.011) (0.021) (0.018)
Dependent variable mean 0.000 0.003 -0.000
(1.000) (0.998) (1.000)
Boys
Teacher mindset 0.031%* 0.005 0.001
(0.015) (0.032) (0.027)
Dependent variable mean -0.074 -0.071 -0.044
(0.999) (0.995) (0.977)
Girls
Teacher mindset 0.031+ 0.014 0.021
(0.018) (0.033) (0.030)
Dependent variable mean 0.071 0.076 0.045
(0.996) (0.996) (1.021)
p-value 0.994 0.873 0.649
Sample restrictions
Those selected for math exam X X
Observations full sample 8 885 3029 3029

Note: School fixed effect regressions, with standard errors clustered on middle school. The dependent variable is math
grade in middle school in columns 1 and 2 and math exam grade in middle school in column 3. Column 1 includes all
students in the sample and the sample size is 8 885 students; 4 349 boys and 4 536 girls. In columns 2 and 3 the sample
is restricted to only those selected for math exam at the end of middle school. The treatment variable is teacher mind-
set, constructed using the difference between the leave-out-mean in class and school. Each coefficient is from a separate
regression. In the last row of the table we report the p-value on the test for different coefficients for boys and girls. All spec-
ifications include controls for individual and parental characteristics as well as classroom peers’ characteristics. Individual
and parental characteristics include female, birth month, immigrant, number of siblings, birth order, parental income, mar-
ried mother, as well as mother’s and father’s education. Classroom peers’ characteristics are leave-out-means of classroom
peers’ individual and parental characteristics constructed the same way as the teacher mindset variable.

+p < 0.10, * p < 0.05, ** p < 0.01.
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Appendix A Questions about educational attitudes and expecta-
tions

Students’ attitudes to getting a bad score on a math test are measured by asking them
to:

"Tmagine that you get a bad grade on a test tomorrow, how likely are you to
think that:"

Attribution: "This shows that I am not very good in math."

Strategy: "I can do better next time if I figure out a better way to work."

which they are to rate on a five-point scale ranging from "Unlikely" to "Very likely".
All possible answers being: "Unlikely", "Not likely", "Quite likely", "Likely" and Very
likely".

In addition, the students are asked to which degree, on the same six-point scale as used
to map students’ mindset, they agree with the following statements:

Anxious: "I become insecure and anxious when thinking about high school
math."
Interest: "High school math is going to be interesting."
and to rate:

Expectation: "How do you think you will perform in high school math?"

on a six-point scale ranging from "Very bad" to "Very good". With all possible answers
being: "Very bad", "Bad", "Somewhat bad", "Somewhat good", "Good" and "Very
good".
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Appendix B Questions about challenge-seeking behavior

Hypothetical scenario:

"Tmagine that, tomorrow, your math teacher hands out two hand-in assign-
ments. You get to choose which one to do. You're grade will not be affected
by the assignment. One choice is an easy review: it has math problems you
already know how to solve, and you will probably get most of the answers
right without having to think very much. It takes 30 minutes to solve. The
other choice is a hard challenge: it has math problems you don’t know how to
solve, and you will probably get most of the problems wrong, but you might
learn something new. It also takes 30 minutes. If you had to choose right now,
which one would you choose?"

Easy assignment: "The easy math assignment where I would get most prob-
lems right."

Challenging assignment: "The hard math assignment where I would pos-
sibly learn something new."

"Make your own worksheet" task:

"We are interested in which type of math assignment first year high school
students prefer to work on. You are now given the opportunity to make your
own worksheet. At the end of the session you will have the opportunity to
answer some of these assignments. On the next few pages there are prob-
lems from three different areas in mathematics. Choose between two and six
assignments from each area. You can choose from assignments that are:

Very challenging - but you might learn a lot
Somewhat challenging - and you might learn a medium amount

Not very challenging - and you probably won’t learn very much

Do not try to answer the math problems. Just click the problems you’d like
to try later if there’s time."

The areas from which the students are given the opportunity to choose assignments are
numbers and algebra, measurement and geometry, and statistics and probability.
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Appendix C Missing observations for characteristics

We do experience some missing observations for individual as well as parental char-
acteristics. However, we want to make use of the full sample for the students in which
we have outcome measures, and therefore we impute the individual and parental char-
acteristics where these are missing. We do this by re-coding the missing data points for
the individual and parental characteristics, and generate an indicator equal to one if the
observation is initially missing.

The individual characteristics where we have missing observations are presented in
Table C.1 below, and include immigrant, number of siblings, birth order, married mother
and parental education. For all missing data points, we re-code the missing observation
as the mean of that variable in the student’s middle school. In the regressions, we use
the variable without any missing observations and also include the indicator for missing
on the different characteristics.

When creating leave-out-mean variables for peer characteristics we use the variable
without any missing for each of the individual and parental characteristics, that is the
imputed variables.

Table C.1: Missing observations for baseline individual characteristics

Observed characteristics Missing Percent missing

Immigrant 8 720 165 1.86
Number of siblings 8 720 165 1.86
Birth order 8 723 162 1.82
Married mother 8 640 245 2.76
Education mother 8 465 420 4.73
Education father 8 355 530 5.97
Full sample 8 885
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Appendix D Test of identifying assumption by gender

Table D.1: Balance test - boys sample (n—4 349)

(1)

(2)

(3)

Teacher Teacher Teacher N
mindset mindset mindset

Birth month 0.045 0.044 0.043 4 349
(0.049) (0.049) (0.052)

Immigrant -0.008 -0.006 -0.006 4 268
(0.007) (0.006) (0.006)

Number of siblings -0.002 -0.001 0.001 4 268
(0.017) (0.015) (0.014)

Birth order -0.003 -0.002 -0.005 4 269
(0.014) (0.013) (0.013)

Parental income 0.034-+ 0.006 0.005 4 349
(0.020) (0.010) (0.010)

Married mother 0.004 0.004 0.002 4 225
(0.007) (0.007) (0.007)

Mother’s education 0.013 0.012 0.014 4 161
(0.014) (0.012) (0.012)

Father’s education -0.003 -0.006 -0.010 4 097
(0.015) (0.013) (0.012)

p-value on joint significance 0.657 0.874 0.856

Fixed effects

School FE X X X

Characteristics

Individual and parental X X

Classroom peers X

Note: School fixed effect regressions in columns 1 to 3. The number of observations on the different characteristics are
specified in the last column. Standard errors clustered on school in middle school in all specifications. The dependent vari-
able are teacher mindset, constructed using the difference between the leave-out-mean in the class and in the school. The
independent variables of interest is birth month, immigrant, number of siblings, birth order, parental income (log), married
mother, mother’s and father’s education in rows 1 to 8, respectively. Coefficients are from separate regressions. Each col-
umn reports a p-value from performing a seemingly unrelated estimation of all regressions in the column. Individual and
parental characteristics include birth month, immigrant, number of siblings, birth order, parental income, married mother,
as well as mother’s and father’s education. Classroom peers’ characteristics are leave-out-means of classroom peers’ indi-
vidual and parental characteristics from our main analyses constructed the same way as the teacher mindset variable in the

different specifications.
+p < 0.10, * p < 0.05, ** p < 0.01.
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Table D.2: Balance test - girls sample (n—4 536)

(1)

(2)

(3)

Teacher Teacher Teacher N
mindset mindset mindset

Birth month -0.021 -0.018 -0.009 4 536
(0.054) (0.054) (0.054)

Immigrant -0.002 0.001 -0.001 4 452
(0.006) (0.006) (0.006)

Number of siblings -0.011 -0.012 -0.011 4 452
(0.018) (0.016) (0.015)

Birth order 0.010 0.013 0.014 4 454
(0.015) (0.013) (0.012)

Parental income 0.023 -0.006 -0.006 4 536
(0.016) (0.009) (0.010)

Married mother 0.000 0.001 0.003 4 415
(0.007) (0.007) (0.008)

Mother’s education 0.000 0.003 0.003 4 304
(0.014) (0.012) (0.012)

Father’s education 0.001 0.001 -0.000 4 258
(0.014) (0.012) (0.012)

p-value on joint significance 0.851 0.975 0.976

Fixed effects

School FE X X X

Characteristics

Individual and parental X X

Classroom peers X

Note: School fixed effect regressions in columns 1 to 3. The number of observations on the different characteristics are

specified in the last column. Standard errors clustered on school in middle school in all specifications. The dependent vari-
able are teacher mindset, constructed using the difference between the leave-out-mean in the class and in the school. The
independent variables of interest is birth month, immigrant, number of siblings, birth order, parental income (log), married
mother, mother’s and father’s education in rows 1 to 8, respectively. Coefficients are from separate regressions. Each col-
umn reports a p-value from performing a seemingly unrelated estimation of all regressions in the column. Individual and
parental characteristics include birth month, immigrant, number of siblings, birth order, parental income, married mother,

as well as mother’s and father’s education. Classroom peers’ characteristics are leave-out-means of classroom peers’ indi-

vidual and parental characteristics from our main analyses constructed the same way as the teacher mindset variable in the

different specifications.
+p < 0.10,* p < 0.05, ¥ p < 0.01.
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Appendix E Grade inflation

We investigate the correlation between teachers with more of a growth mindset and
grade inflation by first creating an indicator equal to one if the average grades set by the
teacher are higher than the average exam grades for the students in the class, restricting
the sample to only students selected for exam. If students not selected to take the exam
were in classes with students selected to take the exam, we also label their teacher as grade
inflated if the average math grade (set by the teacher) of the students selected to take the
exam is higher than the average exam grade. However, given that we need some of the
students in the class to have participated in the math exam to construct this variable, the
sample size when looking at this is going to be lower (5 296 students).

Second, we also create an indicator for having a teacher with a growth mindset. This
indicator is constructed the same way as the variable used when calculating the bounds,
with a cutoff of zero on the treatment variable, AW;:, labeling about half of the teachers
as holding a growth mindset and half of them as holding a fixed mindset.

Using the variables explained above, we find a positive correlation of 0.0465. On the
other hand, looking at grade restricted teachers, that is teachers giving lower grades than
the exam grade, there is also a positive correlation, of 0.0382. Based on these calculations,
we assume that the math grades results in middle school are not driven by the teachers
with more of a growth mindset being more lenient in setting grades.
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Appendix F Attenuation bias

In order to quantify the degree of attenuation bias, we follow the calculation in Ap-
pendix B of Chetty et al. (2011), and use the within-class variation of perceived teacher
mindset as an estimate of o2. The estimated variance in the "true" teacher mindset
variable, var(tmes — tmy), is:

) _(NC—-1)*T y y & &
var(tmes — tmg) = TN var(TM.' —TM.") N1 No-1

_ (59.72)? L (0013 0013
~ (61.28)2 16.61  59.72

= 0.949

where tm.s and tm, is the real teacher mindset within the class and school, respec-
tively. We use the sample harmonic means for NC, NC — 1 and N — 1 since we are
dealing with a sample with varying number of students in each class (), classes within

each school (C') and students within each school (NC') across our sample. The bias is
then estimated to be:

N%CLI var(tmes — tmy)

)2 o o
7(1%7)1)21}ar(tmcs —tms) + T: — 7Nci1
61.28
_ 59_720.949
(61.28)2 0.013 _ 0.013
(59472)20‘949 + T661 — 50.m2

=0.974

This means that our estimated coefficients are attenuated relative to the real coeffi-
cient by 2.6 percent.

44



Online Appendix A Full regression - math mindset

Table OA.1: Effect on math mindset extended

(1) (2) (3)
Teacher mindset 0.029** 0.028** 0.027*
(0.010)  (0.010) (0.010)
Indicator for assigned group -0.001  -0.000 -0.001
(0.020)  (0.019) (0.019)
Female -0.000  -0.001
(0.022)  (0.022)
Birth month -0.003  -0.003
(0.003) (0.003)
Mother’s education=2 0.093*  0.092*
(0.039) (0.039)
Mother’s education=3 0.189** (0.190**
(0.039) (0.039)
Mother’s education—4 0.197** 0.197**
(0.050) (0.050)
Father’s education=2 0.0714+ 0.072+
(0.040)  (0.040)
Father’s education—3 0.157** 0.156**
(0.045) (0.045)
Father’s education—4 0.181** 0.180**
(0.048)  (0.048)
Immigrant 0.000 0.001
(0.030)  (0.030)
Birth order -0.005  -0.006
(0.015)  (0.015)
Number of siblings -0.000  0.000
(0.013)  (0.013)
Married mother -0.006  -0.006
(0.023)  (0.023)
Parental income 0.000 0.000
(0.000) (0.000)
Parental income? -0.000  -0.000
(0.000) (0.000)
Parental income? 0.000  0.000
(0.000) (0.000)
Mother’s education missing -0.057  -0.056
(0.090) (0.090)
Father’s education missing -0.016  -0.015
(0.062)  (0.062)

Continued on next page
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Table OA.1 — continued from previous page

Married mother missing -0.119  -0.124
(0.109) (0.109)
Birth order missing 0.293 0.296
(0.937) (0.956)
Number of siblings missing -0.139  -0.141
(0.935) (0.952)
Immigrant missing 0.000 0.000
00

Peers’ female -0.104
(0.128)
Peers’ birth month -0.008
(0.015)
Peers’ mother’s education 0.032
(0.084)
Peers’ father’s education 0.088
(0.060)
Peers’ immigrant -0.079
(0.143)
Peers’ birth order -0.014
(0.063)
Peers’ number of siblings 0.019
(0.054)
Peers’ married mother 0.009
(0.114)
Peers’ parental income -0.000
(0.000)
Peers’ parental income? 0.000
(0.000)
Peers’ parental income?® -0.000
(0.000)

Constant 0.000  -0.236%* -0.232**

(0.010)  (0.078) (0.079)

R? 0.032  0.044  0.044
Fixed effects X X X

Note: School fixed effect regressions, with standard errors clustered on school in lower secondary school in all specifica-
tions. The dependent variable is students’ math mindset. The independent variable of interest is teacher mindset, con-
structed using the difference between the leave-out-mean in the class and in the school. Classroom peers’ characteristics
are leave-out-means of classroom peers’ individual and parental characteristics constructed the same way as the teacher
mindset variable in the different specifications. The full sample include 8 885 students.

+p < 0.10, * p < 0.05, ¥* p < 0.01.
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Abstract

Social and emotional competencies, like holding more of a growth mindset, are
becoming increasingly important for human capital development. Consequently, sci-
entists are trying to figure out how these competencies can be developed on a larger
scale through testing specific interventions. To date, none of the growth mind-
set interventions with positive effects include teachers. We address this gap in the
literature by having students complete a growth mindset intervention and accom-
panying it with assistance to teachers so that they can foster a classroom climate
that supports a growth mindset. We recruited 205 teachers in 32 schools and ran-
domly assigned them to a control or treatment group. We find that the intervention
instilled a growth mindset in general and in math in particular, a subject area of
interest. In addition, the findings suggest that the treatment has a positive effect
on a type of challenge-seeking behavior that is important for long-term academic
success: enrollment in and completion of the more advanced math course in high
school. Involving the teachers led to average effect sizes on course-taking that were
almost twice as large as past RCTs involving only students (5pp vs. 3pp previously).
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1 Introduction

Evidence suggests that social and emotional competencies are gradually becoming
more important for the development of human capital (Heckman & Kautz, 2012; OECD
Publishing, 2015; Deming, 2017; Edin et al., 2017). Several studies highlight the value of
these competencies in reducing anti-social behavior and the need for social and emotional,
as well as cognitive skills in order to achieve positive outcomes later in life (Heckman,
2000; Heckman et al., 2006; Kautz et al., 2014; OECD Publishing, 2015; Deming, 2017;
Edin et al., 2017). Therefore, economists concerned with human capital development have
started exploring how social and emotional competencies can be developed on a larger
scale by building on previous literature or working together with scientists from other
fields (e.g. Andersen & Nielsen, 2016; Bettinger et al., 2018; Alan et al., 2019; Rege et al.,
2019; Yeager et al., 2019).

One such competence is believing that intelligence and talents can be developed and
changed through effort, perseverance, hard work and by using different strategies, or what
psychologists refer to as holding a growth mindset (Mueller & Dweck, 1998; Dweck, 2006;
Yeager & Dweck, 2012). Well-structured randomized experiments have demonstrated that
mindset interventions, teaching students about the brain’s malleability, can help develop
a growth mindset and improve motivation as well as school outcomes (e.g. Aronson et
al., 2002; Good et al., 2003; Blackwell et al., 2007; Yeager et al., 2014; Paunesku et al.,
2015; Yeager, Romero, et al., 2016; Bettinger et al., 2018; Yeager et al., 2019). To date,
the mindset interventions with positive effects do not include teachers, which could be an
important component for scaling the interventions. In addition, involving teachers may
enforce the positive effects of mindset interventions by teachers changing their practice
or by providing an "affordance" to the interventions (Mueller & Dweck, 1998; Kamins &
Dweck, 1999; Kane et al., 2011; Walton & Yeager, in press).

In our study, we address this gap in the literature by testing an intervention with
specific teacher involvement. Our hypothesis is that the intervention increases students’
beliefs in their own abilities to learn and makes them better at utilizing the learning
opportunities that already exist. We expect that in turn, this will make students more
likely to choose challenging assignments, show more interest in school activities, have
higher expectations in relation to their own performance and increase their achievement
and perseverance in school (Mueller & Dweck, 1998; Blackwell et al., 2007; Yeager &
Walton, 2011; Burnette et al., 2013; Lavecchia et al., 2016; Yeager, Romero, et al., 2016;
Andersen & Nielsen, 2016; Bettinger et al., 2018).

We test this hypothesis in Norwegian high schools using a randomized controlled trial
(RCT). First, we invite high school teachers to sign up for the research project before
randomly assigning them (and their students) to a control or treatment group. After
randomization, teachers in the treatment group are invited to a full day seminar, where we
provide them with knowledge about growth mindset as well as tools and guidance to help
foster such a mindset among their students. The tools include a web-based program, "U-
say", developed in Bettinger et al. (2018) based on the intervention in Yeager, Romero, et



al. (2016). In addition, we include boosters to remind students about growth mindset and
basic guidelines for classroom communication practices that help foster the development
of such a mindset (Haimovitz & Dweck, 2017). We test whether the intervention led to
an increased incidence of growth mindset among students. In addition, we look at the
effect on students’ challenge-seeking behavior, achievement, perseverance and attitudes
by comparing outcomes of participating students in the control and treatment group.

The results show that treated students display more of a growth mindset in general
and when it comes to math in particular, compared to students in the control group.
We also find evidence suggesting that the treatment has a positive effect on students’
challenge-seeking behavior, with significant effects on choosing the more challenging as-
signment if given a choice. Among students attending the academic track, we also find
that treated students are more likely to choose the more advanced math course in high
school compared to students in the control group, a choice highlighted as a critical gate-
way for continuing within the STEM fields later on (e.g. Sells, 1980; Freeman & Aspray,
1999; Ma & Johnson, 2008).

Our paper contributes to the literature in two important ways. First, we contribute
to the growing literature focusing on the importance of social and emotional competen-
cies for human capital development (e.g. Heckman & Kautz, 2012; Kautz et al., 2014;
OECD Publishing, 2015; Deming, 2017; Edin et al., 2017). We do this by building on
Bettinger et al. (2018), and test a growth mindset intervention with teacher involvement.
Second, by including specific training for the teachers, we also contribute to the literature
identifying best practices in teaching and the impact of teachers on students (Hanushek,
1971; Murnane, 1975; Rockoff, 2004; Kane et al., 2011; Grossman et al., 2013; Chetty et
al., 2014a,b; Kraft, 2019). What makes this study unique is that we are using a validated
student intervention for both the students and the teachers (Bettinger et al., 2018; Yea-
ger, Romero, et al., 2016), in addition to specific teacher training. However, this means
that based on the current study we cannot conclude whether all kinds of teacher training
would yield positive effects, for instance if the teachers would support the growth mindset
if they made the material themselves.

Moreover, directing attention towards the connection between mindset and theories
of motivation as well as developing training material for teachers with respect to their
role in fostering a growth mindset among their students is highlighted as important in
future research (Rattan et al., 2015; Haimovitz & Dweck, 2017). In addition, our post-
intervention measures are conducted several weeks after the intervention is completed,
allowing us to better understand how this might affect students’ mindset in the longer
run than previous studies have done (Yeager & Walton, 2011; Burnette et al., 2013;
Bettinger et al., 2018). Finally, we replicate the findings on course-taking from Yeager
et al. (2019). Thus, we provide the second, large-sample replication with regards to this

outcome.!

! Not, pre-registered in their study, and thus needed further replication.



The rest of the paper is organized as follows: in Section 2 we present our conceptual
framework along with the institutional context. A description of the specific intervention
used in this study follows in Section 3, before the experimental design and empirical
strategy are presented in Section 4. Assessment and data, as well as procedures follow in
Section 5 and Section 6. Results are presented in Section 7, with discussions in Section
8, before finally, we conclude in Section 9.

2 Background

2.1 Conceptual framework

Scientists, primarily within the psychology literature, have for decades been concerned
with students’ beliefs in their own abilities to learn, and how this might affect their
behavior, choices and outcomes at school (e.g. Mueller & Dweck, 1998; Blackwell et al.,
2007; Burnette et al., 2013; Yeager, Walton, et al., 2016; Bettinger et al., 2018). These
beliefs are commonly referred to as mindset (or implicit theory), and we often talk about
two different kinds of mindset - fixed and growth - with a spectrum in between. Several
studies show that students leaning more towards the "fixed mindset" end of the spectrum
believe that there is nothing they can do to change their intelligence or talents, they think
these are fixed traits. Students closer to the "growth mindset" end of the spectrum, on the
other hand, believe that intelligence and talents can be developed and changed through
effort, perseverance and by using different strategies.

Some studies have also found that students with a higher degree of growth mindset
differ from students holding more of a fixed mindset in three important ways. First, they
work towards different goals. While the objective of students with a more growth mindset
is to learn and to improve their intelligence and talents, students with a more fixed mindset
want to have their intelligence and talents validated (Dweck & Leggett, 1988; Haimovitz
et al., 2011). Second, they view effort differently. Students holding a higher degree of
growth mindset look at effort as something that is necessary in order to improve, while
students holding a more fixed mindset see effort as something that undermines their
natural abilities (Blackwell et al., 2007). Third, they have different approaches when
dealing with mistakes. Students holding a more growth mindset embrace mistakes as a
learning opportunity, a chance to learn something new, whilst students with a more fixed
mindset view mistakes as a confirmation that they don’t have what it takes to succeed,
or they might try to cover them up (Blackwell et al., 2007; Haimovitz et al., 2011).

Recent literature demonstrates that it is possible to change students’ beliefs in their
own abilities to learn, that is move them towards a more growth mindset, using inter-
ventions designed for this specific purpose (e.g. Aronson et al., 2002; Good et al., 2003;
Blackwell et al., 2007; Paunesku et al., 2015; Yeager, Romero, et al., 2016; Andersen &
Nielsen, 2016; Bettinger et al., 2018). The interventions that are successful in doing so
teach students about connections in the brain and how these change when working on
challenging assignments. They also relate the content to concepts that the students are



already familiar with, like how muscles get stronger with exercise and how computers are
connected through networks. Perhaps even more importantly, these interventions empha-
size struggles, confusion, being frustrated and making mistakes as a normal part of the
learning process. However, what the interventions do not include is the teachers, which
could be a critical component for scaling the interventions. Being able to scale effective
interventions, is, from an economic point of view, important for human capital develop-
ment (Heckman, 2000). Moreover, involving teachers may enforce the positive effects of
mindset interventions by changing teachers’ practices (Mueller & Dweck, 1998; Kamins
& Dweck, 1999; Kane et al., 2011; Grossman et al., 2013). Finally, teachers could also
provide an "affordance" that allows students to see the growth mindset as legitimate and
actionable (Walton & Yeager, in press).

Within the literature focusing primarily on how mindsets are developed, some studies
look at the role that daily communication in terms of praise and feedback play with regards
to students’ mindsets (e.g. Mueller & Dweck, 1998; Kamins & Dweck, 1999; Rattan et
al., 2015; Haimovitz & Dweck, 2017). In the classic paper by Mueller & Dweck (1998),
the authors show how praising children for their intelligence made them more prone to
adapting a more fixed mindset, whilst children who were praised for the process of getting
there had a greater tendency to adapt a more growth mindset. In turn, those praised for
the process had a greater tendency to choose more challenging assignments, they persisted
longer, and performed better than those who were praised for their intelligence. This is
also supported in later studies (Gunderson et al., 2013; Pomerantz & Kempner, 2013), and
in Rattan et al. (2015) the authors highlight the need for developing training materials
for teachers with respect to their role in fostering a growth mindset in students.

In our study, we combine these important stands of scholarship and investigate a
growth mindset intervention with specific teacher involvement. We do this by building
on existing work by Bettinger et al. (2018), and include teachers in the design of an
intervention focused on increasing students’ beliefs in their own abilities to learn. We
expect that in turn, this will make both teachers and students more likely to adapt more of
a growth mindset, and consequently become better at utilizing the learning opportunities
that already exist. Subsequently, we expect this will be displayed in students being
more likely to choose challenging assignments, show more interest in school activities,
have higher expectations about own performance and increase their achievement and
perseverance in school (Mueller & Dweck, 1998; Blackwell et al., 2007; Yeager & Walton,
2011; Burnette et al., 2013; Lavecchia et al., 2016; Yeager, Romero, et al., 2016; Andersen
& Nielsen, 2016; Bettinger et al., 2018).

2.2 Institutional context

Our sample consists of a selected group of first year students in Norwegian upper
secondary schools. Thus, we provide a brief description of important aspects about this
level of education along with choices students make during this period that can affect
their possibilities later on.



2.2.1 Upper secondary education in Norway

Children in Norway generally start upper secondary education (hereafter referred to as
high schools) the calendar year they turn sixteen, after completing ten years of mandatory
education, consisting of primary (elementary) and lower secondary (middle) school. The
content of mandatory education is determined nationally and is similar for all students.

Prior to starting high school, students apply for one of the many educational programs
within the academic or vocational track. Educational programs within the academic
track consist of three years of schooling, and are intended to prepare students for starting
university or college. In contrast, the main purpose of the educational programs within
the vocational track is to prepare students for the labor market, and these consist of
three to four years of schooling and training oriented around a specific occupation. In
most counties students are free to apply for acceptance into any high school they want
to attend within their county of residence. If the number of applicants in a specific
educational program in a high school exceeds the number of available slots, acceptance is
generally based on the grade point average (GPA) from middle school. Thus, the choice
of educational program and high school depends on students’ interests and preferences,
as well as past performance and where they live (Bjorklund & Salvanes, 2011). Following
the completion of three to four years of high school, students move on to college or join
the labor force.

In order to advance to college, students have to go through one of the educational
programs in the academic track. This can be done either by attending a program in
the academic track for all three years, or by attending one year of intense academic
training after finishing a program in the vocational track (Markussen & Gloppen, 2012).
In addition, acceptance into some majors in college, especially within the STEM fields,
requires the student to have participated in the theoretical math course (hereafter referred
to as the more advanced math course) in high school. Therefore, as in many other
countries, participation in the advanced math course in high school is also considered a
critical gateway for continuing within the STEM fields in Norway (Sells, 1980; Freeman
& Aspray, 1999; Ma & Johnson, 2008). This means that the choice of math course in
high school represents an important real life outcome when looking at the effect of the
intervention.

In addition, drop-out rates in Norwegian high schools are high, and only three in four
students finish high school in five years (Statistics Norway, 2019). Students who do not
complete their high school education represent an immense cost to society, for instance
by having more difficulties in finding a job (Falch et al., 2009). In their report looking
at the costs of students dropping out of high school, Falch et al. (2009) also suggest that
high school graduates are less likely to use public welfare systems. Thus, reducing high
school drop-out rates might lead to decreased income inequality and increased welfare.
Therefore, seen from the interest of policymakers, one might wonder if increasing students’
beliefs in their own abilities to learn might help reduce high school drop-out rates (Yeager
& Walton, 2011; Paunesku et al., 2015; Bettinger et al., 2018).



3 Intervention

The teachers signing up for the project were asked to have six workshops with their
students, designed to foster a growth mindset. They received training, a growth mindset
curriculum developed for high school students as well as tools and guidance to help them
pass the information on to their students and integrate it into their regular classroom
practice. Below, we first present the growth mindset curriculum in detail before describing
the content and setup of the teacher training.

3.1 Growth mindset curriculum

The growth mindset curriculum, "U-say 2.0", was made up of six separate workshops.
The six workshops were spread over 17 weeks, mostly in the fall of 2018, and lasted from
30 to 45 minutes each. In the first and third workshop, both lasting about 45 minutes,
the same computer program adapted to the Norwegian high school context and used in
Bettinger et al. (2018), building on work by Yeager, Romero, et al. (2016) and Blackwell
et al. (2007), was applied. The other four workshops were classroom discussions, lasting
about 30 minutes each. See Figure 1 for an illustration of the curriculum.

In the first workshop, ref "Session 1" in Figure 1, the students accessed the web-based
computer program, "U-say", through the school district’s website. In the program they
got to learn about what happens in the brain as you learn new things, why it is important
to challenge yourself - especially during high school - and how a growth mindset has
helped other students. In addition to looking at pictures, and reading and listening to
text,? we asked the students several questions in all parts of the program. The answers
were handed in to the teacher at the end of the workshop, and served as a base for the
classroom discussion the following week.

Before the second workshop, the first of four classroom discussions, ref "Discussion 1"
in Figure 1, the teacher read through the students’ answers from the first workshop ("Ses-
sion 1") and created three to four questions for the students to discuss in the classroom.
The teachers were instructed to base the questions on the following themes: different learn-
ing strategies, struggling, being frustrated and making mistakes is normal when learning,
and motivation to continue even though things are difficult. First, students discussed
the questions in small groups, before participating in a full class discussion. The goal of
this and the following discussions was to make the students comfortable in reflecting and
talking about a growth mindset. In addition, we wanted them to be exposed to other stu-
dents’ thoughts and ways of thinking, and to understand that struggling, being frustrated
and making mistakes are a normal part of the learning process.

2All of the text in the program was recorded in order to prevent students losing interest due to having
to read the text.



Session 1: Week 1
Web program "U-say"

Discussion 1: Week 2

Classroom discussion

Session 2: Week 5
Web program "U-say"

Discussion 2: Week 6

Booster 1: Week 9

Assignment and discussion

Booster 2: Week 17
Assignment and discussi

Figure 1: Growth mindset curriculum

The third workshop, ref "Session 2" in Figure 1, consisted of the second session of the
web-based computer program, "U-say". Similar to the first session, the students logged
on through the school district’s website. This time, the students learned about what
scientists say about holding a growth mindset, what a growth mindset has helped other
people do, examples of famous people who possess a growth mindset and other high school
students’ thoughts on the growth mindset. As in the first session, students were asked
questions throughout the program, which they answered and handed in to the teacher at
the end of the workshop.

As in the second workshop, the teachers also read through the students’ answers from
the web-based program ahead of the second classroom discussion in the fourth workshop,
ref "Discussion 2" in Figure 1. Based on the answers, they prepared three to four questions
for the classroom discussion. The themes we asked them to base their questions on this



time were what students find important and how to encourage yourself and others to
use a growth mindset. The layout and goals were the same as in the previous classroom
discussion.

Prior to the final two workshops, ref "Booster 1" and "Booster 2" in Figure 1, we
asked the teachers to give the students a hand-in assignment - a booster. After receiving
students’ answers, the teachers were to read them through and use them as a base for the
final two classroom discussions. The layout and the goal of the final two workshops were
the same as the previous classroom discussions. The theme of "Booster 1" and "Booster
2" were "cooperation" and "after a holiday" in relation to growth mindset, respectively.
In addition to these overall themes, we also asked the teachers to formulate questions
based on the following sub-themes: struggling, being frustrated and making mistakes is
normal when learning, and the importance of effort, good strategies and knowing when
to ask for help.

3.2 Teacher training

Findings from previous literature, looking at how mindsets are naturally developed,
suggest that simply handling the teachers a curriculum is not enough, but that instruc-
tional practices matter and that it is important to activate teachers’ mindset as well as
their theories on how to motivate children (e.g. Mueller & Dweck, 1998; Kane et al., 2011;
Rattan et al., 2015; Haimovitz & Dweck, 2017). Therefore, we also provided the teachers
with training as a part of the intervention.

The teacher training consisted of a full day seminar prior to the implementation of the
growth mindset curriculum. During the seminar, the teachers received information about
what previous research has found and why we should care about this in the Norwegian
context. We also provided them with a direct link between the intervention and the
national curriculum, and they learned about the difference between a growth and a fixed
mindset. They were also given specific information about the research design.

In addition, during the full day seminar, we went through all six workshops in the
curriculum, with specific information about when each workshop was to be implemented.
We went through the two web-based sessions, "Session 1" and "Session 2" in Figure 1, in
full, and had the teachers answer as if they were doing the program themselves.

Afterwards, we provided them with information about practices in the classroom that
substantiate the development of a growth mindset. Particularly, what to keep in mind
in order to create a classroom climate that supports a growth mindset, feedback that
bolsters the development of a growth mindset as well as the role of learning strategies
in promoting a growth mindset. We focused on creating an environment where it is
normal to be frustrated and make mistakes when learning, as well as the importance of
high expectations, adjusted education, collaboration, displaying and modeling different
learning strategies and encouraging students to ask questions and be curious. When giving
students feedback, we highlighted the importance of focusing on the process and provide
constructive feedback to help students move forward.



At the end of the full day seminar, the teachers practiced creating questions for
the classroom discussions using real student answers. Prior to the seminar, the student
answers were collected by one member of the research team visiting and performing the
first session of the web-based program at a high school in one of the participating school
districts. Afterwards, the teachers also answered one of the boosters themselves, and used
their answers as the base for practicing one of the booster discussions. The goal of the
full day seminar was to make the teachers confident in conducting the growth mindset
curriculum with their students, and throughout the day we encouraged them to ask if
they had any questions or concerns.

In addition to the information in the full day seminar, the teachers were also given
detailed descriptions of all six workshops in the growth mindset curriculum. The descrip-
tion specified when each workshop was to be implemented, how long it would take, the
goals of that particular workshop and what learning aids they needed in order to conduct
the workshop. In addition, seating arrangements of the students, and what the teachers
needed to do prior to and following the workshop were also included in the description.
Finally, the week before each workshop, the teachers received an email reminding them
about the workshop with the detailed description attached.

4 Experimental design and empirical strategy

Figure 2 illustrates the experimental design. 180 participating classes were randomly
split between the control and treatment group using a clustered block design (see Section
6 for specifics). After randomization, the treatment group consisted of 91 classes, and 89
classes made up the control group. Thereafter, teachers of classes assigned to the treat-
ment group participated in the teacher training, consisting of one full day seminar, before
they implemented the growth mindset curriculum in their classes the following months
(see Section 3 for specifics). The teacher training took place in September 2018, (referred
to as "Week 0" in the figure), before the growth mindset curriculum was implemented
from the last week of September 2018 through January 2019 ("Weeks 1 - 17"). The par-
ticipating teachers assigned to the control group continued with business as usual, but
received the teacher training and growth mindset curriculum at the start of the following
school year ("Next year").

In order to investigate the effect of the intervention, we needed comparable measures
for students in the control and treatment group. These were collected by conducting
surveys both before and after the intervention, as well as collecting data from government
administrative records provided to us by the participating school districts. The pre-
intervention survey was conducted before the participating teachers were made aware
of their treatment status, the week before the teacher training ("Week -1"). The post-
intervention survey was conducted at the end of February 2019, a while after the last
workshop in the growth mindset curriculum ("Week 23").
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Randomization

Pre-intervention

Week -1: —
measures
Treatment Control
group group
(91 classes) (89 classes
Week 0:
Intervention
Weeks 1-17: N
with students
. . Post-intervention
1 1 —
. ' measures
. 5 Teacher
Next year: Business

as usual training

Figure 2: Experimental design

As mentioned, we used a clustered block design when performing the randomization,
and consequently we need to adjust for this in our empirical strategy when estimating the
effect sizes. Each block consisted of all classes within a separate educational program and
school, and the treatment happened at class level. This means that we have to include
block fixed effects, that is fixed effects for educational program and school, as well as
standard errors clustered at class level in our analyses. This leaves us with the following
fixed effect model:

(1) Yices = BTces + CXices + Ves + €ices

where ¥;e.s is the outcome for student 7 in class ¢ in block es, where each block
represents a separate educational program (e) and school (s). The outcomes of interest in
this study are mindset, challenge-seeking behavior, achievement, perseverance, attitudes
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and expectations.? T, represents an indicator for being treated, equal to one for students
in classes receiving the treatment and zero for students in control classes. The coefficient of
interest is 3, which represents the causal effect of receiving the treatment. X,.., is a vector
representing controls for students’ individual characteristics, whereas ., denotes block
fixed effects, that is fixed effects for students attending the same educational program and
school. €5 18 an error term specific for each student, capturing unexplained variation
in the outcome variable. Robust standard errors clustered at class level are included in
all specifications. The set of individual characteristics we include is made up of baseline
mindset, GPA and math grade in middle school, as well as indicators for being female,
being older than 16 and being an immigrant.

In addition to looking at the effect in the full sample, that is both students attending
the vocational track as well as students attending the academic track, we also investigate
the effects in subsamples of students based on track in high school as well as GPA from
middle school.” We do this because of evidence from previous research that students
attending the vocational track as well as students with a lower GPA might respond dif-
ferently to the treatment than students attending the academic track or students with a
higher GPA (Good et al., 2003; Paunesku et al., 2015; Bettinger et al., 2018).

5 Assessments and data

Our sample consists of a selected group of first year high school students attending a
vocational track as well as students attending an academic track in two school districts in
Norway (for specifics about how the students were selected see Section 6). For the students
who consented to us collecting information about them, we collected data from government
administrative records, in addition to conducting student surveys at two points in time;
the pre-intervention survey (baseline measures) were conducted in September 2018, while
the post-intervention measures were collected in February 2019. In both the pre- and
post-intervention surveys we used questions previously used and validated in the mindset
literature (Burnette et al., 2013; Yeager, Romero, et al., 2016; Bettinger et al., 2018),
described in more detail below.

2 878 students logged on and participated in the "Consent" survey, while 2 623
students gave their consent to participate in the research project and have information
about them collected by us. For these students, the school district provided us with
registry data. Of the 2 623 students that consented, 74 were missing a class or school
identifier, which is crucial for our identification strategy, making us drop them from the
sample. This gave us a total of 2 549 students. Of these, 2 364 students participated
in the pre-intervention survey, "Survey 1", conducted at the start of the experiment,

3All outcomes, except for perseverance, are specified in the study registration at the American Eco-
nomic Association (Auestad et al., 2019). Outcomes described in detail in Section 5.
4Subsample analyses not included in the study registration, ref Auestad et al. (2019).
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before teachers learned of their treatment status. In the spring of 2019, after the students
in the treatment group were finished with the intervention, all students in the research
project logged on through the school district’s website again for the post-intervention
survey, "Survey 2". Of the 2 549 students making up the "Consent" sample, 1 768
students participated in this second round of questions. Of these, 1 583 students had also
participated in the pre-intervention survey ("Survey 1'").°

As mentioned in the introduction and conceptual framework, our hypothesis is that
the intervention increases students’ beliefs in their own abilities to learn and makes them
better at utilizing the learning opportunities provided to them. Thus, we want to uncover
the effect of the intervention on students’ outcomes. Hence, what we are interested in is
the effect of the treatment on the treated (TOT), and therefore we use the sample from
the post-intervention survey, "Survey 2", when investigating the effects. The reason being
that these are the students we know to he treated if placed in the treatment group.®

5.1 Variable definitions
5.1.1 Outcome variables

Our primary outcome measures when investigating the effect of the intervention in-
clude mindset, challenge-seeking behavior and achievement (Auestad et al., 2019), while
our secondary outcomes include perseverance, as well as students’ attitudes and expecta-
tions towards math. Below we describe each of these in turn.

Students’ mindset: We constructed a measure of students’ general mindset, as well
as their mindset when it comes to math by having them report to which degree, on a six-
point scale ranging from "Strongly disagree" (1) to "Strongly agree" (6), they agree with
the following statements; (1) "You have a certain amount of intelligence, and you really
can’t do much to change it" (Mindset 1); (2) "Your intelligence is something about you
that you can’t change very much" (Mindset 2); and (3) "Being a 'math person’ or not is
something that you really can’t change. Some people are good at math and other people
aren’t" (Math Measure). We invert all answers in order to have high values reflecting
a growth mindset. The first two measures represent two different ways of phrasing the
same question, thus in order to construct a measure of students’ general mindset, we

5This meant that 185 of the students participating in the post-intervention survey had not participated
in the pre-intervention survey. However, these students were registered in the participating teachers’ class
at the time of the post-intervention survey, and therefore we collected consent and answers from these
students as well.

6Tn addition, since the teachers had to also initiate the second round of questions, we assume that it
is the same kind of teachers in the control group not having their students do this survey as the teachers
dropping out of the treatment group. Meaning that the students we are losing from the control group in
the second survey are the same kind of students we have lost in the treatment group, which our balance
test in Section 7 seems to support. Thus leaving us with similar students in the control and treatment
groups when using the post-intervention survey sample.
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take the mean of these two (standardized) measures and re-standardize. When creating
the math mindset, we standardize students’ responses to the third statement, the "Math
Measure".”

Students’ challenge-seeking behavior: In the surveys, we measure both students’ atti-
tudes and their behavior towards challenge. Their challenge-seeking behavior is measured
by having them create their own worksheet, consisting of easy, medium and/or challeng-
ing tasks.® Based on the students’ answers, we construct a variable counting the number
of challenging tasks chosen, which we then standardize with a mean zero and standard
deviation of one. Students’ attitudes towards challenge are measured by presenting a hy-
pothetical scenario, where the students are asked to choose between an easy and a more
challenging assignment, and where we construct an indicator for choosing the challenging
assignment. The exact setting and questions we used are specified in Appendix B.

With regards to challenge-seeking, several studies have highlighted the choice of math
course in high school as a critical gateway into continuing within the STEM fields (Sells,
1980; Freeman & Aspray, 1999; Ma & Johnson, 2008; Petersen & Hyde, 2014). This also
applies in Norway, with most STEM majors requiring the more advanced math course
from high school, making this an important real life choice for students. From the registry
data, we therefore include an indicator for choosing the more advanced math course in
high school as an outcome when looking at challenge-seeking behavior.?

Students’ achievernent: We are also concerned with students’ real life outcomes, and
because of this, we included measures for short-term achievement in our design. In partic-
ular, we had the students do a math quiz towards the end of the post-intervention survey.
Our outcome variable for achievement on the math quiz is standardized number of correct
answers. More details about the math quiz are specified in Appendix C. In addition, we
also collected information about the students’ math grades and GPA at the end of the
first year of high school. Thereafter, we created an indicator for passing math, equal to
one for all students who attained at least grade 2 in math or who had passed the first year
of high school as well as an indicator for completing the first year of high school.'® Our
outcome with regards to GPA was standardized in order to make interpretation easier.

Students’ perseverance:'' We measured students’ perseverance by recording the time
spent on the math quiz mentioned above (see Appendix C for specifics about this exercise).
In particular, we recorded how long students used on the first question, the first five

“In Appendix A we present the correlations for the baseline measures, which lay the foundation for
grouping the mindset measures this way.

8From which they had to solve some randomly selected tasks afterwards.

9However, since this is only an option in the academic track, we only include students attending the
academic track when looking at this specific outcome.

10The GPA (and completed), however, includes the grade set by the treated teacher, so this might be
influenced by potential differences in grading schemes as a function of the intervention. Therefore we
only report these measures for the sake of completeness.

HOutcome not included in the the study registration, ref Auestad et al. (2019).
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questions and all ten questions. When investigating the effects with regards to time
spent, we use logarithms.

Students’ attitudes and ezpectations: Students’ attitudes and expectations were mea-
sured by asking; (1) if the student would attribute a bad test score to not being good in
math ("Attribution"); (2) if the student believes that using another strategy could have
increased the score ("Strategy"); (3) if becoming anxious and insecure when thinking
about math ("Anxious"); (4) if the student believes high school math will be interesting
("Interest"); and (5) the student’s expectation about own performance in math in high
school ("Expectations"). Answers to each of the survey questions are standardized with
a mean of zero and a standard deviation of one. The exact questions used are specified
in Appendix D.

5.1.2 Control variables

Control variables include standardized variables for baseline mindset, GPA and math
grade at the end of middle school, as well as indicators for gender (female), being older
than 16 and being an immigrant. We also include indicators for missing observations
on control variables (see Appendix E for specifics about how we deal with these). The
baseline mindset is constructed the same way as the outcome variable on mindset, using
baseline measures from the pre-intervention survey. The rest of the control variables
are from government administrative records provided to us by the participating school
districts.

6 Procedures

In cooperation with two counties in Norway, referred to as the participating school
districts, we started by inviting all homeroom teachers responsible for first year high school
students to participate in the research project. We sent informational emails before the
summer break, with the registration deadline set to the beginning of the following school
year (2018/2019). We sent reminders at the start of the school year. As mentioned in
the institutional context in Section 2, Norwegian high schools are divided into tracks, and
each track consists of several educational programs. Students sort into these programs
and schools based on interest, preferences, place of residence and grades from middle
school, and in order to have comparable groups of students we encouraged teachers to
sign up in pairs. This meant that if there was interest in the project, we encouraged at
least two teachers (responsible for separate classes) within each educational program and
school to sign up. Participation for the teachers was voluntary, but they committed to
performing both the surveys and the required tasks with their students when signing up.
However, we did not have any sanctions if the teachers decided not to participate. 205
teachers responsible for 180 different classes in 32 schools signed up. Some teachers later
withdrew and we discuss possible concerns regarding this later when looking at attrition.
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The classes of participating teachers were grouped into blocks, where each block
represented classes within the same educational program and school. After doing this we
had a total of 89 blocks. The blocks were used as a means of randomization, meaning that
within each block, we randomized classes to control and treatment group, also referred
to as a clustered block design. By doing this, we had at least one class in the treatment
group and one class in the control group in all blocks consisting of at least two classes.
If, for some reason, there was more than one homeroom teacher in a class, these teachers
were seen as one when performing the randomization. That is, randomization was done
at the class level, and both teachers were placed in the same condition. We randomized
by assigning each class with a random number between 0 and 100, using a computerized
random number generator. Some schools also had more than a pair of participating classes
within an educational program, and in those cases we also considered the gender of the
teachers when performing the randomization, as this has been shown to influence student
outcomes (Dee, 2007). This means that if there were two female teachers and one male
teacher within a block, we randomized between the two female teachers.

We sorted from highest to lowest based on the randomly generated number, and
assigned the first teacher in a block to the treatment group, the second to the control
group, the third to the treatment group, the fourth to the control group, and so on.
In the event of an uneven number of classes within a block, that is classes without any
pairings (the first,'? the third, the fifth, etc.), these classes were placed in a residual
group. After the first round of randomization within blocks, classes placed in the residual
group were randomized as though they were in the same block, also here taking gender of
the teacher into consideration. That is, the first was placed in the treatment group, the
second in the control group, the third in the treatment group, the fourth in the control
group, etc. This was done in order to get approximately the same number of classes in
the control and treatment group. The randomization was carried out by a computer in
the office, with a witness present. After randomization, the treatment and control group
consisted of 103 teachers responsible for 91 classes, and 102 teachers responsible for 89
classes, respectively.

Participation in the field experiment was voluntary for the teachers, however for the
students of participating teachers, participation was mandatory as a part of the school
instruction, but the students had to give their consent to us collecting information about
them. Before the teachers were made aware of their treatment status, we collected con-
sents from the students in the participating classes, and also had them perform the pre-
intervention survey. To access all the surveys in the project, the students used their own
computers, and logged on using their unique username and password administered by
the school district, before they were redirected to the correct survey. During the redirec-
tion, students’ usernames were replaced with a unique number for each student, making

2Despite the fact that we encouraged teachers to sign up in pairs, we did not deny teachers without
pairings to sign up, and therefore there are going to be some single class blocks in our sample. 29 of the
initial 180 classes were in single class blocks.
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it impossible to identify any single student in the data without an identification key.
The identification key was safely stored with a trusted employee at the respective school
district, never to be seen by anyone in the research team. Later, this unique student
number was matched to the administrative records using the identification key, before the
de-identified data were provided to us.

The first time the students logged on through the school district’s website, in Septem-
ber 2018, they received information about the research project, and had to give their
consent to us collecting information about them. For most students (93 percent of those
who consented), this was done at the start of the pre-intervention survey (or "Survey 1").
However, due to changes in classes after the initial survey, we also allowed students to con-
sent and take the post-intervention survey if they had not participated in the first round of
questions. That is, all students participating in either the pre- or post-intervention survey
had to go through the consent survey. Of the 7 percent giving their consent before the
post-intervention survey, 44 percent were in treated classes. In total, we received consent
from 2 623 students or 91 percent of the students logging on to the consent survey.

In the pre-intervention survey, we asked the students questions to map their mindset,
as well as their attitudes and expectations towards math. As the students finished the
pre-intervention survey, their teachers were informed about their treatment status. After-
wards, together with the participating school district, we invited all homeroom teachers
responsible for a class assigned to the treatment group to a full day seminar, one in each
of the two districts. At the start of the seminar, we collected signed confidentiality agree-
ments from the teachers stating that they were not to distribute any of the material they
had access to through the intervention in the current school year. In addition, during the
seminar, the teachers received all the information they needed in order to implement the
growth mindset curriculum with their students, which they did over the following four
months.

After the classes assigned to the treatment group were finished with the growth mind-
set curriculum, we had all participating teachers, that is the teachers in both the control
group and the treatment group, implement the post-intervention survey (or "Survey 2").
This was done at the end of February 2019, several weeks after the teachers and students
in the treatment group were finished with the intervention. In the post-intervention sur-
vey, students were asked the same questions as in the pre-intervention survey, in addition
to some new questions intended to detect challenge-seeking behavior and achievement.
In addition, after the school year had ended, the participating school districts provided
us with data from administrative records for the students who consented. From these
registry data we use the following variables in our analyses: unique number for school,
class and educational program in high school, GPA and math grade from middle and
high school, high school track (indicator for vocational), gender (indicator for female),
immigrant and age (indicator for being older than 16).

All sessions, both the surveys and the growth mindset curriculum, were implemented
in the students’ classroom during regular school hours. Similar to when doing the survey,
the students also used their own computer, username and password when accessing the
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web-based program in workshop one and three of the growth mindset curricula. For these
two workshops, the students were also instructed to bring their headsets, as the text in
the program is also recorded. Only students registered in a class assigned to the treatment
group were able to access the web-based program. For the four classroom discussions, the
students did not need any web-based resources, computers or headsets.

The teachers assigned to the control group continued with business as usual after hav-
ing their students do the consent and pre-intervention survey until the post-intervention
survey. That is, they only implemented the consent, pre- and post-intervention surveys
with the students in their class. The following school year (2019/2020), they received the
same information and material as the teachers in the treatment group had received the
year before. The students of the teachers in the control group, however, might not benefit
from the control group teachers getting the treatment, since teachers do not always follow
students through high school.

Despite the fact that there are a lot of benefits to working with real life situations, we
are dealing with people, and their behavior is potentially going to affect the experiment
(Creswell & Creswell, 2017; Yeager & Walton, 2011; Cartwright, 2012). In our study, we
do experience a high attrition rate, with about 30 percent of the students in our "Consent"
sample not participating in the post-intervention survey, and therefore not being present
in our "Survey 2" sample (for more detailed numbers see Section 5). This was one of
the biggest challenges in our study, and we acknowledge several possible sources for this
attrition. First, since we are dependent on teachers both when performing the surveys
and the intervention, a lot of the attrition can be attributed to teachers withdrawing
and thereby preventing entire classes from participating in the project. Second, because
Norwegian high schools have a big problem with absence and drop-out (Bettinger et al.,
2018; Statistics Norway, 2019), we do experience some attrition from this as well, with
students not being present at school when the surveys are conducted. Third, because
we base most of our outcomes on survey questions, we encounter some attrition because
students skip some questions in the survey. Since we already have a selected sample, in
that teachers select into treatment, drop-out from our sample only causes problems if we
lose different kinds of students from the treatment group compared to the control group.
If this happens, the groups are no longer going to be balanced at baseline, which is what
random assignment assures, and we will no longer be comparing similar students. See
Appendix F for a discussion about the attrition, as well as a detailed attrition analysis.

Treatment compliance was assessed using a questionnaire for the teachers at the
same time as the post-intervention survey for the students. In the survey, we asked the
teachers if they had completed each of the specific workshops in the growth mindset
curriculum with their students, and if not, why this was. We received answers from 68
teachers responsible for 60 different classes (93.75 percent of the treated classes in our
post-intervention sample). Of the teachers who reported back, 80 percent had performed
all of the workshops with their students and 3 percent of the teachers reported that
they had not performed any of the workshops. 90 percent of the teachers reported that
they had completed the first four workshops with their students. The reasons for not
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performing all of the workshops were due to time constraints (85 percent) and lack of
interest from the students (15 percent). In addition, 66 of the teachers also answered
some additional questions, where 80 percent reported that they found the intervention
meaningful and that their students benefited from participating. Moreover, 60 percent
reported that their students found it enjoyable, 90 percent reported that they would
continue teaching their students about a growth mindset and 75 percent reported that
they wanted to continue using the growth mindset curriculum in the years to come.

7 Results

7.1 Descriptive statistics and balance test

The high attrition rate in our study (ref Section 6, as well as Appendix F), could
cause problems with balance in the sample we base our analyses on. Therefore, in ad-
dition to the attrition analyses done in Appendix F, we test for balance by regressing
students’ individual characteristics against the treatment status, using school and educa-
tional program fixed effects and robust standard errors clustered at class level. Table 1
reports descriptive statistics for the control and treatment groups in the columns labeled
"Control" and "Treat", and the balance test in the column labeled "Diff". Descriptive
statistics and the balance test for the "Consent" sample are reported in columns 1 to 3,
the "Survey 1" sample in columns 4 to 6 and the "Survey 2" sample in columns 7 to 9 (for
specifics about the samples, ref Section 5). Doing this, we only find one significant coeffi-
cient, which might suggest moderate imbalance between the control and treatment group
(older than 16 at 10 percent significance level in the "Consent" sample and 5 percent in
the "Survey 1" and "Survey 2" samples). However, this variable was already imbalanced
from the start, and did not change very much because of the attrition. In addition, the
difference here can be attributed to a large number of older students (7 or 8) in a few
classes.

Based on the attrition analyses in Appendix F, as well as the balance test in Table
1, we conclude that attrition in the post-intervention survey did not lead to sizable sig-
nificant differences between the two groups, that is the treated and the control group.
Therefore we conclude that the sample is quite well-balanced when focusing on the stu-
dents participating in the post-intervention survey or the "Survey 2" sample. However,
because of some large, but not significant, differences (on for instance the baseline mindset
measure), we do present the estimated effects both with and without control variables in
the analyses below.
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7.2 Treatment effects
7.2.1 Primary outcomes

Our primary outcomes include students’ mindset, their challenge-seeking behavior as
well as achievement, described in more detail in Section 5. Estimated treatment effects, as
well as number of observations and adjusted R? are reported in Panel A of Tables 2 to 4 for
the full sample. To address the concern about imbalance on some of the characteristics,
we include two models for each of the outcomes in all tables; one where we only include
the fixed effects and one where we include both the fixed effects and control variables,
indicated in the last line of the table.

Our first outcome of interest, students’ mindset, includes both their general mindset
and their mindset when it comes to math in particular, and the estimated coefficients
are presented in Table 2. We find positive and significant effects of the treatment both
with regards to students’ general mindset, reported in columns 1 and 2, and their mindset
when it comes to math, reported in columns 3 and 4. The size of the estimates are 20.2
percent of a standard deviation for the general mindset and 20.5 percent of a standard
deviation for the math mindset in our preferred specification, where we include both
fixed effects and control variables. Corresponding numbers are 16.7 and 19.8 when only
including fixed effects. The difference between the estimated coefficients particularly
for mindset, in columns 1 and 2, can be attributed to the small imbalance we find on
individual characteristics in the balance test, as noted above (illustrating the importance
of including control variables in the regressions).

In Table 3 we report the estimated effects on students’ challenge-seeking behavior
and attitude. The treatment effect with regards to challenge-seeking behavior is reported
in columns 1 and 2 of the table, where we find a positive estimate of 8.2 percent of
a standard deviation in our preferred specification (significant at the 10 percent level),
when looking at the number of challenging assignments chosen. For students’ attitudes
towards challenge, reported in columns 3 and 4, we find that treated students are 5.2
percent more likely to choose the more challenging assignment (significant at the 5 percent
level). The last outcome we include with regards to challenge-seeking is the choice of the
advanced math course in high school, reported in columns 5 and 6. Here, we restrict the
sample to only include students attending the academic track, since students attending
the vocational track do not have the option of selecting which math course to participate
in. In our preferred model, presented in column 6, we find a significant positive treatment
effect of 5.7 percent.'?

130ne concern, however, is that pushing students towards more challenge-seeking behavior in math
makes them more likely not to pass. Therefore, we also looked at the treatment effects on getting a pass
grade in math in the first year of high school and did not find any indications that the treatment had any
effect on this outcome. In addition, we investigated the effect on an indicator for choosing and passing
the advanced math course (that is, an indicator equal to one for students who chose to participate in and
passed the advanced math course), and found a positive treatment effect of 5.4 percent in our preferred
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Students’ achievements are measured using a math quiz consisting of ten math as-
signments towards the end of the post-intervention survey. In addition, for the sake of
completeness, we include GPA as well as an indicator for completing the first year in high
school. The estimated treatment effects are reported in Table 4. We do not find any
significant treatment effects for any of the outcomes when looking at achievement in the
full sample.

7.2.2 Secondary outcomes

Our secondary outcomes include perseverance'? and students’ attitudes and expecta-
tions towards math, and estimated coefficients are reported in Appendix G.

In Appendix Table G1 we report the estimated effects on time spent on the first
question in columns 1 and 2, the first five questions in columns 3 and 4 and all ten questions
in columns 5 and 6. When looking at the estimated coefficients for the overall sample,
they are pointing in the opposite direction of what we expected, indicating a negative
effect of the treatment on perseverance. However, none of the estimated coefficients are
significantly different from zero when looking at the full sample.

Effects on students’ attitudes and expectations are reported in Appendix Table G2.
Here we only report our preferred specification. The only significant treatment effect
for the full sample is on interest, with a positive significant estimate of 9.6 percent of
a standard deviation (significant at the 10 percent level). This indicates more interest
in math among treated students. Based on the estimated effects, treated students seem
less likely to attribute a bad score on a test to their abilities and more likely to believe
that using a different strategy would have helped. In addition, they also seem to have
higher expectations and be a little more anxious when thinking about high school math
(however, none of the estimated effects other than on interest are significantly different
from zero).

7.2.3 Subsample analyses

Previous studies have pointed out the fact that students might respond differently
to an intervention focusing on increasing students’ beliefs in their own abilities to learn
(Good et al., 2003; Paunesku et al., 2015; Bettinger et al., 2018), and because of this, we
also investigate the effects in subsamples of students. !> First, we divide the students based
on track in high school, that is we look at the effects separately for students attending the
vocational and academic tracks. We lose a lot of power in our analyses when doing this,
since this basically means cutting the number of blocks, and therefore also our sample, in

model (i.e. very similar to the estimated effect of 5.7 percent presented here). Analyses available upon
request.

Qutcome not included in the study registration, ref Auestad et al. (2019).

15Subhsample analyses not included in the study registration, ref Auestad et al. (2019).
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half. Second, within each track, we also divide students based on their pre-intervention
GPA. that is we include an indicator for high GPA from middle school in the analyses,
which we interact with all other variables in the regression. We consider students with a
GPA above the 50th percentile as having a high GPA.'6

Tables 2 to 4 present the subsample analyses for our primary outcomes, while Ap-
pendix Tables G1 and G2 present the subsample analyses for our secondary outcomes.
Panels B and C in each table report the estimated effect of the treatment on students
attending the vocational and academic track, respectively. Panel D reports the estimated
treatment effects based on GPA within the vocational track, while panel E reports the
estimated effects based on GPA within the academic track. In addition to the estimated
effect of the treatment, as well as the interaction between high GPA students and treat-
ment in the panels where we use interactions, we also include number of observations
and adjusted R? in all columns and panels. The first column under each outcome for our
primary outcomes, in Tables 2 to 4, as well as our secondary outcomes on perseverance in
Appendix Table G1, reports the estimated coefficients using only fixed effects, while the
second column reports the estimated coefficients from our preferred specification using
both fixed effects as well as control variables, indicated in the last line of the tables. For
our secondary outcomes on students’ attitudes and expectations, reported in Appendix
Table G2, we only include our preferred specification.

When looking at the effect in our subsample analyses with regards to mindset, in
Table 2, we find a positive treatment effect of 10.6 percent of a standard deviation for the
general mindset and 14.2 percent of a standard deviation for the math mindset among
students attending the vocational track (significant at the 5 percent level). Among stu-
dents attending the academic track, the treatment effects are larger, with 30.7 and 26.4
percent of a standard deviation, for the general and math mindset, respectively. When
also taking pre-intervention GPA into consideration, we do not find any significant effects
when looking at the vocational track students. However, for low GPA students attending
the academic track we find positive treatment effects of 42.5 and 36.7 percent of a stan-
dard deviation for the general and math mindset, respectively. For high GPA students
attending the academic track, the corresponding estimates are 22.4 and 19.9 percent of a
standard deviation. For general mindset, the estimated coefficients for low and high GPA
students within the academic track are also significantly different at the 10 percent level.

With regards to students’ challenge-seeking behavior, reported in Table 3, we find
indications that the treatment affects the challenge-seeking behavior and attitudes of
students attending the vocational track. Here we find positive treatment estimates of
11.6 percent of a standard deviation when looking at number of challenging assignments
chosen and 5.5 percent when looking at choosing the more challenging assignment in

"When creating this variable, students whose GPA from middle school was missing were put in the
category of low GPA students. In addition, we also include robustness tests where we exclude them
entirely from the sample, in order to investigate if this affects the results in Online Appendix A. It does
not.
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our preferred model (however, both are only significant at the 10 percent level). We do
not find any significant effect of the treatment when looking at students attending the
academic track, other than the effect on the choice of math course in high school mentioned
when looking at the primary outcomes above. When taking GPA in middle school into
consideration, we do not find any significant effect. We do, however, find indications of
positive effects on choosing more challenging assignments for low GPA students within
the vocational track. The effect on choosing the more advanced math course seems to be
coming from both the low and high GPA students attending the academic track.

When looking at achievement in the subsamples, reported in Table 4, we find indi-
cations that students attending the vocational track might be negatively affected by the
treatment, and that students attending the academic track might be positively affected.
None of the estimated coefficients with regards to achievement in the subsamples based
on track are significant. When also taking GPA from middle school into account, we
find indications that low GPA students within the vocational track seem to be negatively
affected by the treatment, and that high GPA students seem to be positively affected
with regards to the math quiz and GPA in high school. The estimates are, however, not
significant. Among students attending the academic track, we find that low GPA students
seem to be negatively affected (significant at the 10 percent level) and that high GPA
students seem to be positively affected in terms of completion, with a negative effect of
5.1 percent for low GPA and a positive effect of 2.6 percent for high GPA students (sig-
nificantly different from each other). For the math quiz, we find indications of positive
effect on low GPA students and an effect closer to zero for high GPA students. Lastly,
for the GPA in the first year of high school, we find indications of a negative effect for
low GPA students and a positive effect for high GPA students.

With regards to perseverance on the math quiz, reported in Appendix Table G1,
we find indications of negative treatment effects among vocational track students, which
seem to be coming from both low and high GPA students (also significant at the 10
percent level when looking at the low GPA students). With regards to academic track
students, however, we find indications of positive treatment effects, which seem to be
coming primarily from low GPA students. However, none of the estimated effects with
regards to time spent are significantly different from zero for the academic track students.

Subsample analyses with regards to students’ attitudes towards math are reported
in Appendix Table G2. Here we find indications that students attending vocational and
academic tracks are affected by the treatment in the same direction but to a different
extent. However, the only significant estimate when looking at the subsamples based on
track is a positive effect on interest for students attending the vocational track (significant
estimate of 16.7 percent of a standard deviation, significant at the 10 percent level). In
addition, there is a significant positive effect on expectation of 16.5 percent of a standard
deviation among low GPA students attending the academic track (significant at the 5
percent level).
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8 Discussion

In this study we build on previous literature (especially Bettinger et al., 2018) and
investigate if it is possible to change students’ mindset by including teachers in an inter-
vention focused on increasing the prevalence of a growth mindset among students. We do
this by providing knowledge to teachers about the growth mindset and give them tools to
help pass the information on to their students. In addition, we have the teachers initiate
a post-intervention survey several weeks after the treatment group is finished with the
intervention. Thus, we investigate whether changes in mindset persist over a longer time
period than previous studies have done (e.g. Yeager & Walton, 2011; Bettinger et al.,
2018).

Similar to previous studies, when investigating the effects of providing students with
short sessions on the growth mindset without involving teachers, we find that it is possible
to change students’ beliefs in their own abilities to learn, i.e. their mindset, using a
mindset intervention (Blackwell et al., 2007; Yeager, Romero, et al., 2016; Bettinger et
al., 2018; Yeager et al., 2019). We also find that the changes persist. In addition, we find
indications that this can be transferred to changes in challenge-seeking behavior, in that
treated students show more of a positive attitude towards challenge, in line with findings
in Mueller & Dweck (1998) and Blackwell et al. (2007). With regards to achievement and
perseverance, the estimated effects when looking at the full sample are very small and
not significantly different from zero. However, one of the problems we face is that we do
not have sufficient power to detect the effect size for these outcomes given the sample we
have. We are therefore not able to conclude that the intervention had any affect on these
outcomes as previous studies have done (Blackwell et al., 2007; Yeager, Walton, et al.,
2016; Bettinger et al., 2018; Yeager et al., 2019).

Students in Norwegian high schools sort into different tracks based on interest, pref-
erences and grades from middle school, meaning that students attending the vocational
track might be very different from students attending the academic track. Therefore there
have been some suggestions that they might respond in different ways to this kind of in-
tervention. Because of this, we also investigate the effects by dividing the sample based
on track in high school when doing the analyses, and find indications in support of this
belief.!” However, we lose a lot of power in our analyses when doing this, since we are
basically cutting our sample in half, making it even more difficult to detect significant
effects of the treatment.

In addition, previous research suggests that students respond differently based on their
initial mindset, which tends to be correlated with GPA (Good et al., 2003; Paunesku et
al., 2015; Bettinger et al., 2018). Therefore, we also investigate the effects in subsamples
based on GPA from middle school within the different tracks. We do this by including

17Suhsample analyses not included in the study registration, ref Auestad et al. (2019).
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an indicator for high GPA students, which we interact with the dependent variable of
interest and all control variables.

Our analyses show that the treatment has a positive effect on students’ mindset of
between 10 and 15 percent of a standard deviation for students attending the vocational
track, whereas for students attending the academic track the effect is closer to 30 percent
of a standard deviation. In addition, for vocational track students, the effect seems to be
similar for low and high GPA students, but for academic track students, the low GPA
students show a larger effect than the high GPA students.

For challenge-seeking outcomes, we find that students attending the vocational track
seem to be more affected by the treatment, with positive significant estimates for all
outcomes (however, only significant at the 10 percent level). For academic track students,
we also find positive treatment effects, but the only significant effect is with regards to
the choice of the more advanced math course in high school (significant at the 5 percent
level). Students attending the vocational track are not able to choose which math course to
participate in, hence we do not observe this outcome for vocational track students. Unlike
many of the other outcomes, the choice of math course is a real life choice, and many
studies have highlighted this as a critical gateway into continuing within the increasingly
important STEM fields later on (Sells, 1980; Freeman & Aspray, 1999; Ma & Johnson,
2008). This is also the case in Norway, with most STEM majors requiring the more
advanced math course from high school.

One concern, however, when looking at participation in the advanced math course, is
that treated teachers may have encouraged students to take the advanced course because
of the information given in the teacher training. That is, we do not know for sure that
the students themselves made the choice to participate in the advanced course. However,
given that we are treating the homeroom teacher (not the math teacher), we have reason
to believe that the teachers do not have perfect information about how students perform
in math, and therefore which students should participate in the advanced course. In
addition, since we had the teachers sign a confidentiality agreement during the teacher
training, we assume that they did not share the information given with other teachers,
like the students’ math teachers. However, of the treated teachers who answered the
post-intervention teacher survey, 18 percent reported that they were teaching math to at
least some of the students in their "base" class.®

Moving on to looking at achievement and perseverance, we also uncover some interest-
ing indications when dividing the sample based on track in high school. However, again,
not many are significant. We do find, for instance, that treated students attending the

'8In high school, students taking advanced and regular math are usually in the same “base" class,
meaning that they have the same homeroom teacher, i.e. the teacher that is treated, but they go to
separate classrooms for their math lessons (though with different math teachers). This also means that
since we are treating the homeroom teachers, not the math teachers, the students still remain in the
treated teacher’s class even if they change from the regular to the advanced math course.
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academic track do better on the math quiz, and there are also indications that this might
be because they persevere with the questions for longer, with positive estimates both on
the number of correct answers and on the time spent on the math quiz. In addition, we
find opposite effects for students attending the vocational track, with negative estimates
on the number of correct answers on the math quiz and time spent.

When taking pre-intervention GPA into consideration, we find indications of negative
treatment effects for low GPA students attending the vocational track, positive effects for
low GPA students attending the academic track and estimates very close to zero for high
GPA students on both tracks when looking at achievement in the math quiz. With regards
to time spent, we find indications that treated, low GPA students attending the academic
track persevere with the questions for longer. When looking at high school GPA, we also
find both positive and negative effects in different samples, however, none of which are
significantly different from zero. With regards to completion, we find a negative effect of
the treatment on low GPA students and a positive effect on high GPA students attending
the academic track. Summing up, we do present evidence that the treatment changed
students’ mindset and their attitudes towards challenge, as well as indications that it also
changed achievement and perseverance among subsamples of students.

However, this is an RCT and we are dealing with people, therefore their behavior
could potentially affect the experiment. This is to some extent illustrated by the im-
mense attrition in this study, as mentioned in Section 6 and discussed in more detail in
Appendix F. In addition to attrition, we also encounter other challenges in this RCT. The
first one being diffusion of treatment (Cartwright, 2012), or spillovers, which is highly
likely to happen since we are randomizing within schools (that is, we have both treated
and control classes attending the same schools). As with attrition, we face several possi-
ble scenarios here, with spillovers between teachers, between teachers and students, and
between students. We try to deal with this by having the teachers in the treatment group
sign a confidentiality agreement stating that they are not to distribute any of the mate-
rial they get access to through the intervention. However, because we are dealing with
a real life situation, we cannot restrict teachers or students from talking to each other
or teachers from using what they learn from the project with other students. That is, if
teachers assigned to the treatment group in fact teach students assigned to the control
group in some subject, even though they are not their homeroom teacher. It is therefore
impossible to remove spillovers completely. Due to the fact that a big part of the inter-
vention is workshops, and that control students won’t get this information, the possible
spillover concern relates to changes in behavior among teachers and students in the treat-
ment group because of the information given in the teacher training and growth mindset
curriculum. Thus, the estimated effects might be biased downwards compared to if we
were able to completely remove spillovers from the experiment.

Second, compensatory or resentful demoralization and compensatory rivalry are also
possible concerns in our experiment. Compensatory or resentful demoralization happens
when participants who are not getting the treatment become discouraged, and as a result
perform worse on the outcomes measured (Creswell & Creswell, 2017). This is a known
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problem when dealing with RCTs since we need to have both a treatment and a control
group. One possible solution could be blinding the participants to their treatment status
or providing the control group with some sort of placebo. However, most teachers already
feel like they do not have enough time and therefore we are not too concerned with the
control group feeling like they are losing out. With regards to blinding the participants,
this was never really an option given the extent of the intervention. We try to deal with
this by having the pre-intervention measures collected before the participants get to know
their treatment status, and by collecting the post-intervention measures when the control
group has almost forgotten about the research project.

Compensatory rivalry, on the other hand, happens if the participants in the control
group change behavior because they are placed in the control group, i.e. they start working
harder, try more, etc (Creswell & Creswell, 2017). Our main concern with regards to
this is that teachers in the control group start looking for information about the growth
mindset themselves because they really want their students to benefit from this and are
disappointed in the fact that they are not getting access to the information. We deal
with this by offering teachers assigned to the control group the same tools and a similar
seminar the following school year, meaning that they will get the treatment one year after
the teachers in the treatment group.'® In addition, the time constraints most high school
teachers face also provides us with an advantage in this regard.

Third is the issue of testing. Testing can be a problem because participants become
familiar with the questions and measures, and answer in the way they think we want them
to or give what they believe is the "correct" answer (Creswell & Creswell, 2017). We try
to address this by performing the pre-test before the exposure to the growth mindset
curriculum and wait until well after the intervention is finished to perform the post-test.
However, we cannot be certain that the participants don’t have the intervention in mind
when answering the questions in the post-test.

All of the limitations mentioned above are threats to the internal validity of the
experiment. There are also threats to the external validity, that is whether it is possible to
generalize the findings, and the most obvious one is selection (Cartwright, 2012; Creswell
& Creswell, 2017). In our RCT, teachers self-select into treatment. Given that teachers are
randomized into treatment and control group after this self-selection, we do not believe
that teachers in the treatment and control group are inherently different, thus we do
believe that the results we find are representative for the sample we have. However,
this also means that the teachers signing up for the project might be more motivated
and believe more in the message of the intervention than the average teacher, making
it difficult to generalize the findings to other teachers. The problem of generalizing the
result also arises when dealing with other settings and times; the students and teachers
might respond differently, meaning that, as with all RCTs, we would need to perform

Y However, because teachers will not always follow their students through high school, the students in
the control group might not benefit from this.
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several replications before making the final conclusions with regards to the overall effect
of the intervention.

Most of the limitations or threats we face happen because in real life situations we
are not able to control every aspect of the experiment in the same way we would in a lab
experiment. However, despite this, we believe that there are many advantages in doing
real life experiments as they are better at explaining what actually happens in real life,
where it is impossible to control every aspect of human behavior. Thus, by testing specific
interventions in a real context, we understand a little better what works, and maybe even
more importantly, what doesn’t.

9 Conclusion

Lifelong learning as well as scaling effective interventions that promote social and
emotional competencies have been highlighted as important in previous research (Heck-
man, 2000). In this study we test an intervention focused on increasing the prevalence
of the growth mindset, a supposedly important social and emotional competence with
regards to lifelong learning (Dweck, 2009), among students in Norwegian high schools,
including a component that could be beneficial for scaling the interventions; teachers. We
do this by giving teachers information about the growth mindset research, in addition to
tools to help them pass the information on to their students. In addition, we measure the
effects on students’ mindset a while after the intervention is completed.

We find that the intervention has a positive effect on students’ mindset in general,
as well as their mindset when it comes to math in particular. We also find that students
exposed to the treatment are more likely to choose challenge, with positive effects on the
number of challenging assignments chosen when given the opportunity to create their own
worksheet. In addition, we find positive effects on choosing the more challenging assign-
ment when given a hypothetical choice between a challenging and an easier assignment.
Among students able to choose between different math courses in high school, we also find
a positive effect on choosing the more advanced math course. Unlike the other outcomes,
this is a real life choice, which could possibly influence students’ career possibilities later
on (Sells, 1980; Freeman & Aspray, 1999; Ma & Johnson, 2008). With regards to achieve-
ment and perseverance, we do not have sufficient power to detect the estimated effects,
so we cannot conclude that the treatment had any effect on these outcomes.

When looking at the effects separately in subsamples of students, we find indications
of different treatment effects based on choice of track in high school. We find that students
attending the academic track seem to be affected in terms of mindset, challenge-seeking,
especially choice of math course, and possibly achievement. Students attending the voca-
tional track seem to be affected in terms of mindset (however, much less so than students
attending the academic track) and challenge-seeking behavior. For students attending
the vocational track, we also find indications of negative effects on achievement and per-
severance (however, these are not significant). Possible concerns here are that the growth
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mindset curriculum is better suited to match the interests of students attending the aca-
demic track than students attending the vocational track, or that students attending the
vocational track do not really believe in the message. Our findings suggest that we might
have to proceed in different ways in order to develop more of a growth mindset among
students attending the vocational track compared to students attending the academic
track. These are important new insights into getting more students to believe in their
abilities to learn in Norwegian high schools and maybe even help reduce drop-out rates.
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Table 2: Treatment effects on students’ mindset

Mindset Math mindset

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

Panel A: full sample

Treatment 0.167** 0.202** 0.198** 0.205**
(0.040) (0.039) (0.050) (0.051)
Observations 1757 1757 1751 1751
Adjusted R? 0.036 0.176 0.030 0.168
Panel B: vocational track
Treatment 0.079 0.106* 0.128 0.142*
(0.048) (0.048) (0.077) (0.070)
Observations 765 765 766 766
Adjusted R? 0.027 0.135 0.023 0.165
Panel C: academic track
Treatment 0.262%* 0.307** 0.273%* 0.264**
(0.061) (0.060) (0.062) (0.074)
Observations 992 992 985 985
Adjusted R? 0.041 0.205 0.031 0.167
Panel D: vocational track by GPA
Treatment 0.083 0.112 0.085 0.081
(0.088) (0.087) (0.127) (0.121)
High X treatment -0.026 0.001 0.069 0.094
(0.139) (0.137) (0.172) (0.156)
Observations 765 765 766 766
Adjusted R? 0.049 0.137 0.036 0.178
Panel E: academic track by GPA
Treatment 0.340%* 0.425%* 0.317** 0.367**
(0.107) (0.097) (0.104) (0.112)
High x treatment -0.147 -0.201+ -0.080 -0.168
(0.130) (0.104) (0.118) (0.116)
Observations 992 992 985 985
Adjusted R? 0.055 0.206 0.033 0.164
Control variables X X

Note: The first row lists the dependent variable. Panels represent different samples, with the full sample in Panel A, vo-
cational track students in Panels B and D, and academic track students in Panels C and E. Each column and row presents
a separate regression and reports the estimated treatment coefficients with robust standard errors clustered at class level,
number of observations and adjusted R?. Fixed effects for school and educational program are included in all specifications.
The dependent variables are standardized mindset in columns 1 and 2 and standardized math mindset in columns 3 and
4. The independent variables of interest are the treatment in Panels A, B and C as well as the interaction between treat-
ment and high GPA in Panels D and E. Survey 2 sample (n=1 768) (11 students have not answered any of the two general
mindset questions and 17 students have not answered the math mindset question in survey 2).

4+ p < 0.10, % p < 0.05, ** p < 0.01.
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Table 3: Treatment effects on challenge-seeking

Challenge

Difficult task

Advanced math!

(1) (2)

(3)

(4)

(5)

(6)

Panel A: full sample

Treatment 0.075 0.082+ 0.046+ 0.052* 0.067 0.057*
(0.046) (0.044) (0.024) (0.023) (0.050) (0.027)
Observations 1 669 1 669 1729 1729 994 994
Adjusted R? 0.034 0.056 0.052 0.153 0.169 0.395
Panel B: vocational track
Treatment 0.102 0.116+ 0.054+ 0.055+
(0.068) (0.068) (0.032) (0.032) N/A N/A
Observations 744 744 757 757
Adjusted R? 0.073 0.075 0.046 0.126
Panel C: academic track
Treatment 0.045 0.055 0.038 0.042 0.067 0.057*
(0.062) (0.052) (0.037) (0.033) (0.050) (0.027)
Observations 925 925 972 972 994 994
Adjusted R? 0.004 0.047 0.038 0.156 0.169 0.395
Panel D: vocational track by GPA
Treatment 0.135 0.141 0.033 0.035
(0.110) (0.106) (0.054) (0.053)
High x treatment -0.063 -0.056 0.033 0.046 N/A N/A
(0.176) (0.174) (0.078) (0.075)
Observations 744 744 757 757
Adjusted R? 0.072 0.064 0.059 0.123
Panel E: academic track by GPA
Treatment 0.044 0.028 -0.004 -0.017 0.051 0.048
(0.099) (0.104) (0.051) (0.050) (0.059) (0.045)
High x treatment -0.002 0.026 0.069 0.079 0.014 0.010
(0.144) (0.156) (0.066) (0.063) (0.063) (0.056)
Observations 925 925 972 972 994 994
Adjusted R? 0.003 0.041 0.063 0.165 0.247 0.404
Control variables X X X

Note: The first row lists the dependent variable. Panels represent different samples, with the full sample in Panel A, vo-

cational track students in Panels B and D, and academic track students in Panels C and E. Each column and row presents

a separate regression and reports the estimated treatment coefficients with robust standard errors clustered at class level,
number of observations and adjusted R?. Fixed effects for school and educational program are included in all specifications.
The dependent variables are standardized number of challenging assignments chosen in columns 1 and 2, an indicator for
choosing the more difficult task if given the choice in columns 3 and 4 and an indicator for choosing the advanced math
course in columns 5 and 6. The independent variables of interest are the treatment in Panels A, B and C as well as the
interaction between treatment and high GPA in Panels D and E. Survey 2 sample (n=1 768) (99 students have not chosen
any assignments in the create your own worksheet task and 39 did not choose between the challenging and the easy assign-
ment in survey 2). 'Tn columns 5 and 6 the sample is restricted to only those attending the academic track, as these are
the students that have the option of choosing the advanced Hfhth course in high school, hence there are no observations in

the vocational track subsample (5 students were missing the math code for the first year in high school).

+p < 0.10, * p < 0.05, ** p < 0.01.



Table 4: Treatment effects on achievement

Math quiz GPA Completed
(1) (2) (3) (4) (5) (6)

Panel A: full sample

Treatment 0.025 0.006 0.067 0.030 -0.003 -0.010
(0.061) (0.052) (0.061) (0.040) (0.012) (0.011)
Observations 1710 1710 1768 1768 1768 1768
Adjusted R? 0.196 0.346 0.135 0.491 0.045 0.132
Panel B: vocational track
Treatment -0.025 -0.037 0.073 -0.004 -0.003 -0.011
(0.064) (0.057) (0.088) (0.065) (0.017) (0.016)
Observations 753 753 769 769 769 769
Adjusted R? 0.085 0.218 0.119 0.456 0.053 0.145
Panel C: academic track
Treatment 0.080 0.073 0.061 0.051 -0.002 -0.008
(0.108) (0.087) (0.086) (0.048) (0.018) (0.017)
Observations 957 957 999 999 999 999
Adjusted R? 0.156 0.350 0.132 0.534 0.033 0.130

Panel D: vocational track by GPA

Treatment -0.082 -0.072 -0.012 -0.097 0.003 -0.007
(0.084) (0.080) (0.125) (0.122) (0.031) (0.030)
High x treatment  0.103 0.097 0.103 0.167 -0.019 -0.008
(0.149) (0.132) (0.157) (0.139) (0.040) (0.039)
Observations 753 753 769 769 769 769
Adjusted R? 0.104 0.227 0.376 0.520 0.080 0.145
Panel E: academic track by GPA
Treatment 0.155 0.157 -0.073 -0.028 -0.050 -0.051-+
(0.130) (0.115) (0.092) (0.066) (0.032) (0.028)
High x treatment -0.148 -0.194 0.201+ 0.118 0.081%* 0.077%*
(0.155) (0.141) (0.113) (0.088) (0.032) (0.028)
Observations 957 957 999 999 999 999
Adjusted R? 0.218 0.372 0.404 0.567 0.066 0.156
Control variables X X X

Note: The first row lists the dependent variable. Panels represent different samples, with the full sample in Panel A, vo-
cational track students in Panels B and D, and academic track students in Panels C and E. Each column and row presents
a separate regression and reports the estimated treatment coefficients with robust standard errors clustered at class level,
number of observations and adjusted R?. Fixed effects for school and educational program are included in all specifications.
The dependent variables are standardized number of correct answers on the math quiz at the end of survey 2 in columns 1
and 2, standardized GPA in columns 3 and 4, and an indicator for completed first year in high school in columns 5 and 6.
The independent variables of interest are the treatment in Panels A, B and C as well as the interaction between treatment
and high GPA in Panels D and E. Survey 2 sample (n=1 768) (58 students were not able to get to the math quiz in survey
2, hence no answers are registered for these students).

+p < 0.10,* p < 0.05, ** p < 0.01.
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Appendix A Correlations

In Table A1, we present a correlation matrix of our pre-treatment mindset measures,
grades and track in high school. For this correlation matrix we use the sample from the
pre-intervention survey, "Survey 1", with 2 364 students.? Our measure of students’
baseline mindset is based on students’ answers to the survey questions "Mindset 1" and
"Mindset 2", thus these are highly correlated with the baseline mindset measure. "Mindset
1" and "Mindset 2" are also highly correlated with each other, which is no surprise as
they represent two different ways of asking the same question. With regards to the math
mindset measure, there is still somewhat of a correlation between this and the baseline
measure and "Mindset 1" and "Mindset 2", albeit not as strong. This also makes sense
as the math mindset measure is posed in a different way and relates only to one subject -
math. In addition, similar to previous studies (Good et al., 2003; Paunesku et al., 2015;
Bettinger et al., 2018), we also see that there is a positive correlation between grades (both
GPA and math) and the mindset measures (of between 0.15 and 0.20). With regards to
track in high school, there is a negative correlation between the mindset measures and
attending the vocational track of between 0.10 and 0.15, as well as a negative correlation
between the vocational track and grades of around 0.40.

Table Al: Correlation between pre-treatment mindset measures, grades and track in
high school

Baseline Math Mindset 10th grade
mindset mindset 1 2 GPA math
Math mindset 0.421**
Mindset 1 0.917** 0.382%*
Mindset 2 0.917%* 0.386**  (0.682**
GPA 10th grade 0.194** 0.156** 0.169*%*  (.186**
Math grade 10th grade  0.166** 0.159%*  0.147**  0.156** 0.764**
Vocational track -0.145%* S0.117F% 0 -0.130%F  -0.134%*F  -0.410%* -0.370%*

Note: Survey 1 sample (n=2 364)
4+ p < 0.10, * p < 0.05, ** p < 0.01.

20Tn Online Appendix B we also include cross tabulations of pre-intervention mindset, as well as track
in high school and GPA.
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Appendix B Questions about challenge-seeking behavior

"Make your own worksheet" task:

"We are interested in which type of math assignment first year high school
students prefer to work on. You are now given the opportunity to make your
own worksheet. At the end of the session you will have the opportunity to
answer some of these assignments. On the next few pages there are prob-
lems from three different areas in mathematics. Choose between two and six
assignments from each area. You can choose from assignments that are:

Very challenging - but you might learn a lot
Somewhat challenging - and you might learn a medium amount

Not very challenging - and you probably won’t learn very much

Do not try to answer the math problems. Just click the problems you’d like
to try later if there’s time."

The areas from which the students are given the opportunity to choose assignments are
numbers and algebra, measurement and geometry, and statistics and probability.

Hypothetical scenario:

"Tmagine that, tomorrow, your math teacher hands out two hand-in assign-
ments. You get to choose which one to do. You’re grade will not be affected
by the assignment. One choice is an easy review: it has math problems you
already know how to solve, and you will probably get most of the answers
right without having to think very much. It takes 30 minutes to solve. The
other choice is a hard challenge: it has math problems you don’t know how to
solve, and you will probably get most of the problems wrong, but you might
learn something new. It also takes 30 minutes. If you had to choose right now,
which one would you choose?"

Easy assignment: "The easy math assignment where I would get most prob-
lems right."

Challenging assignment: "The hard math assignment where T would pos-
sibly learn something new."
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Appendix C Math quiz

In order to have comparable short-term achievement measures for the students in
the treatment and control groups, we included a math quiz towards the end of the post-
intervention survey. Given the amount of questions the students had to answer in this
round, and the time constraints teachers in high schools experience,?! we chose 10 of the
multiple choice algebra questions posed to the students in Bettinger et al. (2018).2? Prior
to the math quiz, the students were given the following information:

"On the next few pages we have chosen ten math assignments for you to work
on. Some of the assignments will be fairly easy, while others could be pretty
difficult. This is not a test, and how you answer will not affect your grades.
Your answers will remain confidential, and we are not going to share them
with anyone at your school. This means that neither your peers, your teacher
or your parents will know how you perform. In order to solve the assignments,
you should have a pencil and something to write on to hand. The assignments
should be solved individually."

The algebra questions were somewhat challenging for most students, and only 6 stu-
dents managed to get all of them correct. On average, students got 3 questions right (see
Figure OC.7 in Online Appendix C).

One important feature of the test situation was that neither the teachers nor the
students knew that they would be answering algebra questions towards the end of the
post-intervention survey, so there was no way for them to prepare. In fact, many teachers
complained about this afterwards, since they did not get a chance to prepare their stu-
dents. But there were also teachers who saw it as an opportunity to get the students to
use what they had learned about the growth mindset. One of the teachers in the treat-
ment group actually reported back that this was a nice opportunity to really get to use
what they had been practicing and motivate their students with regards to the growth
mindset.

2'Making it very difficult to conduct a third set of questions for all the students in our sample.
22The reasons for selecting 10 questions was that this is the amount of questions most students managed
to get through in their study (Bettinger et al., 2018).
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Appendix D Questions about educational attitudes and expecta-
tions

Students’ attitudes to getting a bad score on a math test are measured by asking them
to:

"Tmagine that you get a bad grade on a test tomorrow, how likely are you to
think that:"

Attribution: "This shows that I am not very good in math."

Strategy: "I can do better next time if I figure out a better way to work."

which they are to rate on a five-point scale ranging from "Unlikely" to "Very likely".
All possible answers being: "Unlikely", "Not likely", "Quite likely", "Likely" and Very
likely".

In addition, the students are asked to which degree, on the same six-point scale as used
to map students’ mindset, they agree with the following statements:

Anxious: "I become insecure and anxious when thinking about high school
math."
Interest: "High school math is going to be interesting."
and to rate:

Expectation: "How do you think you will perform in high school math?"

on a six-point scale ranging from "Very bad" to "Very good". With all possible answers
being: "Very bad", "Bad", "Somewhat bad", "Somewhat good", "Good" and "Very
good".
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Appendix E Missing observations for individual characteristics

We do experience some missing observations for individual characteristics, both in the
survey data and in the data from the government administrative records. However, we
want to make use of the full sample for the students in which we have outcome measures,
and therefore impute the individual characteristics for those that were missing. We do
this by re-coding the missing data points for the individual characteristics and generating
a dummy variable equal to one if the observation is initially missing.

The individual characteristics where we have missing observations are presented in
Table D1 below, and include baseline mindset, baseline math mindset, math grade and
GPA from middle school, gender (indicator for female) and immigrant. For all missing
data points, we re-code the missing observation as the mean of that variable in the stu-
dent’s class. In the rare event that the variable is missing for everyone in the class, we use
the mean of that variable in the student’s school or the entire sample.?® In the regressions,
we use the variable without any missing observations and also include the indicator for
missing on the different characteristics.

Table D1: Missing observations for baseline individual characteristics

Observed characteristics Missing Percent missing

Baseline mindset 1579 189 10.69
Baseline math mindset 1576 192 10.86
10th grade GPA 1718 50 2.83
10th grade math grade 1 669 99 5.60
Female 1753 15 0.85
Immigrant 1555 213 12.05
Full sample 1768

23 Applies to 25 students in total on the characteristics for baseline mindset, baseline math mindset and
indicator for immigrant.
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Appendix F Attrition

We do experience a high attrition rate in our study, with 781 students, or about
30 percent of our "Consent" sample not being present in our "Survey 2" sample (ref
Section 5). In Section 6 we mention three possible sources of this attrition; (1) teachers
who withdrew from the project, taking with them entire classes of students; (2) absence
and drop-out, preventing students from being present at school when the surveys were
conducted; and (3) that students performing the surveys skip some of the questions in
the survey.

Most of the attrition can be attributed to the first of these; teachers withdrawing
from the project. Of the 205 teachers who signed up for the research project, about 25
percent withdrew because of time constraints, sick leave, quitting or other reasons. In
the post-intervention survey therefore, 127 classes in 29 different schools and 72 blocks
participated. Our biggest concern with teachers dropping out is that we are left with an
unbalanced sample of classes within schools. This can happen if more teachers assigned
to the treatment group withdraw their classes compared to teachers in the control group
(or vice versa) or if different kinds of teachers assigned to the treatment group drop out
compared to teachers assigned to the control group (that is, if only one class in each block
drops out). Of the classes that dropped out, 27 were in the treatment group and 26 were
in the control group during the course of the project. 17 entire blocks and all participating
classes at 3 schools dropped out. Based on these numbers, we are not too concerned with
unbalance in who drops out, since we are losing the same number of classes in both the
treatment and control group. In addition, since we lost 17 entire blocks, teachers seem to
also withdraw in pairs (as they did when signing up), which is beneficial for our design.
However, below we include several attrition analyses in order to make sure that we are
losing the same students in the control and treatment group.

We do also experience some attrition due to the second source; absence and drop-out.
In the "Consent" sample, consisting of all students who entered either the pre- or the
post-intervention survey, we have on average 16 students per class, whereas in "Survey
2", the average number of students per class is 14, indicating that about 2 students in
each class were absent when performing the post-intervention survey. As a consequence,
we could end up with an unbalanced sample if students dropping out from the treatment
group are different kinds of students than those leaving the control group (as above). With
regard to the last source, that students skip some questions in the survey, this is only a
minor problem, with at most 99 students not answering (the "make your own worksheet"
task).

In order to figure out if we are losing the same kind of students in the treatment and
the control group, we perform several attrition analyses to investigate if attrition might
depend on treatment status or individual characteristics. First, in Table E1 we investigate
attrition in relation to the outcome variables. We do this by first regressing the treatment
on not having answered any of the survey questions in the post-intervention survey or
"Survey 2", before we look at attrition on each specific outcome in particular. We find
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a positive estimate for attrition in "Survey 2" of 5.1 percent, suggesting that treated
students are more likely not to have answered the post-intervention survey. The estimate,
however, is not significant. The only significant estimate with regards to attrition is a
positive effect of 1.6 percent on the advanced math outcome, suggesting different attrition
based on treatment status. However, when looking at this many different outcomes, we
might expect to find one significant coefficient.

Next, in Table E2, we present descriptive statistics for stayers and leavers, and inves-
tigate attrition in "Survey 2", that is not having answered the post-intervention survey,
against the individual characteristics. Doing this, we find that the lower the baseline math
and GPA grade, the more likely it is that students have not answered the post-intervention
survey. We also find that students lagging behind (i.e. are older than 16) are more likely
not to have answered this second round of questions (however, this is only significant at
the 10 percent level). This is in line with what we expect, since higher achieving students
and students who are not lagging behind might be more likely to show up at school.
In Table E3, we investigate this even further and look at whether the treatment status
combined with individual characteristics might affect attrition as well. Here we find indi-
cations that treated males are more likely to drop out with a significant estimate (at the
10 percent level) of 7.5 percent.
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Table E1: Attrition analyses: consent sample (n—2 549)

Missing Test of
Observations observations attrition

(1) (2) (3)

Survey 2 1768 781 0.051
(0.037)
Mindset 1757 792 0.047
(0.037)
Math mindset 1751 798 0.045
(0.037)
Challenging 1 669 880 0.041
(0.036)
Difficult task 1729 820 0.049
(0.036)
Advanced math 2 495 54 0.016**
(0.005)
Number correct 1710 839 0.049
(0.037)
GPA 2 549 0 0.000
()
Attribution 1730 819 0.041
(0.037)
Strategy 1728 821 0.041
(0.037)
Expectation 1704 845 0.051
(0.037)
Interest 1 704 845 0.050
(0.037)
Anxious 1702 847 0.050
(0.037)

Note: Analyses of attrition with number of observations for the different outcomes in column 1 and number of missing
observations for the different outcomes in column 2. Test of attrition is presented in column 3. Each row represents a sepa-
rate regression, with robust standard errors clustered at class level, as well as educational program and school fixed effects.
The dependent variable is attrition on the different outcomes and the independent variable of interest is the treatment.

+p < 0.10, * p < 0.05, ** p < 0.01.
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Table E2: Attrition survey 2: consent sample (n=2 549)

Stayers Leavers Difference
(1) (2) (3)
Vocational track 0.43 0.44 0.000
(0.50) (0.50) ()
Baseline mindset 0.01 -0.03 -0.007
(0.99) (1.02) (0.009)
Baseline math mindset 0.02 -0.04 -0.006
(0.99) (1.03) (0.008)
10th grade GPA 0.03 -0.07 -0.036**
(0.97) (1.07) (0.011)
10th grade math grade 0.02 -0.06 -0.025%*
(0.99) (1.03) (0.009)
Female 0.51 0.44 -0.016
(0.50) (0.50) (0.017)
Immigrant 0.27 0.31 0.016
(0.44) (0.46) (0.019)
Older than 16 0.09 0.09 0.055-+
(0.28) (0.29) (0.031)
Mindset 1 0.00 -0.00 -0.001
(1.00) (1.00) (0.009)
Mindset 2 0.02 -0.04 -0.010
(0.99) (1.02) (0.008)
Observations 1768 781 2 549

Note: Descriptive statistics for stayers and leavers are reported in columns 1 and 2, respectively. Column 3 presents the
estimated coefficients with robust standard errors clustered at class level, as well as educational program and school fixed
effects, from regressing each individual characteristic against attrition in Survey 2.

+p < 0.10, * p < 0.05, ** p < 0.01.
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Appendix G Tables secondary outcomes
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Table G1: Treatment effects on perseverance

1st question First 5 questions All questions

) (2) (3) (4) (5) (6)

Panel A: full sample

Treatment -0.042 -0.050 -0.055 -0.059 -0.040 -0.046
(0.081) (0.073) (0.077) (0.073) (0.080) (0.075)
Observations 1710 1710 1710 1710 1710 1710
Adjusted R? 0.170 0.256 0.168 0.245 0.183 0.272
Panel B: vocational track
Treatment -0.113 -0.101 -0.141 -0.128 -0.143 -0.134
(0.114) (0.094) (0.106) (0.090) (0.107) (0.090)
Observations 753 753 753 753 753 753
Adjusted R? 0.145 0.254 0.157 0.259 0.180 0.296
Panel C: academic track
Treatment 0.037 0.041 0.040 0.045 0.073 0.074
(0.116) (0.107) (0.114) (0.109) (0.120) (0.115)
Observations 957 957 957 957 957 957
Adjusted R? 0.174 0.258 0.173 0.243 0.181 0.258

Panel D: vocational track by GPA

Treatment -0.121 -0.070 -0.180 -0.138 -0.196-+ -0.159-+
(0.127) (0.110) (0.115) (0.096) (0.109) (0.092)
High x treatment -0.006 -0.019 0.061 0.051 0.086 0.070
(0.174) (0.163) (0.150) (0.136) (0.149) (0.135)
Observations 753 753 753 753 753 753
Adjusted R? 0.183 0.283 0.192 0.284 0.222 0.315
Panel E: academic track by GPA
Treatment 0.092 0.123 0.103 0.142 0.160 0.192
(0.160) (0.149) (0.155) (0.151) (0.162) (0.158)
High x treatment -0.106 -0.139 -0.120 -0.160 -0.161 -0.202
(0.161) (0.147) (0.141) (0.136) (0.143) (0.137)
Observations 957 957 957 957 957 957
Adjusted R? 0.191 0.264 0.197 0.242 0.208 0.258
Control variables X X X

Note: The first row lists the dependent variable. Panels represent different samples, with the full sample in Panel A, vo-
cational track students in Panels B and D, and academic track students in Panels C and E. Each column and row presents
a separate regression and reports the estimated treatment coefficients with robust standard errors clustered at class level,
number of observations and adjusted R?. Fixed effects for school and educational program are included in all specifications.
The dependent variables are the log of time spent on the first question of the math quiz in columns 1 and 2, the first 5
questions in columns 3 and 4 and all 10 questions in columns 5 and 6. The independent variables of interest are the treat-
ment in Panels A, B and C as well as the interaction between treatment and high GPA in Panels D and E. Survey 2 sample
(n=1 768) (58 students were not able to get to the math quiz in survey 2, hence no times are recorded for these students).

4+ p < 0.10, % p < 0.05, ** p < 0.01.
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Table G2: Treatment effects on students’ attitudes and expectations

Attribution Strategy Expectation Interest Anxious

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

Panel A: full sample

Treatment -0.027 0.060 0.052 0.096-+ 0.032
(0.040) (0.055) (0.055) (0.051) (0.053)
Observations 1730 1728 1704 1704 1702
Adjusted R? 0.141 0.057 0.197 0.153 0.131
Panel B: vocational track
Treatment -0.014 0.086 0.036 0.167+ 0.030
(0.057) (0.072) (0.082) (0.084) (0.079)
Observations 758 757 748 749 748
Adjusted R? 0.181 0.067 0.266 0.173 0.169
Panel C: academic track
Treatment -0.032 0.038 0.066 0.029 0.046
(0.057) (0.085) (0.066) (0.064) (0.069)
Observations 972 971 956 955 954
Adjusted R? 0.102 0.037 0.156 0.131 0.106
Panel D: vocational track by GPA
Treatment -0.084 0.132 -0.097 0.116 0.014
(0.089) (0.122) (0.104) (0.113) (0.110)
High x treatment 0.139 -0.070 0.250 0.092 0.052
(0.138) (0.166) (0.163) (0.153) (0.159)
Observations 758 757 748 749 748
Adjusted R? 0.174 0.059 0.265 0.168 0.176
Panel E: academic track by GPA
Treatment -0.115 0.028 0.165+ -0.056 -0.083
(0.082) (0.112) (0.096) (0.093) (0.109)
High X treatment 0.163 -0.005 -0.186 0.121 0.213
(0.121) (0.122) (0.117) (0.130) (0.157)
Observations 972 971 956 955 954
Adjusted R? 0.104 0.040 0.159 0.136 0.109
Control variables X X X X X

Note: The first row lists the dependent variable. Panels represent different samples, with the full sample in Panel A, vo-
cational track students in Panels B and D, and academic track students in Panels C and E. Each column and row presents
a separate regression and reports the estimated treatment coefficients with robust standard errors clustered at class level,
number of observations and adjusted R2. Fixed effects for school and educational program are included in all specifications.
The dependent variables are attribution, new strategy, expectations, interest and insecure and anxious in columns 1 to 5,
respectively. All dependent variables have been standardized. The independent variables of interest are the treatment in
Panels A, B and C as well as the interaction between treatment and high GPA in Panels D and E. Survey 2 sample (n=1
768) (38 students have not answered the attribution and 40 have not answered the strategy question, 64 have not answered
the expectations and the interest question and 66 students have not answered the anxious question in survey 2).

+p <010, * p < 0.05, ** p < 0.01.
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Online Appendix A Excluding students without a middle school

GPA from the subsample analyses

Table OA.1: Subsample analyses excluding missing: students’ mindset

Mindset Math mindset
(1) (2) (3) (4)

Panel A: vocational track by GPA
Treatment 0.077 0.106 0.098 0.092

(0.086) (0.085) (0.136) (0.130)
High X treatment -0.025 0.002 0.053 0.080

(0.135) (0.133) (0.182) (0.163)
Observations 733 733 734 734
Adjusted R? 0.049 0.142 0.038 0.187
Panel B: academic track by GPA
Treatment 0.341%* 0.420%* 0.327** 0.375%*

(0.111) (0.101) (0.108) (0.112)
High x treatment -0.150 -0.200+ -0.089 -0.175

(0.133) (0.106) (0.120) (0.117)
Observations 974 974 967 967
Adjusted R? 0.054 0.207 0.029 0.158
Control variables X X

+p < 0.10, * p < 0.05, ** p < 0.01.
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Table OA.2: Subsample analyses excluding missing: challenge-seeking

Challenge Difficult task Advanced math!
(1) (2) (3) (4) (5) (6)
Panel A: vocational track by GPA
Treatment 0.115 0.119 0.023 0.026
(0.110)  (0.106)  (0.059)  (0.056)
High x treatment -0.056 -0.046 0.042 0.053 N/A N/A
(0.176)  (0.173)  (0.081)  (0.078)
Observations 714 714 727 727
Adjusted R? 0.067 0.057 0.067 0.123
Panel B: academic track by GPA
Treatment 0.038 0.022 -0.007 -0.018 0.064 0.058
(0.102) (0.107) (0.051) (0.051) (0.061) (0.046)
High x treatment  0.000 0.027 0.075 0.083 0.003 0.002
(0.145) (0.156) (0.067) (0.064) (0.064) (0.057)
Observations 907 907 954 954 977 977
Adjusted R? 0.002 0.044 0.065 0.170 0.243 0.405
Control variables X X X

4+ p < 0.10,* p < 0.05, ** p < 0.01.
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Table OA.3: Subsample analyses excluding missing: achievement

Math quiz GPA Completed
(1) (2) (3) (4) (5) (6)

Panel A: vocational track by GPA
Treatment -0.081 -0.071 0.028 -0.045 0.018 0.013

(0.087)  (0.085)  (0.125)  (0.117)  (0.032)  (0.031)
High x treatment  0.100 0.094 0.060 0.117 -0.030 -0.023

(0.149)  (0.132)  (0.156)  (0.135)  (0.041)  (0.039)
Observations 723 723 737 737 737 737
Adjusted R? 0.104 0.230 0.395 0.537 0.087 0.154
Panel B: academic track by GPA
Treatment 0.114 0.118 -0.066 -0.025 -0.049 -0.042

(0.128) (0.115) (0.096) (0.069) (0.034) (0.029)
High x treatment -0.113 -0.163 0.197+ 0.119 0.083* 0.071%*

(0.155) (0.141) (0.115) (0.092) (0.034) (0.029)
Observations 939 939 981 981 981 981
Adjusted R? 0.217 0.377 0.402 0.571 0.066 0.156
Control variables X X X

4+ p < 0.10,* p < 0.05, ** p < 0.01.
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Online Appendix B Cross tabulations

Table OB.1: Cross tabulation of pre-intervention mindset and track in high school.
Survey 1 sample

Fixed mindset Growth mindset Total
Vocational track 583 440 1023
Academic track 578 755 1333
Total 1161 1195 2 356

Note: n=2 364. 8 are missing due to not having answered the mindset questions.

Table OB.2: Cross tabulation of pre-intervention mindset and GPA. Survey 1 sample

Fixed mindset Growth mindset Total
Low GPA 678 483 1161
High GPA 443 675 1118
Total 1121 1158 2 279

Note: n=2 364. 8 are missing due to not having answered the mindset questions and 77 are missing due to missing GPA
in 10th grade.
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Online Appendix C Distribution plots

Figure OC.1: Distribution plot: mindset measures. Survey 2 - Full sample (n—1 768)
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: Distribution plot: mindset measures. Survey 2 - Vocational track sample

Figure OC.
(n=769)
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Figure OC.3: Distribution plot: mindset measures. Survey 2 - Academic track sample
(n=999)
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Figure OC.7: Distribution plot: achievement measure - math quiz. Survey 2 Sample
(n=1 768)
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