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Summary

This dissertation comprises three self-contained chapters that all empirically investigate deter-
minants of academic achievement in primary and secondary school. For decades economists
have been interested what determines different levels of academic achievement among students
and how these differences are influenced by educational policies. These insights are potentially
very important for policy makers who aim to design the educational system in the most opti-
mal way. As the labor markets evolve and globalization changes the demand for workers, it is
important both for the individual and for the society that these new demands can be met. It is
often argued that the changes in the demand side of the labor market are driven toward a de-
mand for high skilled workers. It is therefore imperative that the educational system facilitates
the students’ attainment of their highest possible academic level.

Each chapter considers different aspects and policies of the educational system and their
relation to student achievement in primary and secondary school. The first chapter considers
how student achievement is affected by the presence of potentially disruptive peers. The second
chapter considers how the student’s own achievement in 9th grade exams is affected by the
student’s level of sickness absence during the 9th grade. Finally, the third chapter considers
how students are affected by the feedback/grades they receive from the Danish National Tests.

The first chapter is concerned with the impact of the presence of potentially disruptive and
emotionally sensitive children in one’s school-cohort (co-authored with Jannie H.G. Kristof-
fersen, Marianne Simonsen and Helena Skyt Nielsen). For the past decade the trend has been
that more and more pupils are taught within the mainstream sector (See e.g. European Agency
for Development in Special Needs Education (2013)). While the debate has often focused on
how this might affect the included child, less attention has been given to the children already
in the classroom receiving the included child. There is a large body of literature that both the-
oretically and empirically documents that students are in fact affected by their peers in school
(See reviews by Epple and Romano (2011) and Sacerdote (2011)). This existing evidence sug-
gests that inclusion of disadvantaged children in mainstream classrooms exerts negative effects
on the other students in the classroom. We identify three groups of potentially disruptive
and emotionally sensitive children from detailed Danish register data: children with divorced
parents, children with parents convicted of crime, and children with a psychiatric diagnosis.



viii Summary

Our estimation strategy exploits data on children who move into the school-cohort and thus
generate variation in peer composition. We rely on population-wide Danish register-based data
that provide us with a panel of pupils and schools. Importantly this data allow us to control
for prior pupil performance and school fixed effects. We find that adding potentially disruptive
children lowers the academic achievement of peers by about 1.7-2.3 % of a standard deviation.

In the second chapter I investigate how 9th grade students are affected by their sickness
absence in the 9th grade. High absence rates among school children are a huge concern, as
student absence is thought to lower academic achievement. Pupils in grades 0 through 9 in
Danish public schools have an average absence rate of 11 days per year. Reducing high absence
rates has become a priority for both US as well as Danish policy makers. The hope is that
reduction of absenteeism will both increase overall achievement and reduce the gap between
low and high SES children. This paper investigates this relationship by carefully controlling
for possible confounders such as health and past achievement and by implementing a same-sex
sibling fixed effect model. This study further investigate whether different sub-groups of children
are affected differently by absence than others by estimating models separately for each sub-
group of males and females, by parents education and by parents income. The findings suggest
that a one percentage point increase in sickness absence in 9th grade reduces the exam grade in
Danish by 0.3 percent of a standard deviation. In math, the exam grade is reduced by about
1.6 percent of a standard deviation. The results are robust to different model specifications.
Girls’ math exam results seem to be more affected by absence than the boys’ results. Further I
find evidence that the children of fathers with vocational education are less affected by absence.

In the third chapter (co-authored with Louise V. Beuchert and Tine L.M. Eriksen) we ask
the question: How does information about own performance affect future performance of pupils
in elementary school? We exploit design features of the Danish National Test program within
a regression discontinuity design. More precisely, we exploit variations in the national test
score distribution to estimate the effect of a pupil receiving a particular grade (i.e. being told
that he or she is either Considerable below average, below average, average, above average, or
considerable above average) on subsequent achievement. This allows us to study the effects of
being labeled the higher of two adjacent categories while comparing pupils with almost the same
underlying test score. Thus, essentially we will compare pupils with the same skill and effort
level, but who by chance receive different information about their performance. We find that
students who receives positive feedback from the 3rd grade math test fares relatively worse in
later test compared to students who received negative feedback. Though imprecisely estimated
we find a different pattern for the 4th grade reading test, here students above the cut-off fares
relatively better in later tests. We do not find clear evidence that the effects differ by initial
ability, but we do find some suggestive evidence that mothers’ education is important for how
students react to the feedback. Further we find that boys seems to be more affected than girls.
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Dansk resumé (Danish summary)

Denne afhandling består af tre selvstændige kapitler, der alle undersøger faktorer, som har
betydning for elevers faglige niveau i folkeskolen. Økonomer har længe været interesseret i,
hvordan forskelle blandt elever påvirkes af forskellige uddannelsespolitikker. Denne viden er
potentielt vigtig for beslutningstagere, der ønsker at designe et optimalt uddannelsessystem.
Når arbejdsmarkedet udvikler sig, og globalisering ændre efterspørgslen efter arbejdskraft er
det vigtigt både for individet selv og for samfundet som et hele, at denne efterspørgsel kan imø-
dekommes. Ofte bliver der argumenteret for, at ændringerne i efterspørgslen efter arbejdskraft
går i retningen af en efterspørgsel efter højtuddannet arbejdskraft. Det er derfor essentielt, at
uddannelsessystemet kan befordre, at eleverne kan opnå det højest mulige faglige niveau.

De tre kapitler i denne afhandling undersøger hver for sig forskellige aspekter og politikker
af uddannelsessystemet, og hvordan disse påvirker elevers faglige niveau. Det første kapitel
omhandler, hvordan elevers testresultater bliver påvirket af at have en potentielt forstyrrende
klassekammerat. Det andet kapitel undersøger, hvordan sygefravær i 9. klasse påvirker elevens
eksamenspræstationer. Det tredje og sidste kapitel undersøger, hvordan elever bliver påvirket
af den feedback/karakter, de får fra de Nationale Tests.

Det første kapitel undersøger den indvirkning, som en potentielt forstyrrende og emotio-
nelt sensitivt klassekammerat kan have på resten af eleverne på en årgang (skrevet sammen
med Jannie H.G. Kristoffersen, Marianne Simonsen og Helena Skyt Nielsen). I det seneste årti
har trenden været, at man underviser flere og flere børn i den almindelige folkeskole (se f.eks.
European Agency for Development in Special Needs Education (2013)). Mens debatten oftest
har handlet om hvilken indvirkning denne trend har haft på det inkluderede barn, har der i
mindre grad været fokus på hvilken indflydelse, dette har på de elever, som allerede er i klas-
sen. Der eksisterer en bred litteratur, som både teoretisk og empirisk dokumenterer, at elevers
præstationer bliver påvirket af de børn, som de omgiver sig med (se f.eks. reviews af Epple
and Romano (2011) og Sacerdote (2011)). Den eksisterende evidens på området peger på, at
inklusion af ressourcesvage elever i almindelige folkeskoleklasser vil have negative effekter på
klassekammeraterne. Vi identificerer tre grupper af potentielt forstyrrende og emotionelt sensi-
tive børn gennem detaljerede, danske registerdata: Børn med skilte forældre, børn med forældre
der er dømt for kriminalitet og børn med en psykiatrisk diagnose. Vores estimationsstrategi be-
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nytter børn, som flytter ind i en skoleårgang og dermed skaber variation i sammensætningen
af klassekammerater. Til denne øvelse konstruerer vi, ved hjælp af dansk registerdata for hele
befolkningen, et panel af elever og skoler. Vigtigst af alt tillader dette datasæt os at kontrollere
for elevernes tidligere testresultater og skole fixed effects. Vi finder at inkludering af en po-
tentielt forstyrrende elev sænker klassekammeraternes efterfølgende testresultater med 1,7-2,3
procent af en standardafvigelse.

I det andet kapitel undersøger jeg, hvordan 9. klasses eksamenskarakterer bliver påvirket
af den mængde sygefravær, som eleverne har i løbet af 9. klasse. Høje fraværsprocenter blandt
skoleelever er en vigtig problemstilling, da meget fravær synes at sænke elevernes præstationer.
I den danske folkeskole er elever fra 0. til 9. klasse i gennemsnit fraværende 11 dage om året.
Både i Danmark såvel som i USA er det blevet en politisk prioritet at reducere fraværsprocenter.
Håbet er at en reducering af fraværsprocenterne vil øge det faglige niveau blandt alle elever
samt reducere skellet mellem børn af forældre med lav uddannelse og børn af forældre med
høj uddannelse. Dette kapitel undersøger denne sammenhæng ved omhyggeligt at kontrollere
for mulige confounders så som helbred og tidligere testresultater, og ved at implementere en
søskende fixed effect for søskende af samme køn. Ydermere undersøger jeg i dette kapitel, om
forskellige grupper af børn påvirkes forskelligt af fravær, ved at estimere modellerne separat for
hver gruppe af drenge og piger og efter forældres uddannelse og indkomst. Resultaterne peger
på, at en stigning i sygefravær på et procent point reducerer eksamenskarakteren i dansk med
0,3 procent af en standardafvigelse. I matematik bliver eksamenskarakteren reduceret med 1,6
procent af en standardafvigelse. Resultaterne er robuste over for forskellige specifikationer af
modellerne. Pigers matematikkarakter ser ud til at blive påvirket mere end drenges. Derudover
finder jeg også, at børn af fædre med erhvervsfaglige uddannelser er påvirket mindre end andre
børn.

I det tredje kapitel (skrevet sammen med Louise V. Beuchert og Tine L.M. Eriksen) stiller
vi spørgsmålet: Hvordan påvirker information om ens eget præstationsniveau fremtidige te-
stresultater for elever i folkeskolen? Vi udnytter specifikke detaljer i designet af de Nationale
Tests i et regression discontinuity design. Mere præcist, udnytter vi variation i fordelingen af
testresultater fra de Nationale Tests til at estimere effekten af at få en specifik karakter (altså
at få at vide, at man enten er en del under gennemsnittet, under gennemsnittet, gennemsnittet,
over gennemsnittet eller en del over gennemsnittet) på senere testresultater. På den måde kan
vi undersøge effekterne af at blive stemplet som værende i den høje af to tilstødende kategorier,
mens vi sammenligner elever med næsten den samme underliggende testscore. Det vil sige at
vi essentielt sammenligner to elever, som har de samme færdigheder, men som på grund af
tilfældigheder modtager forskellig information om deres faglige niveau. Vi finder, at elever, som
får positivt feedback fra 3. klasses matematiktest, klarer sig relativt dårligere i senere tests,
sammenlignet med elever som får negativt feedback. Omend upræcist estimeret finder vi, at
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mønsteret for 4. klasses læsetests er anderledes, her er det elever over cut-off’et som klarer sig
relativt bedre i senere tests. Vi finder ikke klar evidens på, at effekterne adskiller sig på tværs
af initial elevdygtighed, men vi finder forskelle som tyder på, at mødres uddannelses niveau er
vigtigt for, hvordan eleven reagere på feedbacken. Ydermere tyder det på, at drenge er mere
påvirket end piger.
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Abstract

This paper estimates how peers’ achievement gains are affected by the presence of
potentially disruptive and emotionally sensitive children in the school-cohort. We exploit
that some children move between schools and thus generate variation in peer composition
in the receiving school-cohort. We identify three groups of potentially disruptive and
emotionally sensitive children from detailed Danish register data: children with divorced
parents, children with parents convicted of crime, and children with a psychiatric diagnosis.
We find that adding potentially disruptive children lowers the academic achievement of
peers by about 1.7-2.3 % of a standard deviation.
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1.1 Introduction

During the last decade, a consensus has developed that all learners should be educated within
the mainstream sector. Therefore, countries across the world strive to establish inclusive set-
tings within the compulsory education system (see the review by European Agency for Devel-
opment in Special Needs Education (2013)). It is imperative to foresee and understand the
extent of potential consequences of this policy trend. Recent evidence suggests that inclusion
of disadvantaged children in mainstream classrooms exert negative effects on the other learners
(e.g. Carrell and Hoekstra, 2010; Cho, 2012; Diette and Uwaifo Oyelere, 2014; Figlio, 2007;
Kristoffersen, 2013) finds small positive but insignificant effects of sharing a classroom with
a disabled student. One paper (Hanushek, Kain, and Rivkin, 2002) finds small positive but
insignificant effects of sharing a classroom with a disabled student. Our paper adds to this
sparse literature.

This study is concerned with the impact of the presence of potentially disruptive and emo-
tionally sensitive children in one’s school-cohort. We approximate disruptiveness by early stu-
dent characteristics and quality of the home environment prior to school enrollment. Hence we
do not rely on measures of current behavior that may be difficult to handle for simultaneity
reasons. Our estimation strategy exploits children who move into the school-cohort and thus
generate variation in peer composition. For this exercise, we rely on population-wide Danish
register-based data that provide us with a panel of pupils and schools. Importantly these data
allow us to control for prior student performance and school fixed effects.

Our main contributions are the following: Firstly, compared to the existing literature, we
consider a broader group of disruptive and emotionally unstable children. Specifically, we
look at children whose parents have divorced, whose parents have a criminal history, and who
themselves have an early psychiatric diagnosis. This is appealing because disruptiveness may
easily extend beyond children exposed to extreme and violent home environments as analyzed
by Carrell and Hoekstra (2010). Fewer than 5% are exposed to domestic violence in their sample
and effects of less problematic exposures may be just as interesting. Secondly, the availability
of unique population wide individual level panel data allows us to improve upon the estimation
strategy compared to much previous work. Like for instance Fletcher (2009) for children with
emotional problems and Cho (2012) and Diette and Uwaifo Oyelere, 2014 for English Language
Learners (ELL), we employ a value added model which implies that our disruptiveness measure
is only required to be exogenous with regards to changes in test scores, not with regards to
levels of test scores. However, our strategy does not rely on variation in disruptive classmates
within school-grade or within individual. Rather it explicitly exploits movements of supposedly
disruptive or emotionally sensitive children across schools.

We first document that children with divorced or criminal parents or own psychiatric diag-
noses have on average worse behavior than their classroom peers. Then we present evidence
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that receiving a potentially disruptive child can have negative consequences for peers in the
receiving school-cohort, in the sense that it lowers their immediate academic achievement in
reading by about 1.7-2.3% of a standard deviation. The strongest and most robust effects seem
to come from children with a psychiatric diagnosis or whose parents have a criminal history,
while children with divorced parents exert no significant effect on test scores of peers on aver-
age. However, when we allow disruptive boys and girls to have different effects, we find that a
boy with divorced parents does seem to disrupt peers to an extent that is reflected in their test
scores.

Our paper contributes not only to the literature on the effects of disadvantaged children in
mainstream classrooms; we also speak to the literatures concerned with consequences of peer
performance and characteristics more generally (see Epple and Romano (2011) and Sacerdote
(2011) for overviews). Our study is, for example, related to two recent contributions by Lavy,
Silva, and Weinhardt (2012) and Lavy, Paserman, and Schlosser (2012) that both document
that a higher proportion of low-achieving peers is detrimental for pupil achievement.1 It is
also related to Black, Devereux, and Salvanes (2013) who is concerned with peers’ background
characteristics. They find evidence that the proportion of girls improves female (but not male)
outcomes and that higher earnings among peers’ fathers improve male outcomes. Lavy and
Schlosser (2011) find positive effects of having a large fraction of girls in the classroom for
both boys and girls. Other examples of this type of work are studies of the impact of school
desegregation programs, where some studies find scattered and moderate effects of balancing
the racial composition (Angrist and Lang, 2004; Hoxby and Weingarth, 2006), while others find
substantial effects (Billings, Deming, and Rockoff, 2014).

The paper is structured as follows: Section 1.2 gives a brief overview of the institutional
setting, Section 1.3 presents our data, Section 1.4 discusses our identification strategy, Section
1.5 describes our measures of disruptive children, Section 1.6 reports results, and Section 1.7
concludes.

1.2 Institutional setting

1.2.1 Elementary schools in Denmark

For the period relevant to our study education is compulsory from the calendar year the child
turns 7 until the child has completed 9th grade.2 Before the 1st grade there is an optional
preschool year with a take-up of 83% in 2005 (UNI-C, 2012). After the completion of 9th grade

1Imberman, Kugler, and Sacerdote (2012) and Hanushek, Kain, Markman, and Rivkin (2003) document
significant effects of average peer quality.

2In 2009 the preschool year became compulsory, but the youngest cohort in this study started preschool in
2008.
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the pupil can either enroll in high school or in vocational school. The preschool class, 1st to
9th grade as well as post-compulsory schooling are free of charge, as long as they are taken on
public schools; private schools and boarding schools charge tuition fees.

In the preschool class, pupils are taught by a form teacher, but from 1st grade to 9th

grade, pupils are taught by subject specific teachers. The same subject specific teacher follows
the pupils through several grades. There are no general regulations as to the organization of
teachers across grades. However, many schools are informally divided into age groups preschool-
3rd grade, 4th-6th grade, and 7th-9th grade, and each teacher will typically specialize in their
subject teaching within one age group. Classes consist in general of no more than 28 pupils.
Each class has one or two main responsible teachers (typically the teachers in Danish and/or
math), who cover the main part of their lectures during a number of school years. Most schools
offer all grades up until grade 9 but there are some small schools that only offer a subset of
these, often up until grade 6 or 7, the pupils then finish compulsory schooling at another school.

1.2.2 National Tests

Danish school children have not been systematically evaluated in the lower grades until 2010.
Before 2010 the children were only systematically graded from 8th grade and they experienced
their first exam at the end of 9th grade (at around age 16). After some years of poor perfor-
mance in OECD’s PISA-test (2000 and 2003), the parliament decided to introduce systematic
nationwide testing throughout compulsory school.

The National Tests are IT-based, self-scoring and adaptive tests.3 The test score is based
on a precise measure of student ability rather than a count of the number of correct answers.
Instead of giving all pupils the same questions and summing up the number of correct answers,
the software calculates an ability measure after each question and then finds a question with a
difficulty level that matches the contemporary measure of the pupil’s ability level. After each
question the software re-estimates a new ability level and the difficulty level of the next question
is based on a RASCH-algorithm that ensures that the student is given questions that he or she
has a 50% probability of answering correctly. Thus the final ability estimate is not a function
of the number of correct answers but instead a function of the difficulty level of the questions
and the ability of the student. The final ability measures are distributed from -7 to 7 on a logit
scale.

The test is designed to simultaneously estimate the pupil’s ability within three profile areas
of each subject, and the algorithm will alternate questions testing each of these three profile
areas. In this paper we focus on the tests in reading in 2nd, 4th, 6th, and 8th grade and use the
tests in math in 3rd and 6th grade as a robustness test. The three profile areas in reading are

3For details on the national tests, see Beuchert and Nandrup (2014).
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(1) language comprehension, (2) decoding, and (3) reading comprehension and in math they
are (1) numbers and algebra, (2) geometry, and (3) mathematics in use.

The National Tests are primarily thought to have a pedagogical purpose rather than an
accountability purpose. Thus, the main purpose of the tests is to give feedback to teachers,
pupils and parents, about the ability level of the individual child. In principle, the teacher can
assist weak children and/or provide the child with aids or breaks during the test. Informa-
tion on assistance or aid given to the pupil is unfortunately not available for researchers but
obviously it is known by the teacher and child. The tests are in principle compulsory for all
students enrolled in public schools, but headmasters may exempt students from the test. Our
identification strategy accounts for these issues, and we will elaborate on this in the section
about the empirical strategy.

1.3 Data

We exploit administrative data for the entire Danish population maintained by Statistics Den-
mark. These include key individual level test score data from the National Tests (spring 2010-
2013) in addition to school identifiers and socio-economic background information about pupils
and their parents. Important for our empirical strategy, we are able to identify children who
move between schools. We identify three groups of potentially disruptive children through their
background characteristics: children with parents who have divorced before the child turned
6, children with parents convicted of a crime before the child turns 6, and children diagnosed
with a psychiatric diagnosis before he or she turned 9.4 All other child and parent information
is measured at age 5, which is the year before they start school, in order to ensure that school
experiences do not influence the background characteristics. We define parents as divorced if
they do not live at the same address on January 1 in the year the child turns 5.5 We define
parents as criminal if either the father or the mother has been convicted of a non-traffic crime
or has been sentenced to prison because of sufficiently severe traffic-related crime before the
child turns 6. We define children with a psychiatric diagnosis based on registered psychiatric di-
agnoses at general hospitals before age 9. From the full population, we select children enrolled
in public schools in mainstream classrooms who took the National Test in reading or math
in the relevant years6; see Table 1.A.1. We restrict our sample to only contain cohorts from
schools where at least some of the students continued on the same school until the end year. In

4We choose a higher age limit for psychiatric diagnoses because such diagnoses are rare before the age of 6.
5We do not distinguish between marriage and cohabitation.
6A large breakdown of the IT system behind the National Tests implied that 7% did not take the test

as planned (see Rambøll, 2013). In 2012 not all of the pupils enrolled in public schools in 2010 continued in
public schools: 95.86% of the students who were in public schools 2nd, 4th, or 6th grade, were enrolled in public
schools again in 2012, while 3.84% of the students had moved to a private school where they are not part of the
systematic National Tests, and the last 0.30% had moved to special schools or boarding schools.



8 Chapter 1. Disruptive School Peers and Student Outcomes

that way we exclude cohorts from schools that close and from small schools that did not offer
the relevant grades. We also remove the very small school-cohorts (less than 10 pupils) along
with the very large ones (more than 200 pupils). When we run our regressions, we exclude
potentially disruptive students who move and thus create our identifying variation, such that
their test scores are not included in the analysis, this reduces our sample sizes even further.
We use variation at the school-cohort level rather than the classroom level. We believe that it
is more likely that the mobility of students is exogenous at the school-cohort level than at the
classroom level, because the school principal might sort new students across classrooms and
teachers, based on different unobservable criteria.

Table 1.A.2 defines our background variables and Table 1.A.3 shows means of outcome
variables and background characteristics of the children in our main sample covering children
with test scores in reading. Outcome variables are z-scores from the National Tests.7 The
receiving school-cohorts score lower on test scores after the new children have entered the
school-cohort, than non-receiving school-cohorts do. Note that they also scored lower in the
base year. Furthermore, these school-cohorts have more disruptive children before the new
children enter the school-cohort. In total the school-cohorts that receive disruptive children,
no matter how it is measured, have on average a less favorable socio-economic background.
Hence it is crucial for our analysis to include this rich conditioning set. Slightly more than
90% of the school-cohorts receive or lose a pupil between the two tests, causing shifts in peer
composition over the 2-year period. Three out of four school-cohorts receive a new peer with
divorced parents. Also three out of four cohorts receive or lose a new peer with parents who
have a criminal background. While 19% of the cohorts receive a new pupil with a psychiatric
diagnosis, only 14% lose a pupil with such a diagnosis. This difference between the inflow
and the outflow reflects the increasing tendency of inclusion of mentally disabled pupils in
mainstream schools. For details, see Table 1.A.4.

In total 21% of the children in our sample have divorced parents and around 27% of the
children in our sample have parents where at least one – typically the father – has committed a
crime before the child starts school. These families tend to move more than others and therefore
many school-cohorts either receive or lose a child with these characteristics. Fewer than 5%
of the mothers have committed a crime before the child starts school compared to 24% of the
fathers. The most common types of crime committed by the fathers are property crime (16%),
drugs and weapon related felonies (10%) and violence (6%). In total 11% of the fathers have
at some point gone to prison, and about 2% of the fathers have been to prison due to a traffic
violation.

7In order to construct one test score, comparable to the existing literature, we create a standardized average
of test scores across the three profile areas. To account for possible differences in the scales across profile areas,
we first standardize the scores for each profile area for each grade-year combination before we average the scores.
Finally we standardize the average of the standardized profile areas for each grade-year combination in order
to ensure that the average test score has a standard deviation of one and a mean of zero.
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1.4 Estimation strategy

The panel nature of our dataset allows us to estimate peer effects in a value added frame-
work. We estimate the effect of receiving a disruptive peer in the school-cohort on test scores,
conditional on lagged test scores, lagged school-cohort characteristics and information on in-
dividual and family background. We measure potential disruptiveness through indicators of
the family environment prior to school enrollment as described above. We are interested in
how the presence of disruptive children in the school environment affects peers, but contem-
poraneous disruptiveness of one student might be affected by the behavior and performance
of other children. It will therefore be difficult to disentangle who is influencing whom due to
the simultaneous nature of peer effects. Our first two measures of disruptiveness: divorced
parents and criminal parents are measured before the children enter school, and the last mea-
sure: children with a psychiatric diagnosis, is measured before they turn 9, and thus before
the first test; it is thus very unlikely that they are affected by their new school mates. Many
psychiatric diagnoses are not discovered until the child starts school. Almost 2% of children
in mainstream classrooms were diagnosed with a mental disorder at 8 years, but only 43% of
those were diagnosed before they started school. Also the composition of diagnoses differs for
those diagnosed before they started school and those who were diagnosed before age 8. Among
the 8 year olds ADHD is the most common diagnosis, while among the 5 year olds the most
prevalent diagnoses are neurodevelopmental disorders, autism, and eating disorders.

We estimate the following model for test score, y:

yict =α + β ·Disruptct + ρ ·Movementct + δ · yic,t−1 + θ · Sizec,t−1
+ φ ·Gradec,t−1 + τ ·BaseY earc + ω ·BaseY earc ·Gradec,t−1
+ λ · ShareDisruptc,t−1 + π · xic,0 + γ · Schoolc,t−1 + εict ,

where i indicates the child, c the class (school-cohort), and t time. Disrupt is a 1 × 2 vector
where the first entry takes the value one if a disruptive child has entered the school-cohort
since t − 1 and the other takes the value one if a disruptive child has left the school-cohort
since t− 1. Movement is a 1× 2 vector that registers any movement into or out of the school-
cohort.8 The parameter associated with receiving a disruptive child (Disrupt) is the parameter
of interest and the counterfactual is receipt of a non-disruptive child. Size indicates the size
of the school-cohort, ShareDisrupt is the share of disruptive children at the school-cohort at
t − 1, x includes individual level background characteristics measured before the child starts

8Gibbons and Telhaj (2011) document that this general movement has a negative effect on the students
in the receiving classrooms. They find that an increase in annual entry rates from 0 to 10% would set back
students by 5% of a standard deviation between the ages 7 and 11. Thus it is important to separate these effects
from our estimate of how disruptive peers affect their classmates.



10 Chapter 1. Disruptive School Peers and Student Outcomes

school,9 and School is a vector of school indicator dummies. By including grade and base year
fixed effects and interaction of those two, we are able to control for differences in means of the
test scores in each base year by grade level cell. We allow the error term ε to be clustered at
the school level.

In the value added framework the movement of the pupils needs only be exogenous to the
changes in test scores and not to the levels, as our conditioning set includes previous test
scores. This is less restrictive than a model that regresses gains in test scores on observables
given that the inclusion of previous test scores captures the unobservables in the school and
home environment that influences test scores.10 The rest of the conditioning set is assumed to
account for other differences there might be. The two components of the vector Movement

capture any general effects of school-cohort disruption, or the effects of increasing the school-
cohort size. Larger schools covering larger districts will typically experience more movement;
we thus include Size which controls for the effects of the school-cohort size that otherwise
would have an indirect effect on our results. Test scores are standardized on the full sample for
each year and grade level to have zero mean and unit variance, we include grade fixed effects to
control for any differences in the means of the test scores that are due to sample selection. By
including ShareDisrupt we allow for the possibility that school-cohorts with a high share of
disruptive children might be more likely to receive an extra pupil. Finally school fixed effects
and individual characteristics allow for differences in the probability of receiving a disruptive
child across socio-economic status and across schools.11

We use indicator variables to measure movement of children into and out of the peer group
rather than changes in the fractions. This strategy allows for asymmetries and non-linearities of
the effects in a simple fashion. The distributions of movements into the school-cohort are shown
in Figure 1.1. They suggest that a substantial part of the variation in the influx comes from
the extensive margin: whether one potentially disruptive child enters the class or not (0/1).
For diagnosed children, only 20% of the observations involve more than one child moving, while
for children of divorced parents and children with criminal parents, 70% of the observations
involve more than one child moving. In the former case a linearity assumption would not be
overly restrictive because almost all variation comes from the margin zero to one, whereas in
the latter case a linearity assumption would be more restrictive because it requires that the

9In contrast to the moving children, psychiatric diagnoses of the receiving children are also measured before
they start school.

10Todd and Wolpin (2003) note that a model that regress the gains in test scores on observables without
the lagged test score is a more restrictive version of the value added model as it corresponds to a model where
δ = 1. As a robustness check we estimate this more restrictive model.

11While we are convinced that the characteristics of the students moving into the school cohorts cannot have
affected the new peers before they move in to the new school, we expect that pupils who move out might both
affect the child before the move but also after they have left, as they might still influence each other out of
school. Thus the mechanisms of how peers are affected by losing a classmate are not as clear cut, and therefore
we have our main focus on students moving into the cohort.
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Figure 1.1: Distribution of the influx of children.
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impact of each additional potentially disruptive child is the same.
As discussed above some children may receive aids during the tests, and this will possibly

affect the test scores, but we are unfortunately not able to observe this, and hence control for
it. But in the same way that test scores in 2012 (2013) are a function of the test environment,
the scores in 2010 (2011) are influenced by the test environment in 2010 (2011). Thus by
conditioning on lagged test scores - and in essence looking at gains in test scores instead - we
will resolve this problem as long as differences over time in aids offered to the child is orthogonal
to receiving a new peer.12 In this analysis we can only use information from children who have
test scores from both 2010 (2011) and 2012 (2013). We believe that children who are exempted
from the tests are typically children who would perform poorly if they were to take the test.
We might therefore not be able to capture how the worst performing children will be affected
by a new disruptive peer.

We estimate a linear probability model to investigate how much of the variation in increase of
disruptive children can be explained by our conditioning set. This model will give us an idea of
how well the increases can be predicted by characteristics of the school-cohort or to what extent
it is an exogenous shock to the peer composition. Table 1.1 reports the results. We regress
each of the disruption-increase dummies on our explanatory variables; the first column shows
the estimates for increase of children with divorced parents, the second shows the estimates for
increase of children with parents with a criminal background, and the third shows the estimates
for increase of children with an early psychiatric diagnosis.13 Importantly, while some coefficient
estimates in the regressions of movements on background characteristics are significant, the
size of the estimates is always small relative to mean values and the signs do not indicate any
particular type of selection. We are not surprised about the occasional significance since our
models include more than 200,000 observations. In fact, the P -values on the F -tests of joint
significance of individual level background characteristics indicate that increases of children
of parents with a criminal background are unrelated to observable characteristics. Formally,
we cannot reject the null hypothesis that coefficient estimates are zero (P -value 0.124). In
contrast, there may be some correlation in the cases with children of divorced parents (P -value
0.012) and with regards to the influx of children with a psychiatric diagnosis (P -value 0.024).
We acknowledge this and control for the rich set of observable characteristics in our analysis.
Since our main analysis relies on the assumption that the influx of disruptive children should

12We do not believe that the teachers’ possibility to assist the children is a large problem, but we cannot
completely rule out that the teachers in the classes that receive a disruptive child try to compensate for the
disruption by giving more aid to the rest of the class during the test. This would mask some of the negative
effect that the disruptive children might have on the classmates, thus potentially bias our results toward zero.
Alternatively the teacher could be forced to spend all the time helping the potentially disruptive child and thus
have less time to assist the rest of the class; this would bias our results in the other direction.

13Another way of performing this type of test is to perform a regression of each of the individual characteristics
on the disruption-increase dummies. The conclusions are qualitatively the same and results are available upon
request.
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Table 1.1: Linear regression,
Likelihood of receiving a disruptive peer

Increase of children Increase of children Increase of children with a Mean
with divorced parents with criminal parents psychiatric diagnosis

Child:
Test score, Reading (base year) -0.0006 0.0013 0.0017 0.0301

(0.0014) (0.0013) (0.0012)
Divorced parents (0/1) -0.0032 0.0021 0.0024 0.2049

(0.0020) (0.0019) (0.0019)
Parents who committed non-traffic crime (0/1) 0.0023 -0.0049** 0.0012 0.2696

(0.0020) (0.0021) (0.0019)
Psychiatric diagnosis at age 5 (0/1) 0.0156** -0.0001 -0.0012 0.008

(0.0078) (0.0082) (0.0078)
Parents committed violent crime or have been -0.0023 0.0031 -0.0053** 0.1213

to prison (0/1) (0.0028) (0.0028) (0.0026)
Immigrant (0/1) 0.0055 0.0071** 0.0068** 0.0745

(0.0036) (0.0034) (0.0031)
Birth weight less than 1500 grams (0/1) -0.0051 0.0049 -0.0009 0.0295

(0.0060) (0.0061) (0.0058)
Birth weight 1500-2500 grams (01) -0.0013 0.0072* 0.0017 0.0374

(0.0041) (0.0041) (0.0039)
Male (0/1) -0.0027* -0.0001 -0.0008 0.5

(0.0016) (0.0014) (0.0014)
APGAR5 not 10 (0/1) 0.0003 0.0010 -0.0015 0.2631

(0.0031) (0.0031) (0.0029)
Size of cohort at school 0.0004 0.0003 -0.0002 52.034

(0.0005) (0.0005) (0.0006)

Mother:
Number of older siblings 0.0001 0.0011 -0.0009 0.7071

(0.0010) (0.0010) (0.0009)
Age (when child is 5 years old) 0.0000 -0.0003 -0.0005** 29.628

(0.0002) (0.0002) (0.0002)
Degree of unemployment 0.0019 -0.0024 0.0078* 0.0549

(0.0049) (0.0047) (0.0047)
Gross income (2000 prices, in 100,000 DKK) 0.0003 0.0001 0.0012 1.8602

(0.0009) (0.0008) (0.0009)
High school (0/1) -0.0008 -0.0039 -0.0013 0.0708

(0.0033) (0.0032) (0.0032)
Vocational (0/1) 0.0019 -0.0006 0.0001 0.307

(0.0025) (0.0024) (0.0023)
2-year college (0/1) 0.0015 -0.0037 -0.0017 0.0366

(0.0043) (0.0042) (0.0040)
4-year college (0/1) 0.0026 -0.0026 -0.0008 0.1794

(0.0031) (0.0031) (0.0030)
MSc or PhD degree (0/1) 0.0056 -0.0019 -0.0029 0.0641

(0.0044) (0.0042) (0.0046)
Father:
Age (when child is 5 years old) -0.0004** -0.0000 0.0004*** 31.385

(0.0002) (0.0002) (0.0002)
Degree of unemployment -0.0167*** 0.0077 0.0038 0.0315

(0.0064) (0.0057) (0.0057)
Gross income (2000 prices, in 100,000 DKK) -0.0008** -0.0002 -0.0001 2.8203

(0.0003) (0.0005) (0.0003)
High school (0/1) -0.0008 -0.0013 0.0025 0.0494

(0.0039) (0.0037) (0.0038)
Vocational (0/1) 0.0051** 0.0032 -0.0022 0.3518

(0.0023) (0.0022) (0.0021)
2-year college (0/1) 0.0080** 0.0068* 0.0006 0.0565

(0.0037) (0.0036) (0.0033)
4-year college (0/1) -0.0014 0.0019 -0.0065** 0.1049

(0.0033) (0.0031) (0.0033)
MSc or PhD degree (0/1) -0.0048 -0.0087* -0.0088** 0.0851

(0.0044) (0.0044) (0.0041)

(continued on next page)
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Table 1.1 Continued: Linear regression,
Likelihood of receiving a disruptive peer

Increase of children Increase of children Increase of children with a Mean
with divorced parents with criminal parents psychiatric diagnosis

Started in 4th grade 0.0148 0.0591*** -0.0250
(0.0178) (0.0178) (0.0157)

Started in 6th grade 0.0791*** 0.1049*** 0.0040
(0.0178) (0.0191) (0.0183)

BaseYear 2011 0.0039 0.0273 0.0116
(0.0186) (0.0192) (0.0176)

Started in 4th grade X BaseYear 2012 0.0318 -0.0139 0.0567**
(0.0248) (0.0246) (0.0231)

Started in 6th grade X BaseYear 2012 0.0110 0.0065 0.0903***
(0.0242) (0.0240) (0.0255)

Observations 238,795 237,815 246,022 246,590
R2nd 0.3300 0.3545 0.2964
F -test variables above without grade and BaseYear

(p-value) 0.0124 0.1239 0.0236

Controls
School FE YES YES YES

Note: The table reports marginal effects evaluated at the mean. Standard errors are clustered at the school level and shown in parentheses. *** p<0.01,
** p<0.05, * p<0.1

be unrelated to changes in test scores given our conditioning set, it is comforting to see that
our regressions show that increases of disruptive children is unrelated to the levels of test scores
in the base year.

1.5 Disruptive children

The primary channel through which children with divorced or criminal parents or an early
psychiatric diagnosis may affect their peers is thought to be through behavior, although other
mechanisms may also be at work. The question is whether the indicators for potentially dis-
ruptive behavior actually capture disruptive behavior. For this reason, this section investigates
behavior of potentially disruptive children. This analysis relies on auxiliary survey data on a
subsample of sixth graders who completed the National Test in 2013; see Andersen, Beuchert,
and Nielsen (2014). Importantly, these survey data include information about self-reported
answers to the Strengths and Difficulties Questionnaire (SDQ); see Goodman (1997).14 The
SDQ covers five subscales: (1) emotional symptoms, (2) conduct problems, (3) hyperactiv-
ity/inattention, (4) peer relationship problems, and finally (5) pro-social behavior. (1) through
(4) added together generates a total difficulties score. A high total difficulties score corresponds
to a high level of difficulties. The fifth scale, in contrast, is a measure of strengths; here a high
score is equivalent to more pro-social behavior. The scores of the five SDQ scales lies between
0 and 10 and the total difficulties score lies between 0 and 40.

14For complete information on the SDQ visit www.sdqinfo.org.
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Table 1.2: Linear regression,
Total difficulties score on measures of disruptiveness

Meassure of disruptiveness: (1) (2) (3) (4) (5) (6) (7) (8)

Divorced parents 1.635*** 1.618*** 1.348*** 1.286***
(0.184) (0.192) (0.185) (0.193)

Divorced parents ∗ Boy 0.036 0.131
(0.217) (0.232)

Criminal parents 1.437*** 1.679*** 1.156*** 1.415***
(0.136) (0.187) (0.129) (0.187)

Criminal parents ∗ Boy -0.489** -0.522**
(0.238) (0.253)

Psychiatric diagnosis 1.257** 1.438 0.986* 1.263
(0.563) (0.891) (0.558) (0.824)

Psychiatric diagnosis ∗ Boy -0.248 -0.387
(1.142) (1.114)

Boy 0.022 0.150 -0.015 0.140
(0.153) (0.116) (0.144) (0.129)

Observations 9,516 9,516 9,516 9,516 9,516 9,516 9,516 9,516
R-squared 0.015 0.015 0.013 0.014 0.001 0.001 0.024 0.024

Note: No other covariates than those listed are included in the regressions.
Standard errors are clustered at the school level and shown in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Table 1.2 shows the (unconditional) relationship between our measures of disruptiveness and
the total difficulties score. Columns (1), (3), and (5) present simple regressions of SDQ on our
measures of disruptiveness, while columns (2), (4), and (6) also allow for gender interactions.
Columns (7)-(8) combine all variables in one model. Children of divorced and criminal parents
exhibit significantly worse behavior than other children. Interestingly, we see that the correla-
tion between SDQ and parental crime is higher for girls than for boys. Children with an early
psychiatric diagnosis do, on average, score differently than other children. Note though that we
only have information about children in mainstream classrooms, but the children moving into
the classroom in our main analysis are not restricted to come from a mainstream classroom.
Children who are more severely affected by their psychiatric disorder will most likely be placed
in either a special needs class or in a special school. Thus, Table 1.2 shows a clear relationship
between misbehavior and the indicators for potential disruptiveness.15

These results do not stand alone. For example, Bergström, Fransson, Hjern, Köhler, and
Wallby (2014) support what we find in terms of children with divorced parents. They find
that the SDQ difficulties score among children from nuclear families is 7.34 as opposed to
8.96 among children whose parents enjoy joint custody and 9.57 among children in single
care. Snyder, Carlo, and Mullins (2001) show that children with incarcerated parents are at

15The pattern is similar for each of the subscales. The only exception is that children with a psychiatric
diagnosis score higher in the externalizing dimension only. The estimates for the individual subscales are
available upon request.
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increased risk for abuse of drugs and alcohol, engaging in antisocial behavior, dropping out
of school or experiencing a decline in school work as well as having high levels of truancy,
aggression, and disruptive behaviors, compared to other children. As mentioned, the most
common psychiatric diagnosis established before the age of 9 is ADHD (18%). Core symptoms
associated with ADHD are well-known and include reduced attention span, hyperactivity, and
impulsive behavior. In fact, SDQ has been shown to identify over 70% of individuals with
conduct, hyperactivity, depressive and some anxiety disorders (Goodmann, Ford, Simmons,
Gatward, and Meltzer, 2000).

1.6 Effects on student outcomes

This section first presents our main findings followed by a range of heterogeneity and robustness
analyses.

1.6.1 Main results

Table 1.3 shows the results from our baseline estimations. For completeness, the table reports
all coefficients associated with movement indicators. The first coefficient in each panel is the
estimate of our parameter of interest that indicates the effect of an increase of potentially dis-
ruptive children. For completeness, we also show the coefficients associated with a decrease in
potentially disruptive children and effects of movements in general. Columns (1)-(4) sequen-
tially add control variables.

Panel A reports the estimations using children with divorced parents as the measure of
potentially disruptive children. Column (1) shows coefficients from a regression only on the
movement dummies and baseline test scores. Recall that the increase dummies indicate if
there have been any (disruptive) children moving into the school and the decrease dummies
indicate if there have been any (disruptive) children moving out of the school. Column (2) adds
school fixed effects; column (3) adds school-cohort variables, and column (4) adds individual
characteristics. Panel A shows that the point estimate associated with receiving a child with
divorced parents is practically zero and insignificant after we control for school fixed effects and
it remains stable when we include school-cohort and individual characteristics. We interpret
this as evidence that having peers with divorced parents does not seem to affect the pupil’s
performance gain.

Table 1.3, Panel B shows the estimates from our models where we consider children with
parents who have committed a non-traffic crime before the child turns 6 as the group of possibly
disruptive children. The coefficient associated with receiving a disruptive child shows that
including a child with criminal parents into the school-cohort has a negative effect on the test
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Table 1.3: Resutls: Reading

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

Panel A
Children with divorced parents
Increase -0.0160** -0.0026 -0.0029 -0.0023
Std. error (0.0080) (0.0082) (0.0082) (0.0081)
Decrease -0.0153* 0.0094 0.0095 0.0074
Std. error (0.0078) (0.0081) (0.0082) (0.0081)
Any children
Increase 0.0288** 0.0085 0.0084 0.0098
Std. error (0.0141) (0.0149) (0.0149) (0.0147)
Decrease 0.0094 0.0078 0.0050 0.0072
Std. error (0.0177) (0.0169) (0.0169) (0.0166)

Observations 238,795 238,795 238,795 238,795
R-squared 0.5538 0.5744 0.5745 0.5832

Panel B
Children with criminal parents
Increase -0.0289*** -0.0178** -0.0189** -0.0168**
Std. error (0.0083) (0.0079) (0.0079) (0.0079)
Decrease -0.0163** 0.0162** 0.0168** 0.0138*
Std. error (0.0082) (0.0078) (0.0079) (0.0078)
Any children
Increase 0.0371*** 0.0199 0.0206 0.0206
Std. error (0.0143) (0.0148) (0.0147) (0.0146)
Decrease 0.0132 0.0048 0.0011 0.0032
Std. error (0.0176) (0.0168) (0.0168) (0.0165)

Observations 237,815 237,815 237,815 237,815
R-squared 0.5534 0.5740 0.5741 0.5828

Panel C
Children with a psychiatric diagnosis
Increase -0.0269*** -0.0260*** -0.0248*** -0.0233***
Std. error (0.0079) (0.0080) (0.0080) (0.0079)
Decrease -0.0117 0.0030 0.0016 0.0010
Std. error (0.0085) (0.0084) (0.0085) (0.0085)
Any children
Increase 0.0188 0.0124 0.0119 0.0138
Std. error (0.0129) (0.0139) (0.0139) (0.0137)
Decrease -0.0044 0.0099 0.0071 0.0092
Std. error (0.0169) (0.0155) (0.0157) (0.0153)

Observations 246,022 246,022 246,022 246,022
R-squared 0.5528 0.5728 0.5728 0.5818

Controls
School FE NO YES YES YES
School-cohort characteristics NO NO YES YES
Individual characteristics NO NO NO YES

Note: Standard errors are clustered at the school level and shown in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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score gain for the peers. The effect is again robust to the inclusion of more controls after the
school fixed effect is controlled for and is significant at a 5% level in the full model.

As the final measure of possibly disruptive children we consider children diagnosed with
a mental disorder before age 9. Results for these estimations are shown in Panel C. The
negative estimated effect of including a child with an early psychiatric diagnosis again remains
stable when we include school-cohort characteristics and individual characteristics after we have
controlled for school fixed effects. The effect of receiving a new peer with a psychiatric diagnosis
is significant at a 1% level.

The size of the point estimates of 1.7% and 2.3% of a standard deviation reduction in
the average test score in reading associated with influx of children with criminal parents and
children with a psychiatric diagnosis is moderate. It compares to results found in the class-size
literature which finds effects of including an extra student of about 2-5% of a standard deviation
(see Angrist and Lavy, 1999; Fredriksson, Öckert, and Oosterbeek, 2013) and is a bit smaller
than the effects of including an English Language Learner found in Cho (2012). Remember
that we do not use class level variation but instead use school-cohort level variation. If the
disruptive behavior only affects students within the same classroom, then our estimated effect
will be downward biased by the unaffected classrooms, as we estimate the average effect over
all classrooms in the school-cohort. We try to circumvent this issue in our robustness analysis
below by restricting our sample to small schools with only one or two classrooms per cohort.
The effect of between 1.7% and 2.3% of a standard deviation is the average effect of all the
students in the school-cohort which on average is about 50 students, thus the total effect on all
students in the cohort is substantial.

Acknowledging that these measures of possibly disruptive children are potentially positively
correlated we estimate a joint model where we include indicators for all three measures of
disruptive children. In fact the correlation coefficient between divorced parents and criminal
parents are 0.21, between psychiatric diagnosis and divorced parents it is 0.04, and between
criminal parents and psychiatric diagnosis it is 0.03. The regressions in Table 1.A.5 show
generally the same pattern as the regressions above. Both the effects of receiving a child with
criminal parents and that of receiving a child with a psychiatric diagnosis are slightly lower
than in the simple models and only significant at a 5% level.

To sum up, our estimations suggest that the inclusion of a disruptive pupil in a school-cohort
can negatively influence the test score gain of the new peers. The estimated effects of receiving
children whose parents are convicted of crime and children with a psychiatric diagnosis are
robust to the inclusion of various controls.
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Table 1.4: Results: Reading, by gender

Divorced Criminal Psychiatric
Parents Parents Diagnosis

Increase of girls -0.0020 -0.0165** -0.0337***
Std. Error (0.0075) (0.0073) (0.0104)

Increase of boys -0.0147** -0.0116* -0.0220**
Std. Error (0.0068) (0.0069) (0.0097)

Observations 238,795 237,815 246,022
R-squared 0.5833 0.5829 0.5819

Controls
School FE YES YES YES
School-cohort characteristics YES YES YES
Individual characteristics YES YES YES

Note: The model estimated is a linear regression model controlling for
previous test score, including dummies for decrease in the potentially dis-
ruptive boys and girls separately, and dummies for the general movements
of boys and girls separately.
Standard errors clustered at the school level and shown in parentheses.
*** p<0.01, ** p<0.05, * p<0.1.

1.6.2 Heterogeneity

The effects found above suggest that children on average are negatively affected by sharing a
classroom with a disruptive child. But it may very well be that the effect is larger for different
age groups or across genders.

The results in Section 1.5 showed substantial gender variation in SDQ within our classes
of disruptive children. It is thus natural to think that boys and girls with these characteristics
will affect their peers differently. Recent work by Bertrand and Pan (2013) find similar gender
differences in terms of externalizing behavior and find that the quality of the home environment
is much more important to boys than girls: boys living with single mothers seem to have more
disrupting behavior whereas girls do not.

In Table 1.4 we have re-estimated our main model distinguishing between the genders of
the disruptive children. We estimate the model by including disruption and moment dummies
by the gender of the moving children. Interestingly we now find that an influx of boys with
divorced parents has a negative effect on peers’ tests scores, whereas this is not the case for girls
(note: that the estimates for influx of boys and girls with divorced parents are not statistically
different from each other). It is consistent with the results found by Bertrand and Pan (2013)
that boys are more affected by their parents not living together and therefore exert more adverse
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behavior toward their peers. The influx of children with criminal parents does not seem to differ
by gender, though the point estimate for the influx of girls with criminal parents are higher
than the one for boys, the effect of boys is only significant at a 10% level, whereas the estimate
for girls is significant at a 5% level. Note the two estimates do not significantly differ from each
other. The same pattern emerges for boys and girls diagnosed with a psychiatric disorder, they
affect their peers negatively, again we cannot reject that the two point estimates differ. This is
not that surprising considering that the diagnosis criteria generally do not differ by gender.16

Our main analysis reports the average effect over all three cohorts of school children but
it is not obvious that children in different age groups are affected in the same way. First, the
nature of the disruptive behavior might change with age as the pupils mature. Second, we saw
above that the frequency of movement change as the pupils gets older, but it might also be
different children who move at different times. Finally, the peers might not be equally affected
by the disruptive peers in the early grades compared to the later grades. We therefore divide
the sample into three groups by the grade they attended in the base year. We find that effects
are generally bigger when the disruptive child moves into the classroom between 4th and 6th

grade. The smaller sample sizes make the inference more imprecise, but the effect of receiving
a child with a psychiatric diagnosis between 4th and 6th grade is significant on a 5% level. In
general we cannot reject that the effects are equal across grade levels.17 Results are available
upon request.

1.6.3 Robustness analyses

Our rich set of controls above adjusts for differences in socio-economic backgrounds between
schools, and the school fixed effects adjusts for differences between schools. If it is the case
that students select into schools based on unobservable differences between schools, then our
school fixed effects would be pivotal, and the results would differ if the analysis were done on
municipality fixed effects instead. Yet Table 1.5, column 2 shows that this is not the case. Our
estimates are fairly stable and the conclusions above do not change.

It could, on the other hand, just be that school fixed effects are too crude to capture the
unobserved differences between the children who receive a disruptive child and those who do
not. We therefore proceed to estimate models that include family fixed effects. This is feasible
since almost half of our sample consists of sibling pairs. The estimates from the model with
sibling fixed effects are reported in Column 3. The reduction in sample size reduces the precision
of the estimates slightly but the point estimates are stable. Thus we are confident that the

16We have estimated these models separately for females and males to test if the mechanism is such that
girls influence girls and boys influence boys. We cannot reject the null hypothesis that disruptive children affect
girls as much as boys. Results are available upon request.

17This is tested by a Chow type test where the increase and decrease dummies are interacted with grade
level dummies and we cannot reject that the parameters associated with the interaction terms is jointly zero.
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differences between children in grade-cohorts who are exposed to an influx of disruptive children
and those who are not, are captured by the rich set of controls and the school fixed effects we
have included in the main analysis.

In the analysis above we have used school-cohorts of varying size; we have selected our
sample size such that the size of the school-cohort is between 10 and 200. Danish school classes
consist of a maximum of 28 students,18 thus the very large school-cohorts might have 7 or 8
different classes, whereas the smallest have only one class per cohort. It is highly plausible that
peer effects mainly work within the classroom and the effect diminishes in the large cohorts
where only one school class receives a potentially disruptive peer. We are therefore interested
in whether the effect is more pronounced in small schools with a maximum of 50 students
(corresponding to 2 school classes per cohort). This is of course a selected sample of our
main sample as the small school tends to be placed in more rural areas. Column 4 of Table 1.5
reports the estimates for these smaller schools. The effects of receiving a peer with a psychiatric
diagnosis are slightly higher than the effects found in the main analysis.

Another potential concern with our sample selection is that the children who stay at the
same school are different from those who move around. Our main analysis included the non-
disruptive children who have changed school between the two test scores, as long as they
took the test in both years. Column 5 shows the estimates when we run the regression for
the children who stayed in the same school. The estimates are a bit smaller in magnitude
and insignificant, but point in the same direction. One could also be concerned that children
are moved around within the same municipality in order to cope with their disabilities and
potential disruptiveness and that the receiving school is chosen because it is better equipped
to handle the disruptiveness. In Column 6 we report the estimates when we only consider
disruptive children who have moved municipality. In some extreme cases parents may decide
to move residence or split up as a consequence of the child’s behavioral problems, in which
case these effects should be stronger. If the parents strategically settle in school districts where
they believe the children are less likely to affect the new peers, this would bias the results.
However, our prior is that it is more likely that such moves are caused by factors other than
child behavior; for example parental job opportunities. The effect of receiving children with
parents who have a criminal history disappears when we only consider the children who moved
municipality, whereas the effect of receiving children with a psychiatric diagnosis is much larger
after imposing the additional restriction. This may suggest that children with criminal parents
(a psychiatric diagnosis) who move to another municipality are less (more) disruptive compared
to others.

Column 7 shows the results if we only consider the children who are diagnosed before they
start school. It seems that they affect their peers to a larger degree than those who are diagnosed

18The official maximum class size given by national law is 28 students, but effectively the maximum is only
24, see Browning and Heinesen (2007).
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later. In many cases the symptoms of psychiatric disabilities only show after the children start
school. Thus those who are diagnosed before might have more severe symptoms, and as a
consequence be more disruptive.

Finally, column 8 includes indicators for future influx and outflow of potentially disruptive
children. The idea is to see whether, conditioning on current peer composition, future compo-
sition has an independent effect on current achievement. This is, in a sense, a falsification test.
If there is no selection based on trends then the future peers should have no effect on current
achievement as long as one controls for current peers.19 This exercise does not change our main
estimates, though it does affect significance (this is mainly because our sample size is reduced
with around 50% because future data are only available for the oldest cohorts in our data set)

We have performed a series of additional robustness tests: (a) we have run a regression
with test score gains as an alternative outcome (equivalent to fixing δ = 1 in our estimation
equation), (b) we have estimated a model on school-cohorts where the change of students is
less than 30% of the original school-cohort size, and (c) we have changed the clustering level
to municipalities. None of these modifications change the conclusions in our main analysis
considerably and all are available upon request.

1.6.4 Math test scores

Besides reading test scores we have math scores for one cohort. The children who attended 3rd

grade in spring 2010 and thus 6th grade in spring 2013 have taken the National Test in math
twice within our sample period. Below we repeat the same analysis for math test scores, as
we did for reading above. Note that due to the timing of the National Tests, these test scores
are 3 years apart, which means that there on average has been more movement in and out of
the school-cohort. Furthermore, the children who have moved into the school-cohort have had
longer time to influence the performance of their peers on average. As we only have one cohort
at each school in our sample, employing school fixed effects is not feasible and we instead include
municipality fixed effects. Recall that our results were robust to using municipality fixed effects
instead of school fixed effects in the analysis of reading scores above.

The main results for math are shown in Table 1.6. First notice that receiving children
with divorced parents reduces math test scores of the peers with 5% of a standard deviation.
The effect of receiving a child with parents who have been convicted of crime is of the same
magnitude but only significant at a 10% level. Children with a psychiatric diagnosis do not
affect their peers’ math scores to the same extent as the other two measures. The estimate
for diagnosed children is more similar to what we found for reading scores but imprecisely

19Note, though, that influx of potentially disruptive children today could potentially affect future movements
out of the classroom (our estimations include test scores for children even if they leave the affected school cohort).
In some sense therefore, conditioning on future movements corresponds to conditioning on an outcome.
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Table 1.6: Results: Math

Divorced Criminal Psychiatric
Parents Parents Diagnosis

Increase -0.0540** -0.0502* -0.0107
Std. error (0.0257) (0.0267) (0.0217)
Decrease 0.0269 -0.0106 0.0116
Std. error (0.0262) (0.0267) (0.0207)
Any children
Increase -0.1191** -0.1115** -0.1541***
Std. error (0.0509) (0.0506) (0.0451)
Decrease -0.0289 -0.0070 -0.0208
Std. error (0.0594) (0.0613) (0.0578)

Observations 38,272 38,199 39,552
R-squared 0.4170 0.4138 0.4181
Controls
Municipality FE YES YES YES
School-cohort characteristics YES YES YES
Individual characteristics YES YES YES

Note: Standard errors are clustered at the school level and shown in paren-
theses. *** p<0.01, ** p<0.05, * p<0.1.

estimated. The peer characteristics that lead to negatively spillovers on classmates thus seem
to differ in reading and math.

1.7 Concluding remarks

All over the world, children with various disadvantages and disabilities are being included in
mainstream classrooms. However, only scarce evidence exists about the potential consequences
of this policy trend for the other learners. This paper utilizes student mobility to investigate how
student achievement is affected by potentially disruptive peers. We use information on marital
status, criminal history of the parents and early psychiatric diagnoses of the children to identify
possible disruptive peers. Nationwide, individual level panel data on tests in reading (and math)
allow us to identify the effect of receiving additional disruptive peers conditional on prior test
scores and a large set of information about individual characteristics and family background.
To avoid simultaneity issues, we rely on early-life, pre-test measures of disruptiveness. We find
evidence that influx of a potentially disruptive child has negative consequences for the learning
environment in the receiving school-cohort. It in fact lowers peers’ academic achievement by
about 1.7-2.3 % of a standard deviation for reading. This is a robust but relatively moderate
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effect size. We perform a range of specification analyses, including a sibling fixed effects model.
We believe that the similarity of the results provides a strong, if not completely conclusive,
argument that we are identifying the effects of interest. The effect seems to be strongest
and most robust for peers in school-cohorts that receive a child with a psychiatric diagnosis.
Children who receive a new peer with parents who have been convicted of a non-traffic crime
seem also to be negatively affected in terms of their reading scores. Children with divorced
parents have little effect on their peers, though this result masks considerable heterogeneity by
gender: receiving boys with divorced parents significantly reduces tests scores, while receiving
similarly affected girls have little bearing on peers’ test scores. This suggests that the home
environment is important especially for boys, and a poor home environment can spillover on
peers and reduce their learning.
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Appendices
Table 1.A.1: Sample selection

Reading Math
Children enrolled in public schools in 2nd, 4th, or 6th grade in base year 324,136 -
Children enrolled in public schools in 3rd grade in base year - 55,746
Children completing National Test in base year 297,068 48,968
Children who also completed National Test two (reading) or three (math) years later 273,499 44,910
Children where at least some of their classmates continued on the same school in end year 248,128 39,861
Children in school-cohorts larger than 10 and smaller than 200 246,590 39,683

Excluding movers with divorced parents 238,795 38,272
Excluding movers with criminal parents 237,815 38,199
Excluding movers with psychiatric diagnosis 246,022 39,552
Excluding all movers classified as potentially disruptive 233,924 37,545



30 Chapter 1. Disruptive School Peers and Student Outcomes

Table 1.A.2: List of included covariates

Variable name Description

Basic controls
Test score (base year) Standardized test score in base year

School-cohort characteristics
Size of cohort at school Number of pupils on cohort at school in base year
Grade dummies Dummies indicating grade level
Base year dummy Dummy indicating if base year is 2010 or 2011
Interaction of grade and base year dummies Interaction of grade level dummies and dummy indicating base year
Share of disruptive children Share of disruptive children at the school-cohort in base year

Individual characteristics
Child
Divorced parents (0/1) The parents are divorced at age 5
Parents who committed non-traffic crime (0/1) At least one parent who have committed a non-traffic crime by age 5
Psychiatric diagnosis at age 5 (0/1) The child is diagnosed with a psychiatric diagnosis by age 5
Parents committed violent crime or have been At least one parent who have committed a violent crime or been to

to prison (0/1) prison by age 5
Immigrant (0/1) The child is an immigrant
Birth weight less than 1500 grams (0/1) Birth weight classified as very low
Birth weight 1500-2500 grams (01) Birth weight classified as low
Male (0/1) Gender
APGAR5 not 10 (0/1) Child had the maximum APGAR5 score
Mother
Number of older siblings Number of children older than the pupil
Age (when child is 5 years old) Age when child was 5 years old
Degree of unemployment Fraction of time spend unemployed the year the child turned 5 (in %�)
Gross income (2000 prices, in 100,000 DKK) Gross income in 2000 prices when child was 5
High school (0/1) Highest completed education when child was 5 is high school
Vocational (0/1) Highest completed education when child was 5 is vocational training
2-year college (0/1) Highest completed education when child was 5 is 2- year college
4-year college (0/1) Highest completed education when child was 5 is 4-year college
MSc or PhD degree (0/1) Highest completed education when child was 5 is MSc or PhD degree
Father
Age (when child is 5 years old) - mother Age when child was 5 years old
Degree of unemployment Fraction of time spend unemployed the year the child turned 5 (in %�)
Gross income (2000 prices, in 100,000 DKK) Gross income in 2000 prices when child was 5
High school (0/1) Highest completed education when child was 5 is high school
Vocational (0/1) Highest completed education when child was 5 is vocational training
2-year college (0/1) Highest completed education when child was 5 is 2- year college
4-year college (0/1) Highest completed education when child was 5 is 4-year college
MSc or PhD degree (0/1) Highest completed education when child was 5 is MSc or PhD degree
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Table 1.A.3: Means of outcomes and control variables,
by receipt of potentially disruptive children

Divorced parents Criminal parents Psychiatric diagnosis
Receivers Non- Receivers Non- Receivers Non-

receivers receivers receivers

Child:
Test Score, Reading (final year) 0.0401 0.0756 0.0390 0.0950 0.0073 0.0442
Test score, Reading (base year) 0.0329 0.0658 0.0333 0.0793 0.0194 0.0333
Divorced parents (0/1) 0.1820 0.1670 0.2030 0.1710 0.2170 0.2020
Parents who committed non-traffic crime (0/1) 0.2650 0.2500 0.2460 0.2300 0.2780 0.2670
Psychiatric diagnosis (0/1) 0.0081 0.0069 0.0081 0.0073 0.0066 0.0072
Parents committed violent crime or been to prison (0/1) 0.1160 0.1100 0.1090 0.0988 0.1250 0.1200
Immigrant (0/1) 0.0804 0.0524 0.0817 0.0429 0.0802 0.0732
Birth weight less than 1500 grams (0/1) 0.0305 0.0259 0.0311 0.0243 0.0324 0.0289
Birth weight 1500-2500 grams (01) 0.0372 0.0371 0.0375 0.0356 0.0380 0.0373
Male (0/1) 0.5000 0.5040 0.5010 0.5030 0.4970 0.5000
APGAR5 not 10 (0/1) 0.2560 0.2870 0.2590 0.2850 0.2570 0.2650
Size of cohort at school 54.22 45.14 54.19 45.54 51.86 52.09

Mother
Number of older siblings 0.7110 0.6900 0.7080 0.6810 0.7140 0.7060
Age at age 5 30.00 28.76 29.89 28.82 29.88 29.57
Degree of unemployment (in %�) 54.43 51.76 54.58 50.36 57.15 54.38
Gross income (2000 prices) 188,631 183,445 187,806 185,365 187,529 185,757
High school (0/1) 0.0721 0.0677 0.0718 0.0684 0.0711 0.0706
Vocational (0/1) 0.3090 0.3050 0.3080 0.3080 0.3110 0.3060
2-year college (0/1) 0.0371 0.0373 0.0369 0.0385 0.0353 0.0369
4-year college (0/1) 0.1830 0.1790 0.1830 0.1840 0.1780 0.1800
MSc or PhD degree (0/1) 0.0666 0.0619 0.0665 0.0636 0.0618 0.0647

Father:
Age at age 5 31.78 30.51 31.65 30.52 31.76 31.30
Degree of unemployment (in %�) 31.53 26.90 32.01 23.23 33.73 30.98
Gross income (2000 prices) 284,477 286,986 283,539 289,241 280,054 282,611
High school (0/1) 0.0515 0.0435 0.0518 0.0431 0.0527 0.0487
Vocational (0/1) 0.3530 0.3520 0.3520 0.3550 0.3540 0.3510
2-year college (0/1) 0.0580 0.0549 0.0575 0.0572 0.0566 0.0566
4-year college (0/1) 0.1090 0.0998 0.1090 0.1030 0.1030 0.1050
MSc or PhD degree (0/1) 0.0880 0.0831 0.0883 0.0850 0.0810 0.0861

Observations 185,414 53,381 185,021 52,794 44,544 201,478

Note: Differences across groups which are significant at a 5 % significance level are marked in bold.
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Table 1.A.4: Mobility at school-cohort level between
2010 and 2012 or 2011 and 2013

Mean Std. Dev. Obs.

Any increase in school-cohort 0.922 0.269 6793
Any decrease in school-cohort 0.942 0.233 6793
Increase of children with divorced parents 0.741 0.438 6793
Decrease of children with divorced parents 0.740 0.439 6793
Increase of children with criminal parents 0.745 0.436 6793
Decrease of children with criminal parents 0.743 0.437 6793
Increase of children with a psychiatric diagnosis 0.189 0.391 6793
Decrease of children with a psychiatric diagnosis 0.141 0.348 6793

Note: The mean is the fraction of school-cohorts that have experienced an in-
crease/decrease of the type of children listed in the left column.
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Table 1.A.5: Results: Reading,
Including all measures of potential disruptiveness

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

Children with divorced parents
Increase -0.0051 0.0052 0.0047 0.0046
Std. error (0.0083) (0.0085) (0.0085) (0.0084)
Decrease -0.0068 0.0063 0.0069 0.0053
Std. error (0.0080) (0.0084) (0.0085) (0.0084)

Children with criminal parents
Increase -0.0239*** -0.0170** -0.0183** -0.0162**
Std. error (0.0086) (0.0082) (0.0082) (0.0081)
Decrease -0.0124 0.0146* 0.0152* 0.0127
Std. error (0.0085) (0.0081) (0.0082) (0.0081)

Children with a psychiatric diagnosis
Increase -0.0135* -0.0185** -0.0182** -0.0183**
Std. error (0.0081) (0.0083) (0.0083) (0.0082)
Decrease -0.0051 0.0026 0.0016 0.0006
Std. error (0.0089) (0.0087) (0.0088) (0.0088)

Any children
Increase 0.0402*** 0.0179 0.0185 0.0186
Std. error (0.0150) (0.0154) (0.0153) (0.0151)
Decrease 0.0179 0.0032 -0.0005 0.0022
Std. error (0.0181) (0.0176) (0.0175) (0.0172)

Observations 233,924 233,924 233,924 233,924
R-squared 0.5539 0.5748 0.5750 0.5836

Controls
School FE NO YES YES YES
School-cohort characteristics NO NO YES YES
Individual characteristics NO NO NO YES

Note: Standard errors are clustered at the school level and shown in parentheses.***
p<0.01, ** p<0.05, * p<0.1
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2.1 Introduction

Student absence is a huge concern in most educational settings1 as receiving instruction from
the teacher is often viewed as one of the most important inputs in the educational production
function.2 In Danish public schools, pupils in grades 0 through 9 are absent 11 days per year
on average. During 10 years of compulsory schooling this ads up to more than half a year of
absence. Absence rates are a bit lower in the US, but nonetheless, still worrying; see e.g. Currie,
Hanushek, Kahn, Neidell, and Rivkin (2009) for Texas and Goodman (2014) for Massachusetts.
Absence is highest among children from families of low socio-economic status (SES). Reducing
these high absence rates has become a priority for both US as well as Danish policy makers.
The hope is that reduction of absenteeism will both increase overall achievement and reduce
the gap between low and high SES children. Previous studies find a strong correlation between
absence and students’ achievement, but little is known about the nature of that relationship.
Confounding factors such as family background or other child characteristics could, for the most
part, drive the strong relationship between absence and achievement. Consequently, potential
policies that successfully reduce absence rates would not be very effective in raising achievement
and reducing achievement gaps.

This paper investigates the relationship between sickness absence and student achievement,
by paying careful attention to possible confounders such as health status and past achievement.
Specifically, I investigate the short-term relationship between sickness absence in the 9th grade
and end of 9th grade exam results. In order to do so I rely on Danish register data. The
register data first of all provides both information on exam results and absenteeism rates for
individual school children. Second, it holds a large set of background characteristics such as
neonatal health, diagnoses given to the child, parents’ educational attainment, and parents’
employment. Third, the data holds information on past achievement via standardized 8th

grade tests. This information allows me to control for the children’s achievement prior to 9th

grade. Finally, the register data allows me to link children with their siblings. The link between
siblings allows me to estimate a sibling fixed effect model. I focus on siblings of the same sex as
parents’ attitude toward schooling could vary within family with the gender of the child. Thus,
the model I set up is a value-added type model with same-sex sibling fixed effects.

This study further investigates whether different sub-groups of children are affected by
absence differently than others by estimating models separately for each sub-group of males
and females and by parents’ education and parents’ income.

The existing economic literature has focused mainly on the effects of increased instruction
time. But this literature cannot directly be transferred to the case of absenteeism. The in-

1One example is the recently launched initiative "Every Student, Every Day: A National Initiative to
Address and Eliminate Chronic Absenteeism" by the US Department of Education.

2For a discussion on the importance of instruction time, see section 2.2 or e.g. Patall, Cooper, and Allen
(2010).
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struction time literature investigates what happens when we decrease instruction time for all
students. When considering absenteeism it is important to note that the instruction time is
held constant for the peers. Thus, absent children not only have less instruction time than their
peers, they are also foregoing some instruction given to their peers while they are absent. In
many cases it is up to the absent students themselves or to the parents to compensate for this
foregone instruction.

In this study I focus on absence due to sickness as it is in general observed for all groups of
children. Further the selection into sickness absence is likely not as strong as into other types
of absence. Other absence measures typically include truancy, family vacations etc. Sickness is
to a larger extent an external shock to attendance, due to variations in viral infections or the
like. Finally, the course and nature of sickness absence is more comparable across countries and
institutional settings than a measure of absence that includes all types of absence. Different
systems might, for example, sanction truant students differently. The clear definition of sickness
absence makes it easier to transfer the results in this paper to other settings.

Data is available for four cohorts of Danish school children in public schools, taking the
exam between 2011 and 2014.

The findings suggest that a one percentage point increase in absence in the 9th grade reduces
the exam grade in math by 1.6 percent of a standard deviation. For the Danish exam the
reduction is only about 0.3 percent of a standard deviation and insignificant. The results are
robust to different model specifications. Girls’ math exam results seem to be more affected by
absence than the boys’ results. Further, I find evidence suggesting that the children of fathers
with vocational education are less affected by absence.

The remainder of the paper is structured as follows: Section 2.2 gives an overview of the
literature on instruction time, absence, and student outcomes. Section 2.3 gives a description
of the institutional setting. Section 2.4 discusses the estimation strategy. Section 2.5 describes
the data sources and provides some descriptive statistics. Section 2.6 reports the results from
the estimations. Finally, section 2.7 concludes.

2.2 Literature review

Absence from school first of all reduces the child’s instruction time, but on top of that the
child might also forego some potentially important instruction when absent and is thus set
back compared to the children attending that instruction. There is a large body of literature
on how increased instructional time affects student achievement. In the following I give a brief
overview. Next, I review the sparser literature that has been investigating how attendance
influences achievement.

Instructional time is one of the most straightforward instruments that policy makers suggest
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to increase educational attainment. The effect of such policies has thus been studied in many
different settings.3 One strand of the literature has focused on the effect of an extra year of
schooling on cognitive achievement such as scores in Armed Forces Qualification Tests (AFQT),
examples include Hansen, Heckman, and Mullen (2004), Cascio and Lewis (2006) and Meghir,
Palme, and Simeonova (2013), which all find positive effects of an extra year of schooling on
AFQT scores.

Another strand of the literature has looked at how test results are influenced by the length
of the school week. Lavy (2010) in a between countries analysis and Lavy (2012) in an analysis
within Israel both find that an increase in the school week leads to better PISA test scores.
Rivkin and Schiman (2013) find that the benefits from increasing the length of the school week
vary with other school circumstances such as reported student behavior and student teacher
interactions. Andersen, Humlum, and Nandrup (2015) evaluate a large scale RCT on increased
instruction time, conducted on Danish school children. They find that increasing instruction
time by three hours over 16 weeks increases student learning by 15 % of a standard deviation.
Itseems, however, that boys with a non-Western background do not benefit from the time
increase.

Finally a strand of the instructional time literature looks at the importance of the number
of days in the school year. Pischke (2007) investigates the importance of the length of the
school year. He uses a major school reform in West Germany where some students in some
states had a shorter school year than normal during 1966-67. The short school years lead to
increased grade repetition in primary school and fewer students attending higher secondary
school tracks. Fitzpatrick, Grissmer, and Hastedt (2011) look at a somewhat smaller margin
and ask how much one day more spent in school affects test results in kindergarten and in first
grade. They exploit quasi-random variation in the timing of when the children were assessed.
This causes some children to have more instruction days prior to the assessment than others.
They do indeed find that the instruction time is important even on this small margin. Carlsson,
Dahl, Öckert, and Rooth (2015) use a similar design where they use variation in the timing of
the military draft test of cognitive skills of Swedish males. They find that the number of school
days prior to the test matters for the crystallized intelligence tests.

Other studies have looked at the effects of shocks to instructional time. They differ in the
sense that shocks such as unscheduled school closings due to bad weather are largely uncon-
trollable to policy makers. Examples include Marcotte (2007), Marcotte and Hemelt (2008).
These papers use snowfall to instrument for school closures. In a recent paper Goodman (2014)
argues that these papers are not only identifying the effect of school closures, as absence is also
affected by snowfall. That is, snowfall might lead children to miss school on days where the
school is not closed. Goodman finds that the most important effect of snowfall comes through

3For an overview of the research on instruction time in the educational research literature see e.g. Patall
et al. (2010)
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absence and not through school closures. Absence is different from the general instruction
time debate. In the case of absence, the student foregoes some instruction that the non-absent
children receive. When the whole school closes down, the teacher is very likely to change the
schedule such that the children will receive the instruction at a later time. Thus children will
most likely not forego important instruction due to school closures.

Most of the empirical studies that have investigated the link between attendance and
achievement have been conducted at university level (Devadoss and Foltz, 1996; Durden and
Ellis, 1995; Kirby and McElroy, 2003; Marburger, 2001; Romer, 1993). The consensus seems to
be that achievement in university education is indeed associated with attendance rates. Aru-
lampalam, Naylor, and Smith (2012) use data from a UK university, and in a quantile regression
framework they find evidence supporting that university students are not affected in the same
way across the attainment distribution. When controlling for unobserved confounding factors
they only find significant effects for the high-performing students.

In the scarcer literature on attendance and achievement in K-12 education, there does not
seem to be the same consensus. Caldas (1993) compared attendance rates between Louisiana’s
public schools on a given day and found that schools with high attendance are associated with
higher test scores. Lamdin (1996) did a similar analysis on 107 schools in Baltimore, here
he also found that average attendance is related to higher average test scores. These results
were later refuted by Borland and Howsen (1998), who point out that Lamdin’s model suffers
from bias due to unobserved ability. When Borland and Howsen (1998) take innate ability into
account, they do not find a significant relationship between attendance and achievement. Shel-
don (2007) and Roby (2004) investigate attendance interventions in Ohio, and both analyses
indicate that schools with higher attendance were positively correlated with math and reading
scores. Common for these early studies on attendance and achievement is that they are con-
ducted using data aggregated on the school level, which does not allow them to investigate the
relationship between individual achievement and individual attendance. Further, these studies
have very limited access to important potential confounders.

Four recent studies have looked at absence and achievement at an individual level; the
first is Gottfried (2010). He uses distance to school to instrument the endogenous measure of
attendance (number of days present). He finds that attendance is associated with higher test
scores in reading and math, and higher GPA. Goodman (2014), mentioned above, finds that
absence due to snowfalls is associated with lower test scores. His identification thus relies on the
assumption that snowfalls are exogenous and only affect achievement through absence. Thus
other schooling inputs such as teacher absenteeism cannot be affected by snowfalls. Aucejo
and Romano (2014) study how the number of school days and absences affect achievement
in a value-added framework. They find that absence has a much larger effect on test scores
than the length of the school year. In the main specification they rely solely on value-added
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assumptions. In order to soften these assumptions they estimate other specifications of the
model, specifically instrumenting absence with influenza activity, family-year fixed effects, and
separating excused and unexcused absences. The family-year fixed effects approach is very
similar to the approach in this paper, but they are not able to control for any differences
between siblings other than past achievement. Differences between siblings in e.g. health could
then potentially confound their results. Gershenson, Jacknowitz, and Brannegan (2015) study
the relationship between student absences and student achievement of primary school children
in the US, by estimating value-added model with a classroom fixed effect. They do so by
utilizing both a nationally representative survey (ECLS-K) and administrative records from
North Carolina. Estimates from both samples show a significant relationship, but the effects
are modest in size. Interestingly they find that the harm is stronger among poor students and
among English language learners.

This paper exploits the links that can be made between children and their parents in the
register data. These links are used to estimate a same-sex sibling fixed effect model. The sibling
fixed effects allow me to control for all family characteristics that do not vary across siblings.
This approach has been used to resolve missing variable bias in many different settings (e.g.
Currie and Tekin (2012) who investigate the links between childhood maltreatment and future
crime, or Black, Devereux, and Salvanes (2007) who investigate the relation between birth
weight and adult outcomes). As will be discussed later, the advantage of this approach is that
the estimates are identified off a sample that is not very different from the overall population.
This strengthens the external validity of the results.

Together with a large information set on the children health and past achievement the sibling
fixed effects allow me to assess the relation between sickness absence and student achievement.
In this model I identify the effects on a sub-sample of students comprised of the students who
have siblings of the same sex who also completed the 9th grade between 2011 and 2014. These
sibling pairs are not much different from the rest of the students in the sample in terms of
observable characteristics. The results from my models are thus very likely to apply to the
whole population of Danish 9th graders. Further this paper adds to the literature by studying
possible heterogeneity in the way absence affects achievement across gender and socio-economic
background.

2.3 Institutional setting

In many ways the Danish educational system does not differ much from those in other Western
European countries, but there are a few specific differences. These differences are highlighted
in this section.

Since 2009 education has been compulsory from the year the child turns 6, and starts out
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with a preschool year (sometimes called Grade 0). Before 2009 this first preschool year was not
compulsory but the vast majority of children were enrolled in Grade 0. Grades 0 through 9 as
well as post-compulsory schooling are free of charge when provided by public schools; private
schools and boarding schools charge tuition fees.

Pupils end 9th grade with a final exam. The exam consists of compulsory tests that all
students take and of tests that are randomly drawn for each class from a pool of subjects. The
students are tested in both oral and written exams. In this paper I will use grades from written
math and written Danish as outcomes of sickness absence. The advantage of these subjects is
that they are in the compulsory group of subjects such that all students are supposed to take
the exams. Further, written exams are produced by the ministry of education and are the same
for all students who sit the exam in the same year. The exams are graded in collaboration
between the teacher and an external examiner. The external examiner has the final say on the
grade. Students are graded on a scale with seven possible grades (-03, 00, 02, 4, 7, 10, 12).

After the completion of 9th grade the pupil can either enroll in high school (academic
track) or in vocational school. Neither enrollment in high school nor in vocational school is
conditional on exam results.4 Enrollment in high school is conditional on whether the 9th grade
teachers state that the student is ready for high school. If the student does not get such a
recommendation, he or she has the right to an admission test.

All 8th grade students in public schools are tested in four different subjects in the standard-
ized National Tests. The subjects are reading, physics/chemistry, biology, and geography. In
each subject the student is tested in three different profile areas. I combine the scores from
the three profile areas into one standardized score (mean zero, standard deviation one) for each
subject. The tests are IT-based, self-scoring and adaptive.5 In these adaptive tests the students
ability is estimated continuously throughout the testing session, and the system thus present
the student with a question that matches the student’s contemporary ability estimate. Thus
the ability estimate is not simply a function of the number of correct answers, but instead it is
a function of the difficulty level of the questions the student is presented with. This adaptive
testing procedure ensures that the students are always presented with questions that match
their ability level. Including these past test scores allows me to estimate a value-added type of
model where I control for past achievement.

4From August 1st 2015, a year after the last cohort in my data completed 9th grade, a grade requirement
for enrollment in vocational school was introduced. The new requirement is that the average (simple average)
of the grades in math and Danish has to be at least 02.

5For more details on the National Tests see Beuchert and Nandrup (2014)
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2.4 Empirical strategy

The inherent problem in studying effects of sickness absence on achievement is the possible
non-random selection into sickness absence. Socio-economic background is a strong predictor
of absence, thus one might expect that students with high absence rates are negatively selected
in terms of general ability as well. With the large information set on family background I
can regress standardized exam results on fraction of days with sickness absence, controlling
for the observed differences in family background, health, and past achievement. With past
achievement included one can think of the model as a value-added type of model. These OLS
estimates will at least give a first impression on the direction and importance of the selection
into sickness.

Even though the conditioning set is rich and detailed, I cannot rule out that there are some
important background characteristics that are not observed. For example parents’ attitudes
toward learning and schooling is left unobserved as is the parents’ involvement in homework, or
other schooling inputs. To account for this type of unobservables I rely on a sibling fixed effect
model. Or more specifically, I rely on a same-sex sibling fixed effect (FE) model. That is, I
only include sibling pairs of the same sex in the estimation sample. The same-sex sibling fixed
effect model will cancel out any unobserved family specific characteristics as long as they do
not vary across siblings. The advantage of using same-sex siblings is that parents might have
different expectations to their children based on their gender. A simple sibling FE would not
be able to take account of these within-family variations across gender. As a robustness check
I run the same model on all siblings in the data and condition on a gender dummy instead. In
all the sibling FE models I restrict my sample to the two oldest siblings in each family, creating
a balanced panel. This ensures that I do not give more weight to families with more than two
(same-sex) siblings.

I also estimate the model on the sub-sample of (same-sex) twins. In some aspects twin fixed
effects are more attractive because families’ socio-economic background may change over time
as parents progress in their careers. Thus siblings are not strictly born into the "same" family.
But it also raises the question of why one twin is then more often sick than the other? They
are exposed to the same environment, germs and viruses at the same point in time. The worry
is thus, are we then only identifying the model on twins with very different underlying health?
Using siblings who (for the most part) are in 9th grade in different years, it is more plausible
that the children have similar underlying health even though their absence rates in 9th grade
differ. And since twins are rather rare, the same-sex twin FE model will have less power. For
these reasons I prefer the same-sex sibling FE model over the same-sex twin FE model.6

The same-sex sibling FE model assumes that everything that is unobserved and determines
both sickness absence and test scores is fixed between siblings. This is a strong assumption.

6I show results from same-sex twin FE models in the section on robustness checks.
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First of all the birth order differs between the two siblings. In the estimation model below
I control for this inherent difference by including a dummy indicating the second born child.
Further the overall health of the children might indeed vary between siblings and influence their
exam results. To account for these differences I rely on detailed information on the children’s
hospitalization history and neonatal health measures. I specifically include information on the
type of diagnoses the children have been given by the age of 11, divided up into groups according
to WHO’s ICD-10 standards. Information on birth weight and APGAR scores have also been
shown to be strong predictors of later health.

Thus I will estimate the following regression model:

yipys =α + βFracAbsentipys + δp + γtests8gradeipys

+ θXC
ipys + φXP

ipys + λs + τy + εipys ,

where yimys is the standardized 9th grade exam grade for child i, with parents p, in year y,
at school s. FracAbsent is the fraction of absent days the child has in 9th grade. δp is the
sibling fixed effect. tests8grade is the vector of test results from the National Tests in 8th

grade. The vector consists of standardized results from a reading, a physics/chemistry, a
biology, and a geography test. XC is a vector of child characteristics and XP is a vector of
parent characteristics. It turns out that some siblings have not attended the same schools in
9th grade. I account for that type of differences between siblings by including a vector of school
indicator dummies λs. These dummies would capture fixed school specific differences in absence
registration. Year dummies τy are included to take care of any differences across years in for
example the exam, but also differences in the levels of sickness absence, e.g. due to influenza
epidemics. I allow the error term ε to be clustered on school level, as I cannot rule out that
the error terms are correlated within school.

2.5 Data

In this paper I use Danish register data to investigate the relationship between sickness absence
prior to the 9th grade exams and the students’ performance in the written math and written
Danish exams. The data is described below.

2.5.1 Data sources and definitions

With register data delivered by the Ministry of Education I can combine the absence records of
the individual students with their grades from the final exams in 9th grade. In the estimation
I use standardized exam grades from written math and written Danish. The standardization
is done within subject and cohort on the full sample of students who have taken the exam –
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before I have made the sample selection. I can then combine this with a large data set with
information about the students and their parents. This includes birth records of the children
and education and labor market records of the parents. The children can be identified across
the different registries and linked to their parents through unique identifiers. I define siblings
as children with both same mother and father. Birth order is determined by the mother.

Table 2.1: Sample selection

Math Danish

Children in public school 9th grade in school years 2010/11 through 2013/2014 193,683 193,683
Matched with absence records 184,070 184,070
Matched with exam results 171,875 172,243
Took exam not more than one year before or one year later than expected 170,088 170,511
First and second born siblings of the same sex 12,782 12,902
Some variation in absence levels between siblings 11,712 11,750

Table 2.1 details the sample selection. I rely on data from children enrolled in 9th grade in
the school years 2010/11 through 2013/14. I limit the data to students with absence records
and exam results. A regular progress in school would lead to a 9th grade exam the year the
student turns 16. I drop students who sat the exam before the year they turned 15 or after the
year they turned 17.

Information on parents is measured the year the first born sibling turns 5 (that is the year
before the child starts school) such that any absence patterns the children might have in school
cannot affect the observed labor market attachment, educational attainment etc. of the parents.
A complete list of covariates can be found in the appendix (Table 2.A.1).

2.5.2 Diagnosis data

Information on the children’s past health is obtained from national registers of inpatient hos-
pital admissions and emergency room visits. This data is grouped into 19 diagnosis categories
following WHO’s ICD-10 standards. This includes the main diagnosis causing the hospitaliza-
tion, and other secondary diagnoses, if any. Additional information on psychiatric diagnoses
such as ADHD is retrieved from the Danish Psychiatric Register. The health history is mea-
sured at age 11. A dummy for each category measures if the child has received any diagnosis
in that category by that age. Diagnoses are measured at age 11 since the diagnosis data is only
available from 1995 until 2010.

2.5.3 Descriptive statistics

Table 2.2 lists the means of the two outcome variables in the full sample and two sub-samples.
The sub-sample in column 2 consists of all the first and second born same-sex siblings. The
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Table 2.2: Mean of outcome variables

FE
Full Sibling identification

sample sample sample

Mean standardized exam grade in written mathematics 0.0078 0.1600 0.1337
Observations in sample 170,088 12,782 11,712

Mean standardized exam grade in written Danish 0.0077 0.0757 0.0608
Observations in sample 170,511 12,902 11,750

Note: Bold font indicates that the mean is significantly different at the 5 % level, from the mean in
the sibling sample.

sample in column 3 consists of all the siblings who have different levels of absence. Siblings with
some within family variation in sickness absence are the ones who identify the coefficients from
the same-sex sibling fixed effect model. Both the standardized written math and the written
Danish exam scores are higher in the sibling sample than in the full sample. The math exam
scores are slightly lower in the identifying sample than in the sibling sample. There are no
significant differences in the Danish exam scores between the sibling sample and the identifying
sample.

Table 2.3 lists the means of selected variables in the main sample, the sub-sample of sibling
pairs and the sub-sample of siblings who do not have the same level of absence. By construction
the main difference between the full sample and the sibling sample is that the parents in
the sibling sample have more children and they are more closely spaced. Together with the
large sample size it is then not that surprising that there are some statistically significant
differences between children (and their parents) in the full sample and in the sibling sample.
The differences are, however, small in magnitude. The parents are fairly similar in terms of
income and educational attainment. But high SES parents seem to be more frequent in the
sibling samples. Children in the sibling samples are more frequently boys, and have better
health at birth. They are also less likely to have an ADHD diagnosis. Importantly, there
does not seem to be any real difference in the sickness absence levels across the samples. The
conclusions are almost identical between the math and Danish samples.7 Note that the only
variable that differ (at a 5 % significance level) between the sibling sample and the identifying
sample are the fraction of sick days. The slightly higher absence rate in the identifying sample

7Due to missing variables in the data the education dummies do not sum to 1. In the regressions I have
included dummies for missing variables. For birth weight and income I here shown the means of all observations
where missing observations are coded as zero. Missing observations thus bias the means toward zero, but they
do so in the same way in all samples. In the regressions I included birth weight and income as dummies, thus
missing observations are coded into separate dummies.
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was to be expected as most of the sibling pairs with equal absence rates have zero absence.
Note that the injury and poisoning diagnoses are the typical ER diagnoses, thus it is not

that surprising it is given to about 60 % of the children by the year they turn 11. Common
diseases such as tonsillitis, pneumonia, and asthma are classified as diseases of the respiratory
system. Diabetes is classified under endocrine, nutritional, and metabolic diseases. Psychiatric
diseases such as ADHD, autism, and OCD are classified under mental and behavioral disorders.
About 3 % of the sample have a diagnosis of this type. ADHD accounts for about 20 % these
diagnoses.

2.5.4 Description of sickness absence

The teacher registers absence each day.8,9 Absence is marked as either excused, unexcused, or
sickness absence. My data provides the total number of days absent in each category in each
month. Thus I cannot detect the number of sickness spells in each month or the exact duration
of each spell.

Comparing the three types of absence, sickness absence accounts for most of the absence.
9th grade students have on average 6.7 days of sickness absence (that is about 3 % of the
school year), compared to 2.5 days of excused absence (about 1 % of the school year), and
2.2 days of unexcused absence (again about 1 % of the school year). The three types of
absence are positively correlated with each other (ρ̂sick,excused = 0.027, ρ̂sick,unexcused = 0.064,
ρ̂excused,unexcused = 0.042).

Figure 2.1 shows the distribution of the fraction of days sick in 9th grade. Clearly the
majority is concentrated around small fractions of absence but there are some outliers. In the
main analysis I use information on all students. In order to check whether the results are driven
by the children with very high absence levels, I run a regression using only the children with
absence below 10 %.

There are some important differences in average sickness absence across observable charac-
teristics. One of these differences is the girls’ sickness rate of 3.7 % of the school year compared
to the boys’ rate of 3.2 % of the school year. Mothers’ and fathers’ income are both negatively
correlated with absence, both have a correlation coefficient of about -0.06. The same pattern
is observed for parental education as well, for example a child whose father has only attended
high school education or less has on average 1.02 percentage point more sickness absence than

8It is important to note that there are no national standards for when to register absence. Some schools
would register absence in the morning; some would register it later in the day. In the same way there are
different policies on how to deal with students who show up late or go home before classes have ended. Further,
absence is only measured in days, thus a child who shows up late can only be registered as present or absent.
It is up to the school principals to define absence locally at their schools.

9In April 2013, due to a collective bargaining dispute, the municipalities decided to lockout schoolteachers.
The lockout lasted from April 1 to April 26. The lockout affected most teachers and therefore also almost all
students. Thus 99.3 % of the students in my sample from 2013 are registered with only two school days in April.
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Table 2.3: Descriptive statistics, selected variables

Mathematics sample Danish sample
FE FE

Full Sibling identification Full Sibling identification
sample sample sample sample sample sample

Sickness absence:
Fraction of days sick in 9th grade 0.0343 0.0295 0.0318 0.0345 0.0296 0.0319
Child:
Male (0/1) 0.5114 0.5333 0.5318 0.5096 0.5303 0.5290
Birth weight (kg) 3.2777 3.2318 3.2386 3.2774 3.2317 3.2388
APGAR5 not 10 (0/1) 0.0698 0.0792 0.0787 0.0698 0.0787 0.0783
External causes of morbidity (0/1) 0.0003 0.0003 0.0003 0.0003 0.0003 0.0003
Symptoms and findings, not elsewhere classified (0/1) 0.1740 0.1685 0.1703 0.1743 0.1695 0.1712
Chromosomal abnormalities and malformations (0/1) 0.0723 0.0768 0.0781 0.0725 0.0770 0.0786
Conditions originating in the perinatal period (0/1) 0.1726 0.2017 0.1970 0.1727 0.2011 0.1963
Diseases of the genitourinary system (0/1) 0.0490 0.0508 0.0517 0.0491 0.0509 0.0518
Musculoskeletal diseases (0/1) 0.0614 0.0636 0.0642 0.0615 0.0636 0.0642
Diseases of the skin (0/1) 0.0503 0.0517 0.0519 0.0504 0.0517 0.0519
Diseases of the digestive system (0/1) 0.0839 0.0834 0.0838 0.0841 0.0829 0.0834
Diseases of the respiratory system (0/1) 0.2251 0.2197 0.2201 0.2251 0.2190 0.2195
Diseases of the circulatory system 0/1) 0.0072 0.0075 0.0075 0.0072 0.0074 0.0073
Diseases of the ear and mastoid process (0/1) 0.0725 0.0744 0.0740 0.0726 0.0737 0.0734
Diseases of the eye and adnexa (0/1) 0.0325 0.0309 0.0313 0.0325 0.0316 0.0320
Diseases of the nervous system (0/1) 0.0206 0.0208 0.0207 0.0208 0.0210 0.0209
Mental and behavioral disorders (0/1) 0.0278 0.0257 0.0266 0.0279 0.0258 0.0267
Certain infectious and parasitic diseases (0/1) 0.1089 0.1026 0.1025 0.1090 0.1020 0.1018
– ADHD (0/1) 0.0054 0.0040 0.0041 0.0054 0.0039 0.0041

Endocrine, nutritional, and metabolic diseases (0/1) 0.0243 0.0218 0.0222 0.0244 0.0220 0.0224
Haematological diseases(0/1) 0.0091 0.0082 0.0085 0.0091 0.0083 0.0085
Neoplasms (0/1) 0.0123 0.0124 0.0130 0.0123 0.0128 0.0134
Injury, poisoning (0/1) 0.6223 0.6154 0.6186 0.6224 0.6150 0.6181
8th grade test score in reading 0.0667 0.1279 0.1204 0.0655 0.1254 0.1175
8th grade test score in physics/chemistry 0.0343 0.1237 0.1072 0.0320 0.1204 0.1035
8th grade test score in biology 0.0378 0.1279 0.1145 0.0357 0.1248 0.1108
8th grade test score in geography 0.0433 0.1422 0.1283 0.0413 0.1392 0.1246

Mother:
Gross income (2000 prices, in 100,000 DKK) 1.8106 1.9958 1.9866 1.8099 1.9949 1.9862
High school or less (0/1) 0.3129 0.2595 0.2616 0.3136 0.2601 0.2621
Vocational (0/1) 0.3610 0.3998 0.3955 0.3607 0.3985 0.3946
College (0/1) 0.2687 0.3120 0.3128 0.2685 0.3130 0.3137

Father:
Gross income (2000 prices, 100,000 in DKK) 2.7869 3.1793 3.1581 2.7854 3.1772 3.1565
High school or less (0/1) 0.2668 0.2478 0.2481 0.2673 0.2480 0.2485
Vocational (0/1) 0.4159 0.4338 0.4351 0.4157 0.4334 0.4347
College (0/1) 0.2441 0.2851 0.2830 0.2438 0.2851 0.2827

Observations 170,088 12,872 11,712 170,511 12,902 11,750

Note: Bold font indicates if the mean is significantly different at the 5 % level from the mean in the sibling sample. For more details on
the variables see table 2.A.1 in the appendix.
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Figure 2.1: Distribution of fraction of days sick
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children whose fathers have a college degree. In general children from lower SES families have
more sickness absence. Finally, having a diagnosis in any of the ICD-10 categories predicts
higher sickness absence rates. Specifically children with a mental disorder such as ADHD have
about 0.2 percentage point more sickness absence than the average child.

Importantly for the same-sex sibling fixed effect model, the rate of sickness absence vary
within sibling pairs. A decomposition of the variance in sickness absence rate show that 64
percent comes from between family and 36 percent comes from within family

In table 2.A.2, I have regressed sickness absence on all observable characteristics in the
data, but without the sibling fixed effects. The table only shows coefficients for child charac-
teristics. Any major differences on coefficients between these samples would give information
on the external validity of the sibling fixed effect regressions. In general, there are some minor
differences in the magnitude of coefficients between the full sample and the sibling sample. I
do not consider these differences big enough to conclude that the determinants of absence are
different in the two samples. Comparing the sibling sample with the sample of siblings with
identifying variation, there does not seem to be any differences. Thus the absence level of the
sibling pairs with variation in absence does not seem to be driven by different mechanisms than
that for the children in the full sibling sample.
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2.6 Results

In this section I present estimation results. First, I discuss the validity of my estimation strategy.
Second, I present the results from the main specification, where I carefully document how the
coefficients change as I add more controls, reduce the sample size to the sibling sample, and
introduce the same-sex sibling FE. Third, I present coefficients from alternative specifications.
Finally, I discuss potentially heterogeneous effects by gender and parental income.

2.6.1 Selection into sickness

Table 2.4 lists the coefficients from a regression of absence on child variables, school indicators,10

year indicators, 8th grade test scores, and the sibling fixed effects. The results are reported for
the same-sex sibling sample and the identifying sample.

The aim of the estimation strategy in this paper is to eliminate any possible confounders of
the relationship between sickness absence and exam results. The estimations in table 2.4 give
an idea of how the observable characteristics of the child vary with absence when unobservable
family characteristics are accounted for. None of the coefficients are significant at the 5 % level
in these models. A few coefficients are significant at the 10 % level. Importantly, I cannot
reject that all variables are zero. This is a strong indication that conditional on the sibling
fixed effects and past achievement, sickness absence is not confounded by other attributes of
the child. These conclusions do not differ across the four samples.

10The school indicators are identified for the small group siblings who did not attend the same school.
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Table 2.4: Regression of sickness absence on observables with sibling FE

Mathematics Sample Danish Sample
FE FE

Sibling identification Sibling identification
sample sample sample sample

Age at 9th grade exam -0.0004 -0.0005 -0.0004 -0.0003
(0.0017) (0.0019) (0.0017) (0.0019)

Birth weight less than 1500 grams (0/1) -0.0055 -0.0068 -0.0053 -0.0064
(0.0038) (0.0043) (0.0038) (0.0042)

Birth weight 1500-2500 grams (0/1) -0.0002 -0.0003 0.0000 -0.0000
(0.0023) (0.0026) (0.0023) (0.0026)

APGAR5 not 10 (0/1) -0.0003 -0.0006 0.0002 0.0001
(0.0016) (0.0018) (0.0016) (0.0018)

External causes of morbidity (0/1) -0.0349 -0.0349 -0.0350 -0.0354
(0.0267) (0.0268) (0.0271) (0.0271)

Symptoms and findings, not elsewhere classified (0/1) -0.0022* -0.0024* -0.0020 -0.0022
(0.0013) (0.0014) (0.0012) (0.0014)

Chromosomal abnormalities and malformations (0/1) -0.0010 -0.0012 -0.0004 -0.0004
(0.0014) (0.0015) (0.0014) (0.0015)

Conditions originating in the perinatal period (0/1) 0.0014 0.0019 0.0003 0.0004
(0.0014) (0.0015) (0.0015) (0.0016)

Diseases of the genitourinary system (0/1) 0.0013 0.0014 0.0011 0.0012
(0.0019) (0.0021) (0.0019) (0.0021)

Musculoskeletal diseases (0/1) -0.0021 -0.0025 -0.0023 -0.0027
(0.0021) (0.0023) (0.0022) (0.0024)

Diseases of the skin (0/1) 0.0002 -0.0001 0.0007 0.0003
(0.0021) (0.0024) (0.0021) (0.0023)

Diseases of the digestive system (0/1) -0.0006 -0.0007 -0.0005 -0.0005
(0.0015) (0.0016) (0.0015) (0.0017)

Diseases of the respiratory system (0/1) 0.0013 0.0015 0.0015 0.0014
(0.0011) (0.0012) (0.0011) (0.0012)

Diseases of the circulatory system 0/1) 0.0042 0.0050 -0.0028 -0.0028
(0.0039) (0.0044) (0.0078) (0.0087)

Diseases of the ear and mastoid process (0/1) 0.0020 0.0020 0.0015 0.0018
(0.0016) (0.0018) (0.0016) (0.0018)

Diseases of the eye and adnexa (0/1) 0.0035 0.0038 0.0034 0.0037
(0.0025) (0.0027) (0.0025) (0.0027)

Diseases of the nervous system (0/1) 0.0040 0.0040 0.0047 0.0047
(0.0029) (0.0033) (0.0028) (0.0032)

Mental and behavioral disorders (0/1) 0.0038 0.0050 0.0037 0.0050
(0.0043) (0.0047) (0.0043) (0.0046)

Endocrine, nutritional, and metabolic diseases (0/1) 0.0028 0.0034 0.0039 0.0046
(0.0033) (0.0036) (0.0034) (0.0036)

Haematological diseases(0/1) -0.0022 -0.0025 -0.0020 -0.0024
(0.0055) (0.0061) (0.0054) (0.0060)

Neoplasms (0/1) -0.0018 -0.0019 -0.0050 -0.0052
(0.0034) (0.0037) (0.0047) (0.0049)

Certain infectious and parasitic diseases (0/1) -0.0010 -0.0013 -0.0005 -0.0007
(0.0015) (0.0017) (0.0015) (0.0017)

Injury, poisoning (0/1) 0.0006 0.0005 0.0004 0.0003
(0.0009) (0.0010) (0.0009) (0.0010)

(continued on next page.)
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Table 2.4 Continued: Regression of sickness absence on observables with sibling FE

Mathematics Sample Danish Sample
FE FE

Sibling identification Sibling identification
sample sample sample sample

Parents divorced (0/1) 0.0024 0.0028 0.0031 0.0035
(0.0023) (0.0025) (0.0024) (0.0026)

2nd born (0/1) 0.0009 0.0011 0.0010 0.0012
(0.0010) (0.0012) (0.0011) (0.0013)

Mother’s age at birth -0.0011 -0.0013 -0.0008 -0.0010
(0.0014) (0.0017) (0.0014) (0.0016)

Father’s age at birth 0.0008 0.0009 0.0007 0.0008
(0.0015) (0.0017) (0.0015) (0.0017)

Observations 12,872 11,712 12,902 11,750
R-squared 0.2476 0.2547 0.2500 0.2558
Mean of outcome 0.0295 0.0318 0.0296 0.0319
F -test of the above variables (p-value) 0.5817 0.5154 0.6160 0.6177

Controls
School indicators YES YES YES YES
Year indicators YES YES YES YES
Test scores in 8th grade YES YES YES YES
Sibling FE YES YES YES YES

Note: Standard errors clustered on schools in parentheses, *** p<0.01, ** p<0.05, * p<0.1. For more details on the
variables see table 2.A.1 in the appendix

2.6.2 Main results

Estimation results from the main specifications are reported in table 2.5. The first row lists
from models where the grade from the written math exam is the outcome. In the first column
the coefficient is from an OLS model with no controls other than a constant. Sickness absence
is measured as a fraction and the exam grade is standardized. Thus the coefficient of −4.7144
indicates that a 1 percentage point increase in sickness absence in 9th grade is associated with a
decrease of the exam result of −4.7144 percent of a standard deviation. The school year in 9th

grade is almost 200 days, thus a 1 percentage point increase is equivalent to two days absence.
In the second column I have included all observable characteristics in the OLS model. The
coefficient is now halved which may be natural as there is at least some selection into sickness
absence. In the two next columns I have regressed the same models again, but here I have
limited the sample to the sibling sample. The coefficients are of the same magnitude as the
coefficients in the full model. The standard errors are higher; this is likely to be due to the
smaller sample size. It is important for the external validity of the fixed effects results that the
sibling sample is not that different from the full sample, especially in regard to the relationship
between sickness absence and exam result. The last three columns are the same-sex sibling
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fixed effect models. The fifth column is the fixed effect model without covariates. In column
six I include the test scores from 8th grade which decreases the coefficient a bit. Finally, the
seventh column is the fixed effect model with all covariates, thus including the child specific
characteristics such as health indicators and the birth order indicator. Note that the coefficient
is now almost halved compared to the full OLS model. Thus the OLS model, is probably still
confounded by unobservable characteristics that are accounted for in the sibling fixed effect
model. When the battery of child specific characteristics is included in the sibling model the
coefficient remains the same. Thus it seems that the sibling fixed effect model conditioning
on test scores from the 8th grade captures the important confounders. In other words, the
result without these child covariates does not seem to be biased due to the omitted observable
variables. The coefficient of −1.6393 indicates that a one percentage point increase in sickness
absence reduces the exam result in written math by slightly more than 1.6 percent of a standard
deviation.

The second row of table 2.5 lists coefficients from the models focusing on the written exam
grade in Danish. Note that the coefficients are lower in the Danish model. The relationship
between absence and Danish exam grades is weaker than was the case for the math exam. In the
fixed effect model without covariates the coefficient is more than halved compared to the OLS
models without covariates. When 8th grade test scores are included, the coefficient decreases
by about two thirds. Inclusion of the other covariates does not change the coefficient. Though
imprecisely estimated, the estimate suggests that an increase in absence by one percentage
point is associated with a decrease of 0.3 percent of a standard deviation in the written Danish
exam result.

Comparing the coefficients for math and Danish exam results, it seems that the math grade
is affected more by absence than the Danish grade. A possible explanation might be the way
you learn these subjects. If you miss an introduction of a concept in math because you were
sick, you most likely have to catch up on that concept before you can learn the next concepts.
In Danish it might not have the same consequences if you do not catch up on a concept you
missed due to sickness. Math has, to some extent, to be taught in a certain sequence as the
concepts build on each other. In Danish the sequence of the concepts is less important.

The achievement gap in the full sample between children of fathers with a college degree and
those whose fathers with high school or less is 72 percent of a standard deviation in math and
56 percent of a standard deviation in Danish. Recall that the gap in sickness absence is only 1
percentage point. Thus in real terms it does not seem that the differences in sickness absence
across fathers’ education are a very important factor in the achievement gap. These results are
in line with other recent literature such as Aucejo and Romano (2014) and Gershenson et al.
(2015), even though these studies investigate the effect of absence in other settings and they
study a total measure of absence, they find similar small effects.
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Table 2.5: Main results:
Regression of exam score on fraction of days with sickness absence

OLS Full sample OLS Sibling sample FE Sibling sample

Math exam -4.7144*** -2.4667*** -5.0618*** -2.7547*** -1.7996*** -1.6174*** -1.6393***
(0.0884) (0.0564) (0.2858) (0.2111) (0.2572) (0.2645) (0.2631)

Observations 170,088 170,088 12,872 12,872 12,872 12,872 12,872
R-squared 0.0415 0.4879 0.0394 0.5349 0.0065 0.3496 0.3557
Mean of outcome 0.0078 0.0078 0.1600 0.1600 0.1600 0.1600 0.1600

Danish exam -2.5273*** -1.2224*** -2.7118*** -1.2886*** -1.0323*** -0.3232 -0.3274
(0.0729) (0.0525) (0.2548) (0.2102) (0.2701) (0.3114) (0.3090)

Observations 170,511 170,511 12,902 12,902 12,902 12,902 12,902
R-squared 0.0121 0.4193 0.0113 0.4618 0.0019 0.2747 0.2801
Mean of outcome 0.0077 0.0077 0.0757 0.0757 0.0757 0.0757 0.0757

Controls
School indicators NO YES NO YES NO YES YES
Year indicators NO YES NO YES NO YES YES
Test scores in 8th grade NO YES NO YES NO YES YES
Child information NO YES NO YES NO NO YES
Parents information NO YES NO YES NO NO YES
Sibling FE NO NO NO NO YES YES YES

Note: Standard errors clustered on schools in parentheses, *** p<0.01, ** p<0.05, * p<0.1. For more details on the variables
see table 2.A.1 in the appendix.

2.6.3 Robustness

To test the robustness of the model specification I estimate some alternative models and the
results are reported in table 2.6. For comparison I have repeated the main specification in the
first column of estimates.

The second column list the estimates of the fixed effect model on all sibling pairs, both those
of the same sex and those of different sexes. The coefficients are of the same magnitude as in
the main specification, allthough they are a bit higher when all sibling pairs are included. The
slightly higher coefficients could suggest differences in the way parents deal with their children’s
schooling and absence across gender. If parents cope with their children’s absence differently
based on their gender in some unobservable way, it will not be accounted for by the sibling
fixed effects. Below I investigate if absence affects exam results differently for boys and girls.

Comparing twins has some advantages over comparing siblings of different age. Mostly
because the parent characteristics at the time of birth are exactly identical in terms of age,
educational attainment, and employment. In practice one problem of twin models is that twin
births are not very frequent. In column 3 I have regressed the fixed effect model on the sub-
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sample of same-sex twins. The coefficient for Danish is again very small and insignificant, but
as the standard errors suggest, the estimate is very imprecisely estimated. The coefficient for
math is higher than in the main specification. This could indicate some selection in the twin
sample. The differences in sickness absence in the sibling comparison could for the most part be
explained by differences in influenza epidemics, viruses and the like in the year of measurement.
Twins will enter 9th grade at the same time, thus differences in sickness absence is much more
likely to be due to differences in underlying health. In this setting it does not seem to have
much importance, except that there is less power in the twin sample.

In column 4 I have regressed the model on the same-sex siblings who do not take the exam
the same year. As noted above siblings who take the exam the same year are exposed to the
same health environment in 9th grade. If the results above were driven by different underlying
health among siblings who take the exam the same year, we would expect to see different effects
in this sub-sample. The estimates are of the same magnitude and not statistically different from
the estimates in the full model.

In figure 2.1 I showed that absence is concentrated around zero, but there are some outliers
with high absence rates. One might worry that it is the children with high absence rates who
drive the results up. In column 5 I regress the model without the children who have absence
rates above 10 %. The coefficient from the math model is a bit higher when the children with
high absence are excluded. Thus it does not seem that outliers drive up the coefficients.

In column 6 I have regressed the model on another absence measure, total absence. Total
absence includes both sicknesses, excused and unexcused absence. The coefficients are again
very similar to those in the main specification. Thus the mechanisms do not seem to be very
different for the other types of absences, and the results do not seem to be due to the sickness
per se, but due to the children being absent from classes.

The models above rely on a linear specification. Even though I did not find that the results
was driven bu the outliers one could imagine that absence affects exam scores in a nonlinear
way. Table 2.A.3 reports the estimates from a specification where I have sub-divided absence
into quartiles and regressed the full model same-sex sibling fixed effect model on the dummies
for the three highest absence quartiles. For the math exam scores the coefficients are indeed
increasing in magnitude in a linear pattern. For the Danish exam scores the coefficients are
small and insignificant, similar to the linear specification.

2.6.4 Heterogeneity

In table 2.7 I have estimated the models separately for boys and girls, that is, I have estimated
a coefficient for each gender. Recall that the absence rate for girls is generally higher than
for the boys, about half a percentage point more. In math the point estimates suggest that
girls are more affected by absence than boys. In Danish the boys do seem to be affected twice
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Table 2.6: Alternative specifications:
Regression of exam score on fraction of days with (sickness) absence

Main Incl. siblings of Same-sex Different Fraction days Total
specification different sex twins only test years sick max 10 % absence

Math exam -1.6393*** -1.5150*** -2.6046*** -1.8378*** -1.7553*** -1.6675***
(0.2631) (0.1757) (0.9004) (0.2910) (0.4530) (0.2061)

Observations 12,872 24,828 1,668 11,192 12,248 12,872
R-squared 0.3557 0.3199 0.2918 0.3045 0.3514 0.3593
Mean of outcome 0.1600 0.1693 0.1949 0.1583 0.1899 0.1600

Danish exam -0.3274 -0.6926*** 0.1610 -0.6437** -0.1446 -0.1613
(0.3090) (0.2005) (1.0710) (0.3111) (0.5284) (0.2257)

Observations 12,902 24,904 1,668 11,224 12,271 12,902
R-squared 0.2801 0.3222 0.2222 0.2727 0.2795 0.2800
Mean of outcome 0.0757 0.0901 0.1614 0.0665 0.0928 0.0757

Note: Standard errors clustered on schools in parentheses, *** p<0.01, ** p<0.05, * p<0.1. All models include the
sibling fixed effects and all control variables. For more details on the variables see table 2.A.1 in the appendix.

as much by sickness absence than the girls. Thus the results seem to suggest that girls are
better at coping with absence in regards to their Dansih exam, and in math it is the other way
around. Note that the results are not estimated with sufficient precision to conclude that there
are statistical differences in effects across gender.

Table 2.7: Results, by gender:
Regression of exam score on fraction of days with sickness absence

Mathematics Danish
Male Female Male Female

Fraction days sick -1.3372*** -1.7532*** -0.2602 -0.1264
(0.4280) (0.3476) (0.5241) (0.4236)

Observations 6,864 6,008 6,842 6,060
R-squared 0.3711 0.3997 0.3092 0.3189
Mean of outcome 0.1803 0.1368 -0.1543 0.3354

Note: Standard errors clustered on schools in parentheses, *** p<0.01, **
p<0.05, * p<0.1. All models include the sibling fixed effects and all control
variables. For more details on the variables see table 2.A.1 in the appendix.
The differences between the genders are not statistically significant on a 5%
level.
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Table 2.8: Results, by parental education:
Regression of exam score on fraction of days with sickness absence

Mathematics Danish
Mother Father Mother Father

High school or less -1.4545*** -2.1291*** -0.1379 -0.6602
(0.5530) (0.5979) (0.4969) (0.6087)

Observations 3,340 3,190 3,356 3,200
R-squared 0.4416 0.4105 0.3747 0.3750
Mean of outcome -0.1744 -0.1171 -0.1498 -0.1305

Vocational education -1.9471*** -1.1794*** -0.1199 0.6708
(0.4979) (0.4087) (0.6268) (0.5016)

Observations 5,146 5,584 5,142 5,592
R-squared 0.3877 0.3951 0.3121 0.3085
Mean of outcome 0.1036 0.0915 -0.0009 0.0038

College education -1.9578*** -2.1218*** -0.4847 -0.6788
(0.4534) (0.5062) (0.6781) (0.6470)

Observations 4,016 3,670 4,038 3,678
R-squared 0.3841 0.3867 0.3209 0.3147
Mean of outcome 0.5565 0.5700 0.4014 0.4208

Note: Standard errors clustered on schools in parentheses, *** p<0.01, **
p<0.05, * p<0.1. All models include the sibling fixed effects and all control
variables. For more details on the variables see table 2.A.1 in the appendix.
Children with missing information on mother/father’s education are not in-
cluded in this sub-group analysis. The differences between parents’ education
are not statistically significant on a 5% level.
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Socio-economic background is another important predictor of sickness absence. In table
2.8 I have estimated a model on sub-samples divided up by parents’ education.11 In the first
two columns of the table the outcome is the math exam score; in columns three and four the
outcome is the result from the Danish exam. For completeness the children are divided up on
both mother’s education and father’s education. None of the estimates are statistically different
from each other between groups of parental education. Though it seems that the math and
Danish scores could be driven toward zero by fathers with vocational education.

2.7 Concluding remarks

High student absence rates are a huge concern in Denmark as well as in the US. This concern
is based on the observation that school absence is often linked to lower achievement. While
there is a large body of literature that documents the effects of instruction time on students’
learning, literature focusing on the effects of absence is limited. This paper investigates the
relationship between sickness absence in 9th grade and 9th grade exam results. I rely on a large
set of background characteristics and on same-sex sibling fixed effects. This information allows
me to control for possible confounding variables.

I find that a one percentage point increase in sickness absence in the 9th grade reduces the
end of 9th grade math exam result by about 1.6 percent of a standard deviation. In Danish
the decrease is lower and insignificant, around 0.3 percent of a standard deviation. A same-sex
sibling fixed effect model controls for important unobserved confounders. When the same-sex
fixed effects and 8th grade achievement are accounted for, additional information on children
does not change the estimated coefficients. The coefficients are also robust to alternative model
specifications. I have estimated the model on all pairs of oldest siblings, including the families
with children of both sexes, on a same-sex twins only sample, a sample without children with
very high absence, and finally with a specification where I use all absence categories and not
only sickness absence. The coefficients are of the same magnitude in all cases.

Some of the concern about high absence rates is rooted in the observation that children from
low SES families have more absence than yhose from high SES families. Absence could thus
be a driving force behind the achievement gap. Further, it is hypothesized that absence could
have a higher impact on the low SES children as their parents are less equipped to help them
catch-up on foregone instruction. Allthough I do find adverse effects of absence, the effect size
is relatively small compared to the observed absence and achievement gaps. I do not find any
statistically significant differences across parents’ education, but point estimates suggest that
children of fathers with vocational educations are less affected by absence.

11In the appendix table 2.A.4 I have divided the children up by parents’ income quartiles.
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Appendices
Table 2.A.1: List of included covariates

Variable name Description

Child characteristics
Male (0/1) Gender.
Age at 9th grade exam Age when the pupil took the 9th grade exam.
Birth weight less than 1500 grams (0/1) Birth weight classified as very low.
Birth weight 1500-2500 grams (0/1) Birth weight classified as low.
APGAR5 not 10 (0/1) Child did not get the maximum APGAR5 score.
External causes of morbidity (0/1) ICD-10 chapter 20, e.g. accidents, intentional self-harm, assaults.
Symptoms and findings, not elsewhere classified (0/1) ICD-10 chapter 18, e.g. symptoms and findings not directly

linked to a diagnosis.
Chromosomal abnormalities and malformations (0/1) ICD-10 chapter 17, e.g. malformations, downs syndrome.
Conditions originating in the perinatal period (0/1) ICD-10 chapter 16, e.g. disordes related to fetal growth, birth

trauma, infections.
Diseases of the genitourinary system (0/1) ICD-10 chapter 14, e.g. diseases of the urinal system, pelvis,

genital, breasts.
Musculoskeletal diseases (0/1) ICD-10 chapter 13, e.g. disorders in bones and connective tissue.
Diseases of the skin (0/1) ICD-10 chapter 12, e.g. impetigo, psoriasis, eczema.
Diseases of the digestive system (0/1) ICD-10 chapter 11, e.g. appendicitis, constipation.
Diseases of the respiratory system (0/1) ICD-10 chapter 10, e.g. tonsillitis, pneumonia, asthma.
Diseases of the circulatory system 0/1) ICD-10 chapter 9, e.g. heart diseases.
Diseases of the ear and mastoid process (0/1) ICD-10 chapter 8, e.g. otitis media, hearing impairment.
Diseases of the eye and adnexa (0/1) ICD-10 chapter 7, e.g. infections, visual impairment.
Diseases of the nervous system (0/1) ICD-10 chapter 6, e.g. meningitis, epilepsy.
Mental and behavioral disorders (0/1) ICD-10 chapter 5, e.g. ADHD, OCD, autism.
Endocrine, nutritional and metabolic diseases (0/1) ICD-10 chapter 4, e.g. diabetes, malnutrition.
Haematological diseases(0/1) ICD-10 chapter 3, e.g. anaemia, leukemia.
Neoplasms (0/1) ICD-10 chapter 2, e.g. tumors (incl. benign).
Certain infectious and parasitic diseases (0/1) ICD-10 chapter 1, e.g. tuberculosis, viral infections.
Injury, poisoning (0/1) ICD-10 chapter 19, e.g. emergency room visits.
8th grade test score in reading Average of test scores in the 3 profile areas in reading in the

national test, standardized.
8th grade test score in physics/chemistry Average of test scores in the 3 profile areas in physics/chemistry

in the national test, standardized.
8th grade test score in biology Average of test scores in the 3 profile areas in biology in the

national test, standardized.
8th grade test score in geography Average of test scores in the 3 profile areas in geography in the

national test, standardized.
Immigrant (0/1) The child is an immigrant.
Parents divorced (0/1) The parents did not live in the same household at age 5.
2nd born (0/1) Indicator of the youngest child.
Mother/father characteristics
Age at birth Age when child was born.
Degree of unemployment Fraction of time spent in unemployment the year the first

born turned 5 (in %�).
Gross income in 1st quartile (0/1) Mother/father income is in the lowest quartile among

mothers/fathers in the sample when the first born was 5.
Gross income in 2nd quartile (0/1) Mother/father income is in the 2nd quartile among

mothers/fathers in the sample when the first born was 5.
Gross income in 3rd quartile (0/1) Mother/father income is in the 3rd quartile among

mothers/fathers in the sample when the first born was 5.
Gross income in 4th quartile (0/1) Mother/father income is in the highest quartile among

mothers/fathers in the sample when the first born was 5.
Basic education (0/1) Has not completed other education than basic education when

first born was 5.
High school or less (0/1) Highest completed education when first born was 5 is high

school or less.
Vocational (0/1) Highest completed education when first born was 5 is vocational

training.
College (0/1) Highest completed education when first born was 5 is

college, MSc, or PhD degree

Note: Additional missing-dummies are included for each of the above variables indicating if data is missing.



64 Chapter 2. Sickness Absence and Student Achievement
Ta

bl
e
2.
A
.2
:
R
eg
re
ss
io
n
of

si
ck
ne
ss

ab
se
nc
e
on

ob
se
rv
ab

le
s

M
at
h
em

at
ic
s
sa
m
p
le

D
an

is
h
sa
m
p
le

F
E

F
E

Fu
ll

Si
bl
in
g

id
en
ti
fic
at
io
n

Fu
ll

Si
bl
in
g

id
en
ti
fic
at
io
n

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

M
al
e
(0
/1
)

-0
.0
04
2*
**

-0
.0
03
4*
**

-0
.0
03
8*
**

-0
.0
04
4*
**

-0
.0
03
6*
**

-0
.0
04
1*
**

(0
.0
00
2)

(0
.0
00
8)

(0
.0
00
9)

(0
.0
00
2)

(0
.0
00
8)

(0
.0
00
9)

A
ge

at
9t
h
gr
ad

e
ex
am

0.
00
33
**
*

0.
00
25
**
*

0.
00
28
**
*

0.
00
32
**
*

0.
00
22
**

0.
00
25
**

(0
.0
00
3)

(0
.0
00
9)

(0
.0
01
0)

(0
.0
00
3)

(0
.0
00
9)

(0
.0
01
0)

B
ir
th

w
ei
gh

t
le
ss

th
an

15
00

gr
am

s
(0
/1
)

-0
.0
01
9

-0
.0
04
8

-0
.0
04
9

-0
.0
01
3

-0
.0
05
3

-0
.0
05
4

(0
.0
01
2)

(0
.0
04
5)

(0
.0
05
0)

(0
.0
01
3)

(0
.0
04
3)

(0
.0
04
8)

B
ir
th

w
ei
gh

t
15
00
-2
50
0
gr
am

s
(0
/1
)

-0
.0
00
5

-0
.0
03
7*
*

-0
.0
02
9*

-0
.0
00
6

-0
.0
04
0*
**

-0
.0
03
1*

(0
.0
00
6)

(0
.0
01
5)

(0
.0
01
6)

(0
.0
00
6)

(0
.0
01
5)

(0
.0
01
7)

A
P
G
A
R
5
no

t
10

(0
/1
)

-0
.0
00
1

0.
00
04

0.
00
00

0.
00
00

0.
00
09

0.
00
06

(0
.0
00
4)

(0
.0
01
4)

(0
.0
01
5)

(0
.0
00
4)

(0
.0
01
4)

(0
.0
01
5)

E
xt
er
na

lc
au

se
s
of

m
or
bi
di
ty

(0
/1
)

0.
01
05

0.
10
25

0.
10
27

0.
01
02

0.
10
31

0.
10
34

(0
.0
10
1)

(0
.1
06
4)

(0
.1
07
3)

(0
.0
10
1)

(0
.1
07
1)

(0
.1
07
9)

Sy
m
pt
om

s
an

d
fin

di
ng

s,
no

t
el
se
w
he
re

cl
as
si
fie
d
(0
/1
)

0.
00
16
**
*

0.
00
10

0.
00
09

0.
00
15
**
*

0.
00
12

0.
00
10

(0
.0
00
3)

(0
.0
01
0)

(0
.0
01
0)

(0
.0
00
3)

(0
.0
01
0)

(0
.0
01
0)

C
hr
om

os
om

al
ab

no
rm

al
it
ie
s
an

d
m
al
fo
rm

at
io
ns

(0
/1
)

0.
00
02

-0
.0
01
0

-0
.0
01
1

0.
00
02

-0
.0
00
2

-0
.0
00
3

(0
.0
00
4)

(0
.0
01
3)

(0
.0
01
4)

(0
.0
00
4)

(0
.0
01
3)

(0
.0
01
4)

C
on

di
ti
on

s
or
ig
in
at
in
g
in

th
e
pe

ri
na

ta
lp

er
io
d
(0
/1
)

-0
.0
00
4

-0
.0
00
0

0.
00
04

-0
.0
00
3

0.
00
02

0.
00
06

(0
.0
00
3)

(0
.0
01
0)

(0
.0
01
1)

(0
.0
00
3)

(0
.0
01
0)

(0
.0
01
1)

D
is
ea
se
s
of

th
e
ge
ni
to
ur
in
ar
y
sy
st
em

(0
/1
)

0.
00
19
**
*

0.
00
26

0.
00
25

0.
00
20
**
*

0.
00
24

0.
00
24

(0
.0
00
5)

(0
.0
01
6)

(0
.0
01
7)

(0
.0
00
5)

(0
.0
01
6)

(0
.0
01
7)

M
us
cu
lo
sk
el
et
al

di
se
as
es

(0
/1
)

0.
00
24
**
*

0.
00
04

0.
00
02

0.
00
25
**
*

0.
00
07

0.
00
06

(0
.0
00
4)

(0
.0
01
6)

(0
.0
01
7)

(0
.0
00
5)

(0
.0
01
6)

(0
.0
01
7)

D
is
ea
se
s
of

th
e
sk
in

(0
/1
)

0.
00
05

-0
.0
01
7

-0
.0
01
7

0.
00
05

-0
.0
01
5

-0
.0
01
6

(0
.0
00
5)

(0
.0
01
6)

(0
.0
01
7)

(0
.0
00
5)

(0
.0
01
6)

(0
.0
01
7)

D
is
ea
se
s
of

th
e
di
ge
st
iv
e
sy
st
em

(0
/1
)

0.
00
14
**
*

0.
00
14

0.
00
15

0.
00
14
**
*

0.
00
16

0.
00
16

(0
.0
00
4)

(0
.0
01
4)

(0
.0
01
5)

(0
.0
00
4)

(0
.0
01
4)

(0
.0
01
5)

D
is
ea
se
s
of

th
e
re
sp
ir
at
or
y
sy
st
em

(0
/1
)

0.
00
16
**
*

0.
00
36
**
*

0.
00
37
**
*

0.
00
16
**
*

0.
00
32
**
*

0.
00
33
**
*

(0
.0
00
3)

(0
.0
01
0)

(0
.0
01
1)

(0
.0
00
3)

(0
.0
01
0)

(0
.0
01
1)

D
is
ea
se
s
of

th
e
ci
rc
ul
at
or
y
sy
st
em

0/
1)

0.
00
35
**
*

0.
00
41

0.
00
44

0.
00
32
**

0.
00
25

0.
00
30

(0
.0
01
3)

(0
.0
05
7)

(0
.0
06
3)

(0
.0
01
3)

(0
.0
05
8)

(0
.0
06
4)

D
is
ea
se
s
of

th
e
ea
r
an

d
m
as
to
id

pr
oc
es
s
(0
/1
)

-0
.0
00
2

0.
00
12

0.
00
14

0.
00
00

0.
00
13

0.
00
16

(0
.0
00
4)

(0
.0
01
6)

(0
.0
01
7)

(0
.0
00
4)

(0
.0
01
6)

(0
.0
01
7)

(c
on

ti
nu

ed
on

ne
xt

pa
ge
)



Appendices 65
Ta

bl
e
2.
A
.2

C
on

ti
nu

ed
:
R
eg
re
ss
io
n
of

si
ck
ne
ss

ab
se
nc
e
on

ob
se
rv
ab

le
s

M
at
h
em

at
ic
s
sa
m
p
le

D
an

is
h
sa
m
p
le

F
E

F
E

Fu
ll

Si
bl
in
g

id
en
ti
fic
at
io
n

Fu
ll

Si
bl
in
g

id
en
ti
fic
at
io
n

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

sa
m
pl
e

D
is
ea
se
s
of

th
e
ey
e
an

d
ad

ne
xa

(0
/1
)

0.
00
04

0.
00
13

0.
00
11

0.
00
02

0.
00
13

0.
00
10

(0
.0
00
6)

(0
.0
02
2)

(0
.0
02
5)

(0
.0
00
6)

(0
.0
02
2)

(0
.0
02
5)

D
is
ea
se
s
of

th
e
ne
rv
ou

s
sy
st
em

(0
/1
)

0.
00
24
**
*

0.
00
18

0.
00
18

0.
00
25
**
*

0.
00
17

0.
00
18

(0
.0
00
8)

(0
.0
02
6)

(0
.0
02
8)

(0
.0
00
8)

(0
.0
02
6)

(0
.0
02
8)

M
en
ta
la

nd
be

ha
vi
or
al

di
so
rd
er
s
(0
/1
)

0.
00
13
*

0.
00
49

0.
00
49

0.
00
14
*

0.
00
57

0.
00
56

(0
.0
00
8)

(0
.0
03
6)

(0
.0
03
8)

(0
.0
00
7)

(0
.0
03
5)

(0
.0
03
7)

E
nd

oc
ri
ne
,n

ut
ri
ti
on

al
an

d
m
et
ab

ol
ic

di
se
as
es

(0
/1
)

0.
00
30
**
*

0.
00
57
**

0.
00
54
*

0.
00
30
**
*

0.
00
58
**

0.
00
54
*

(0
.0
00
7)

(0
.0
02
6)

(0
.0
02
8)

(0
.0
00
7)

(0
.0
02
7)

(0
.0
02
9)

H
ae
m
at
ol
og
ic
al

di
se
as
es
(0
/1
)

0.
00
14

0.
00
35

0.
00
27

0.
00
13

0.
00
29

0.
00
21

(0
.0
01
1)

(0
.0
04
8)

(0
.0
05
3)

(0
.0
01
1)

(0
.0
04
8)

(0
.0
05
3)

N
eo
pl
as
m
s
(0
/1
)

-0
.0
00
0

0.
00
40

0.
00
32

0.
00
03

0.
00
35

0.
00
27

(0
.0
00
9)

(0
.0
04
0)

(0
.0
04
2)

(0
.0
00
9)

(0
.0
03
9)

(0
.0
04
1)

C
er
ta
in

in
fe
ct
io
us

an
d
pa

ra
si
ti
c
di
se
as
es

(0
/1
)

0.
00
10
**
*

0.
00
04

0.
00
04

0.
00
10
**
*

0.
00
08

0.
00
10

(0
.0
00
4)

(0
.0
01
2)

(0
.0
01
3)

(0
.0
00
4)

(0
.0
01
2)

(0
.0
01
3)

In
ju
ry
,p

oi
so
ni
ng

(0
/1
)

0.
00
21
**
*

0.
00
03

0.
00
03

0.
00
20
**
*

0.
00
01

0.
00
01

(0
.0
00
2)

(0
.0
00
8)

(0
.0
00
8)

(0
.0
00
2)

(0
.0
00
8)

(0
.0
00
8)

Im
m
ig
ra
nt

(0
/1
)

-0
.0
16
2*
**

-0
.0
12
8*
**

-0
.0
12
4*
**

-0
.0
16
3*
**

-0
.0
12
6*
**

-0
.0
12
2*
**

(0
.0
00
6)

(0
.0
02
0)

(0
.0
02
1)

(0
.0
00
6)

(0
.0
02
0)

(0
.0
02
1)

P
ar
en
ts

di
vo

rc
ed

(0
/1
)

0.
00
37
**
*

0.
00
33
**
*

0.
00
31
**

0.
00
39
**
*

0.
00
36
**
*

0.
00
33
**

(0
.0
00
3)

(0
.0
01
3)

(0
.0
01
4)

(0
.0
00
3)

(0
.0
01
3)

(0
.0
01
4)

2n
d
bo

rn
(0
/1
)

0.
00
10
**
*

0.
00
35
**
*

0.
00
34
**
*

0.
00
11
**
*

0.
00
36
**
*

0.
00
36
**
*

(0
.0
00
1)

(0
.0
00
9)

(0
.0
01
1)

(0
.0
00
1)

(0
.0
01
0)

(0
.0
01
1)

O
bs
er
va
ti
on

s
17
0,
08
8

12
,8
72

11
,7
12

17
0,
51
1

12
,9
02

11
,7
50

R
-s
qu

ar
ed

0.
10
53

0.
20
01

0.
20
09

0.
10
73

0.
20
30

0.
20
29

C
on

tr
ol
s

Sc
ho

ol
in
di
ca
to
rs

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
ea
r
in
di
ca
to
rs

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Te
st

sc
or
es

in
8t

h
gr
ad

e
Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

P
ar
en
t
in
fo
rm

at
io
n

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

Y
E
S

N
ot
e:

St
an

da
rd

er
ro
rs

cl
us
te
re
d
on

sc
ho

ol
s
in

pa
re
nt
he

se
s,

**
*
p<

0.
01

,*
*
p<

0.
05

,*
p<

0.
1.

Fo
r
m
or
e
de
ta
ils

on
th
e
va
ri
ab

le
s
se
e
ta
bl
e
2.
A
.1
.



66 Chapter 2. Sickness Absence and Student Achievement

Table 2.A.3: Non-linear specification:
Regression of exam scores on sickness absence quartiles

Mathematics Danish

Sickness absence in 2nd quartile -0.0083 -0.0194
(0.0249) (0.0282)

Sickness absence in 3rd quartile -0.0489* -0.0106
(0.0279) (0.0306)

Sickness absence in 4th quartile -0.1233*** -0.0254
(0.0289) (0.0329)

Observations 12,872 12,902
R-squared 0.3544 0.2799
Mean of outcome 0.1458 0.0625

Note: Standard errors clustered on schools in parentheses, ***
p<0.01, ** p<0.05, * p<0.1. Both models include the sibling
fixed effects and all control variables. For more details on the
variables see table 2.A.1.
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Table 2.A.4: Results, by parental income:
Regression of exam score on fraction of days with sickness absence

Mathematics Danish
Mother Father Mother Father

Income in 1st quartile -1.2110** -0.6031 -0.0675 0.8746
(0.5642) (0.6242) (0.6262) (0.7179)

Observations 2,600 2,442 2,612 2,442
R-squared 0.4358 0.4532 0.3610 0.4216
Mean of outcome -0.1328 -0.2184 -0.1486 -0.1845

Income in 2nd quartile -0.9248 -2.2353*** -0.1897 -0.8487
(0.5667) (0.5478) (0.7312) (0.7121)

Observations 2,874 3,074 2,872 3,098
R-squared 0.4080 0.4307 0.3554 0.3374
Mean of outcome 0.0344 0.0712 0.0014 0.0025

Income in 3rd quartile -1.9537*** -2.3896*** -0.5618 -0.0234
(0.6239) (0.6032) (0.6461) (0.6156)

Observations 3,458 3,332 3,464 3,340
R-squared 0.4060 0.3976 0.3431 0.3180
Mean of outcome 0.1902 0.1779 0.0926 0.0709

Income in 4th quartile -2.0974*** -1.6231*** 0.2171 -0.7838
(0.4948) (0.4859) (0.7209) (0.6887)

Observations 3,566 3,614 3,576 3,608
R-squared 0.4002 0.3673 0.3087 0.3155
Mean of outcome 0.4632 0.4934 0.3056 0.3401

Note: Standard errors clustered on schools in parentheses, *** p<0.01, **
p<0.05, * p<0.1. All models include the sibling fixed effects and all control
variables. For more details on the variables see table 2.A.1. Children with miss-
ing information on mother/father’s income are not included in this sub-group
analysis. The differences between parents’ education are not statistically signif-
icant on a 5% level, except for the differences in reading scores between fathers
in 1st and 2nd quartile and fathers in 1st and 3rd quartile.
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3.1 Introduction

Improving student achievement is a primary goal of both policy makers and practitioners. In
recent decades there has been increased focus on systematic testing of school children to improve
performance. Examples include the PISA tests and the No Child Left Behind Act in the USA.
Systematic testing of students may improve student performance through two channels. First,
it can be a part of a learning model where the test in itself can motivate pupils to study harder
and thereby affecting performance. Second, it can serve as an accountability tool in which case
the actual performance in the tests matters. Grading is used to summarize test performance,
typically by assigning grades as a range of letters (e.g. A through F). Both the type of grading
and the way this information is communicated to the pupils (in the following we will refer to
this as feedback) are likely to affect future performance.

In this paper we focus on feedback on performance as a source of private information that
reveals a signal about one’s own ability. We ask the question: How does information about
own performance affect future performance and how do the effects differ across the ability
distribution? Most previous studies investigate if testing affects performance; few have focused
on the effects of the information feedback obtained from the tests. Two exceptions are Bandiera,
Larcinese, and Rasul (2015) and Azmat and Iriberri (2010) who find that receiving a grade as
opposed to not receiving a grade improved subsequent performance of university and high
school students, respectively. Azmat and Iriberri (2010) also find that performance increased
across the entire ability distribution when students received information on average classroom
performance along with their own performance. While Bandiera et al. (2015) investigate the
effect of receiving performance information in contrast to not receiving any information, we
focus on how the content of the information may affect future performance, specifically whether
receiving a negative signal or a positive signal affects performance.

To estimate the effect on subsequent performance when a student receives a particular
grade, we exploit the underlying variation in a national test score distribution in a regression
discontinuity design. Specifically, students will only know their placement in one of five fairly
broad grade labels (i.e. each of them is told that he or she is either considerably below average,
below average, average, above average, or considerably above average). This will allow us to
study the effects of being graded the higher of two adjacent categories while comparing pupils
with almost the same underlying test score. Thus, we will essentially compare pupils with
the same skill and effort level, but who by chance receive different information about their
performance.

Knowing whether providing students with test feedback will increase or decrease future
performance is crucial information when deciding on tests as part of the curriculum. The
Danish National Tests are considered a low-stake test since the test results are not used to
track students and teachers and schools are not sanctioned based on the results. We are
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therefore able to investigate the consequences of feedback in a test setting which is similar to
one faced by elementary students around the world.

Our sample consists of a five-year panel of all pupils enrolled in grades 3 through 6 which
allows us to investigate effects across test subjects and initial ability. We augment this panel
with detailed register data on both the pupils and their parents. Our results show that being
graded the highest of two adjacent categories in math in 3rd grade math reduces relative per-
formance in 6th grade math by 11% of a standard deviation (SD) and 6th grade reading by 6%
of a SD (significant at a 10 percent level). This suggests that the students who receive the rela-
tively poor feedback are not demotivated by the information. We do not find differential effects
across initial student ability, and importantly, we do not find that the low-performing students
perform worse when they are given negative feedback. Investigating possible heterogeneity we
find that the future relative performance is higher for the pupils who received the lower of two
adjacent grades in maths when their mothers have a college degree or above. Dividing the
sample by gender we find that the results on feedback are driven by the boys. Boys seem to
improve performance on later math tests after receiving a negative signal in math or a positive
signal in reading. Thus there are some indications of spillover effects across subjects.

The paper is organized as follows. Section 3.2 discusses the consequences of testing and
grading including previous empirical findings. Section 3.3 describes the Danish National Tests
as they are central to our identification strategy. Section 3.4 describes our data. Section 3.5
discusses the empirical strategy, and section 3.6 presents our findings, including heterogeneity
and robustness checks, while section 3.7 concludes.

3.2 Conceptual framework and literature review

Testing and grading have become standard components in elementary education around the
world. Tests may be used for didactical purposes, for accountability purposes, or a combination
of the two. While the test can be motivating and be a learning component by itself, the way
the test is graded may also motivate and/or educate. Grading is a way of aggregating and
summarizing information on test performance. It can serve many purposes such as granting
permission to higher education, motivating students to exert effort, and avoid failure. It can
be one of the tools held by teachers to provide students (and their parents) with feedback on
acquired skill levels, the student’s progression and future goals. Grading may affect performance
through 1) a motivational component and 2) a learning component. The following section
shortly discusses systematic testing and how this may affect student performance. We then
proceed to discuss how grading plays an important part in this relationship.
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3.2.1 Student performance and testing

Systematic and standardized tests are used in various formats from being a high-stake account-
ability tool to a low-stake pedagogical tool and hence, one can think of tests as improving
students’ performance through multiple non-exclusive channels.

School accountability is the process of evaluating school performance on the basis of student
performance measures often obtained through student testing (Figlio and Loeb, 2011). Since
the end of the 1980s, accountability systems have been introduced in multiple countries in
order to provide incentives, through rewards and sanctions for students, teachers and schools,
to improve performance. Empirical studies evaluating the effects of accountability schemes in
general find positive effects on student achievement in the range of 0 and 20% of a SD (for an
overview see Figlio and Loeb (2011)).

Testing may also affect student achievement through learning from e.g. studying for the
test and repeating the material. Roediger, Putnam, and Smith (2011) mention ten benefits
of testing, among other things they suggest that testing can help identify knowledge gaps,
complement future learning1, and encourage students to study more. Teachers also learn about
their students’ performance, more specifically what they have and have not learned, enabling
them to better align future teaching to the student’s ability. Separating the effect of studying
for a test from taking the test is empirically difficult. Andersen and Nielsen (2015) attempt
to do this by exploiting a partial crash of a national tests system, that only affected some of
the students. They find that taking the reading test increases reading test scores two years
later by 9% of a SD. Since the crash was unexpected, the students who did not take the test
had already prepared for the test, thus the result is consistent with a learning effect of simply
taking a test and receiving the feedback, even in a low-stake testing system.2

The discussion above indicates that testing does have an effect on student performance
both through accountability and learning. As it is difficult to separate the effect of being tested
from the effect of grading, the results mentioned above could also be driven by the underlying
grading scheme and/or information pertained in the grade. Grading is thus an important
additional component to consider in order to understand the relationship between testing and
performance.

3.2.2 Student performance and grading

In an economic framework one could think of grading as a signal about the return on exerted
effort and ability. For the utility maximizing student, there is a trade-off between the cost of

1See also (Heckman, 2008) on dynamic complementarities.
2Andersen and Nielsen (2015) use the Danish National Tests system. The tests are considered low-stake

because accountability in Danish schools are very limited and no proficiency standards have been set for local
authorities, schools, subgroups or individuals (See section 3.3 or Andersen and Nielsen (2015)).
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effort (lost leisure time) and the return on effort (academic achievement). Assume that two
individuals exert the same level of effort and ability but one receives a low grade and the other
a high grade. Since receiving a low grade reflects that this student has a low return on effort,
the student may choose to decrease future effort depending on the cost of providing effort and
thereby subsequently receive a lower grade.3 If, on the one hand, the difference in grades reflects
different levels of exerted effort, the effects will depend on the individual’s maximum level of
effort. If an individual has exerted his or hers maximum level of effort but received a low grade,
one can imagine that receiving a low grade will demotivate the individual and consequently
have a negative effect on future performance. On the other hand, if that individual did not
exert maximum effort, he or she would be likely to increase future effort and hence future
performance. Another important thing to consider in this aspect is how the utility function
depends on grades. Do you aim for an A, or do you not get additional utility from a grade
higher than a C? In the case of decreasing returns to scale, a high-performing individual may
have performed above his or her own expectations and may therefore choose to lower his or her
effort and hence future performance.

Within economics the amount of literature on the effect of grading on later performance
and effort is scarce. Bandiera et al. (2015), Stinebrickner and Stinebrickner (2014), and Azmat
and Iriberri (2010) show that providing feedback enables students to exert effort accordingly.
These studies are, however, all at the high school or college level. Bandiera et al. (2015)
use a differences-in-differences approach and compare graduate students who are exposed to
different feedback regimes. They argue that because their findings appear to be driven by
students who took their undergraduate degree at a different university, the return on effort
is initially unknown and the provision of feedback enables the student to adjust his or her
effort accordingly. Stinebrickner and Stinebrickner (2014) estimate a dynamic learning model
and find that students tend to overestimate their level of ability and by learning about actual
performance, low-performing students drop out because staying is not worthwhile. In the
Bandiera et al. (2015) setting the positive effect of feedback is insignificant for low scoring
individuals and they argue that feedback does not have a negative effect on low-performing
students. Azmat and Iriberri (2010) find that effects are positive and significant independent of
the ability level of the student. Since the students in this case were given relative grading, they
further argue that this supports their hypothesis that students have preferences for competition
in contrast to affecting self-perceived ability, which thereby affects the choice of effort. The
students got report cards with average classroom performance, which is similar to the grading
scheme studied in our paper.4

3It is natural to assume that the grade also reflects ability in which case we would expect the individual
with a low ability to have a high cost of providing effort, which again would induce the student to reduce future
effort.

4Note, however, that in our setting the students are graded relative to the national distribution.
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At the elementary level, Jalava, Joensen, and Pellas (2015) compare four different types
of grading to not receiving a grade in a randomized controlled trial (RCT) among more than
1000 Swedish 6th graders. They show that norm-referenced grading schemes motivate highly
skilled students’ performance in a test situation, while criterion-based grading schemes do not.
Their results also indicate that well prepared low-ability students are not harmed by receiving
a grade as coefficients are positive albeit insignificant5.

Grading can also be viewed as a way of ranking pupils. Jalava et al. (2015) also find
that rank incentives such as singling out the top three performers seems to encourage student
performance. The ordinal rank also appears to have a positive effect on student performance
(see Murphy and Weinhardt (2014)). Tran and Zeckhauser (2012) disentangle whether the
effect of rank-based grading can be attributed to social ranking or whether individuals have an
inherent preference for a high rank. Their results show that even when ranking information
cannot be reliably communicated, there is a psychological effect on performance.

Motivation is an important aspect of this discussion as it is likely to affect the utility of
receiving a grade even in a low-stake setting. The type of grading can be thought to have
different motivational implications e.g. extrinsically motivated individuals may react positively
to a relative grading system whereas intrinsically motivated individuals respond better to an
absolute grading scheme.6 While economists have mostly focused on extrinsically motivating
incentives when trying to affect student performance, researchers within education and psy-
chology fear that extrinsic motivation may crowd out intrinsic motivation, thereby reducing
students’ motivation for learning. Deci, Koestner, and Ryan (1999) find that especially for
young students extrinsic incentives crowd out intrinsic motivation and has a negative effect
on student learning. Hidi and Harackiewicz (2000) note that the combination of intrinsic and
extrinsic motivation should be optimal for increasing student performance.

Based on the findings on motivation and rank presented above we expect that students care
about grading, even in low-stake settings.

Within educational research there seems to be a general consensus that testing and grading
have a negative impact on student motivation for learning and achievement especially for low-
achieving students in high-stake test settings (Harlen and Deakin Crick (2003), Nordenbo,
Allerup, Andersen, Dolin, Korp, Larsen, et al. (2009)). The studies do, however, fail to take
into account plausible selection which makes it difficult to distinguish receiving a bad grade
from low ability. A few studies such as Klapp, Cliffordson, and Gustafsson (2014) exploit

5On the other hand, low-ability students who took the test in the beginning of grade six, i.e. less well-
prepared, may tend to reduce their effort when receiving a grade but again coefficients are insignificant

6Intrinsic motivation exists within a person and extrinsic motivation refers to doing an activity in order
to attain a separable outcome. An intrinsically motivated individual finds interest and satisfaction in what
he or she learns and in the learning process itself. Extrinsically motivated individuals on the other hand are
motivated by external factors such as rewards or sanctions and engage in learning as a means to an end (Harlen
and Deakin Crick, 2003).
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natural experiments and compare receiving a grade to not receiving a grade, and not whether
receiving a negative vs. positive grade affects future performance. Klapp et al. (2014) exploit
a reform in Sweden where municipalities could choose to abandon grades in 6th grade. They
find that students with low cognitive ability performed worse when receiving grades, but their
results may be driven by selection as municipalities could choose whether or not to abandon
grades.

To sum up, the empirical findings suggest that college students learn about ability and
effort when receiving a grade and tend to react to the information. It also seems that a
motivational component such as relative grading has large effects on future student performance,
suggesting an innate preference for competition. In the settings presented here it thus appears
that students respond well to extrinsic incentives. Jalava et al. (2015) is the only study on
grading in elementary school. They find no motivational effect of criterion based grading.
However, they cannot say anything about the possible learning mechanism entailed in a grading
system as the students are not responding to information on past performance.

We contribute to this very scarcely researched field of grading by investigating whether
positive vs. negative performance information increases or decreases future performance among
students in elementary school. We exploit the design of the Danish National Tests’ grading
scheme, which allows us to make the ceteris paribus comparison of two individuals with the
same ability and effort, but where one received a positive signal and the other a negative signal.
Furthermore the design allows us to investigate whether the results change across the ability
distribution, specifically addressing whether receiving a negative signal discourages low-ability
students.

While this section discussed how grading is likely to affect performance, the next section
will describe the institutional setup which is critical for our identification strategy.

3.3 National Tests in Denmark

In Denmark, systematic national testing of students throughout compulsory schooling was first
introduced in 2010. The National Test program was introduced, as part of a larger reform, as
a response to disappointing PISA and TIMMS results7 (Rambøll, 2013). The Danish National
Tests were introduced with great emphasis on them being a pedagogical tool. The testing
program is compulsory and includes tests within reading at grades 2, 4, 6, and 8, math at
grades 3 and 6, English at grade 7, and natural sciences at grade 8. The test results are meant
to be used formatively by the teacher and are strictly confidential. The school authorities
(school headmaster, school board, and municipal board) only have access to the average test

7Among other, OECD (2004) recommended national testing to improve evaluation and feedback in Danish
schools. The national parliament of Denmark passed the act in 2006, and the program was developed and pilot
tested during 2007 and 2008.
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results by school year and cohort. Section 3.3.2 discusses the precise extend of information
disclosure to the teachers, students, and parents.

Compulsory schooling in Denmark is 10 years, structured in grade levels zero to nine and
allows no tracking of students. Before the introduction of the National Tests, there was no
formal assessments of students until the final examination at the end of 9th grade (UVM,
2010). By the Public School Act, the teachers are not allowed to grade students until 8th grade,
and then only in the subjects which are graded at the final examinations. The teacher may
choose to test students during the school year. However, with no tracking of students and no
national assessments of students’ proficiency, testing in the Danish school system have only
been applied for low-stake purposes. If the students are given tests other than the National
Tests, the test would have been constructed by the form teacher and conducted on order for the
teacher to monitor his or her own students. This is very different from other school systems,
e.g. in England or in the US, where testing traditionally is applied to objectively measure
proficiency of students (Wandall, 2011).

3.3.1 The National Test and the adaptive testing process

The National Test result is estimated by an adaptive testing process based on the Rasch model
(Rasch, 1960). The resulting estimate is called the student ability estimate. During adaptive
testing, the difficulty level of the test questions adjusts to the student’s proficiency level and
the student’s ability is estimated simultaneously. Student ability and difficulty level are mea-
sured on the same calibrated logit scale8. The estimation of the test results is central for our
identification and here we describe it in detail before moving on to describing the performance
information that the students receive. Knowledge about the National Tests is largely drawn
from Beuchert and Nandrup (2014), who collect and review available Danish documentation
on the National Tests.

The National Test is an online test program. During the test session the student is presented
with one question at a time. The first test question is of average difficulty; if correctly answered
the difficulty level of the next question is increased by one logit and if answered incorrectly
it is decreased by one logit (UVM, 2012b).9 After five questions, the initial student ability
is estimated. Then for each additional test question, the estimate on the student ability is
updated as a function of the student ability estimate and the difficulty level (the difficulty level
of the test questions now adjusts to the student’s proficiency level within smaller intervals). The

8See Wandall (2011) and Beuchert and Nandrup (2014) for technical details on the Danish National Test
and Bond and Fox (2007) for a general introduction to adaptive testing.

9Difficulty level and properties of the test questions are validated by Rasch analyses (REVIEW, 2007). All
test questions in the run-in period (the first five items) are of complexity one. After that, some items may be
of higher complexity (REVIEW, 2007).
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process continues and the student ability is updated until it is estimated within a pre-specified
standard error of measurement and the test session ends.10

Each test includes testing of three cognitive domains. In reading, the cognitive domains are
language comprehension, decoding, and text comprehension. In math, the cognitive domains
are numbers and algebra, geometry, and applied mathematics. The three cognitive domains
are tested separately, but within the same test session (alternating the test questions). This
means that the above algorithm is run separately for each cognitive domain, resulting in one
estimated student ability (and standard error) for each cognitive domain. Importantly, these
student ability estimates are not visible or accessible in the online test system. This means
that neither the school, teacher or student knows the exact student ability estimate.

3.3.2 National Test and performance information

National Tests take place in the second half of the school year (spring) and they are compulsory
for all students enrolled in public schools, even for students with special education needs. The
teacher books a test session (one lesson of 45 minutes) and all students in the classroom complete
the test online on separate computers in the same classroom. The tests are low-stakes and for
pedagogical reasons the teachers can provide the students with aids and breaks (UVM, 2012a).

The students’ test scores are estimated by adaptive testing (see above) and transformed
into a norm-based test score. The norm-based test score is presented on two different grading
scales, depending on the receiver of the performance information. The norm is based on the
test results from 2010, i.e. the first year of national testing.

Information to the teacher

First, the norm-based score is transformed into points on a scale ranging from 1 to 100.11 This
information is intended for the teacher to target teaching practices and strengthen student
feedback, e.g. when setting up individual teaching plans.12 The teacher has access to all of
his or her students’ test results measured in points, but not to the exact logits underlying the
point scale. The teacher also has access to the history of the student’s testing process to see
how many questions or which categories the student was able to answer correctly (Wandall,

10The target standard error of measurement (SEM) is 0.55. From 2014 the precision of the testing process
has been improved (see e.g. UVM (2015)). We only use test results from 2010 to 2014 and therefore do not
describe these changes. Furthermore, the information given to students also changed in 2015 with consequences
for the identification strategy of this paper.

11The transformation of the raw student ability estimates to points is based on a sigmoid function (an S-
shaped function) fitted to the first 15,000-20,000 test observations from 2010 (UVM, 2012b). The slope of the
sigmoid function is allowed to differ above and below the median of the sample. Parameter values by test and
cognitive domains are reported in Beuchert and Nandrup (2014). Based on the parameter values we are able
to derive exact points and cut off values.

12It is mandatory for teachers to write yearly individual student lesson plans at each grade level zero to seven
(UVM, 2010).
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2011). The specific test questions are strictly confidential and the teacher does not have access
to them.

Figure 3.1: Transformation of test scores from logits to points to groups
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Second, the points are transformed into five groups based on the point scale. Figure 3.1
illustrates the underlying student ability distribution (logit scale) and the transformation to
information presented to the teacher (points and groups). The points 1-10 are graded consider-
ably below average (group 1), points 11-35 are graded below average (group 2), points 36-65 are
graded average (group 3), points 66-90 are graded above average (group 4), and points 91-100
are graded considerably above average (group 5).

With this information the teacher learns how the student is performing relative to the
national norm. On the screen the teacher sees a histogram comparing the class’ results to the
national norm.13

Information to the student and parents

Each student receives information about the grading group he or she is in (i.e. considerably
below average, below average, average, above average, or considerably above average). In the
test system, the teachers assess each student’s profile and print an auto-generated letter to
mail to the student’s parents. The letter and performance information are intended as a basis
for discussion at the yearly teacher-parent meeting about the student’s progress. The letter
briefly explains (one page) the subject and the cognitive domains tested. For each cognitive
domain, the student’s grade label is noted. The letter concludes by stating the student’s overall
(average) grade label. The overall score is calculated by a simple average of the points and
is then transformed into grade labels as illustrated by Figure 3.1. For example, one student
receives a letter from the teacher stating that the student is “below average in reading”. With
this information the teacher and parents learn how the student is performing compared to the
national norm.

13See examples in Wandall (2011) (in English) or UVM (2012a) (in Danish).
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In this paper, we will focus on the effect of performance information in terms of this overall
(average) score and grade label (i.e. average performance across the three cognitive domains of
a test). We believe that the overall grade in each subject has the highest priority for students
and their parents. That is, parents are primarily concerned about the student’s overall reading
and math skills, and only to a lesser extent how the student fares in each cognitive domain.
The information on achievement in each domain would then serve more as a guide to where
the student should focus his or her effort in order to improve test scores.

Importantly, as noted above, the teachers can access the pupil’s point score (1-100) in each
cognitive domain and thereby calculate the average score for each student. Therefore we cannot
rule out that the teachers inform the students and parents how close they are to the next grade
cut-off. The estimated coefficients should therefore be interpreted bearing this in mind. If,
for example, the teachers always inform students about their performance using the 100-point
scale, we would not expect to see any effect of this more general feedback using the grade labels.
Thus we would expect the effect of the differences in feedback information in our setting to be
a lower bound compared to a hypothetical setting where the teachers or other agents cannot
reveal this information to the pupils and their parents. On the other hand if the teachers are
not symmetric in their feedback around the cut off, it could bias the results. If for example
the teachers invest more in the students just below the cut-off, then it would drive the effect of
being labeled in the upper category in a negative direction. This, however, does not seem to
be a very optimal strategy, as they then have to divert attention away from the children just
above the cut-off and risk them falling below in the next test.14

3.4 Data

In this analysis, we use Danish register data. Most importantly, we rely on information from
the Danish National Tests taken in the Danish public schools. Through unique identifiers of
the pupils we can match the test data to other Danish registries containing information on the
pupils and their parents.

14Although the teacher has access to a large amount of test information, most teachers will only access the
results of their students based on the 5 grade scale. When the teacher logs into the test system, he or she is
presented with a list of all students in the class including each student’s result on the 5-category scale. The
teacher is also presented with a histogram of the class results for comparison with the national norm. The
test system contains features that can open each student’s profile such the teacher can see the student’s points
and investigate test patterns by cognitive domains tested during the test (e.g. responses and response time).
However, it is considered very time consuming for the teacher to investigate each student’s test patterns and
the teachers are advised to only do so if the overall grade appears to be wrong (Skolestyrelsen, 2011). Rambøll
(2013) surveys teachers about the National Tests and concludes that "The majority of the teachers indicate
that they use between 1 and 3 hours on analysis and interpretation".



82 Chapter 3. Performance Feedback and Student Test Scores

3.4.1 Data sources and definitions

We focus on the feedback that the students receive from the National Test in 3rd grade math
and 4th grade reading, and we investigate how this impacts achievement in 6th grade math
and reading scores. We use National Test data from the spring of 2010 to the spring of 2014.
Thus we can match students who took the 3rd grade test in 2010 and 2011 with 6th grade test
scores in 2013 and 2014, respectively. Students who took the 4th grade test in 2010, 2011, and
2012 can be matched with 6th grade test scores in 2012, 2013 and 2014, respectively. We are
able to link test scores for more than 92 percent of all students enrolled in mainstream public
classrooms. We lose around 10,000 students when we restrict the sample to individuals who
have test scores in both 6th grade reading and math (see table 3.1).

Table 3.1: Sample selection

Sample: Math 3rd grade† Reading 4th grade††

Students in mainstream public schools 114,865 171,738
Students in mainstream classrooms 109,944 163,130
Students with National Test results 101,717 153,624
Students with 6th grade tests in both math and reading 092,257 142,298
††Measured in 2010 and 2011.
††Measured in 2010, 2011, and 2012.

In the National Test data we obtain the logit scores and the corresponding point-scores for
each subject and cognitive domain. We use the points to construct the overall score (average
across the three cognitive domains). As the student’s point score in each cognitive domain is
an integer between 1 and 100, the average score can take 300 different values with a minimum
of 1 and maximum of 100 (e.g. 2, 2.33, 2.67, 3, . . . ). The students are placed in one of the
five grades based on simple rounding of their average score in the three cognitive domains. For
example: A student who got an average score of 10.33 is graded considerably below average and
a student with an average of 10.67 is graded below average.

The outcome variables are 6th grade standardized logit scores in reading and math. The
scores are standardized in the following way: We first standardize the logit scores in each
cognitive domain within each grade level and test year. We then take the average of these
standardized scores, and then standardize again to ensure that the scores have mean zero and
a standard deviation of 1.

In order to test the validity and robustness of our RD design we use a large set of background
covariates on the parents and children including socio-economic status, information pertaining
to the birth of the child, child and parental health, and labor market attachment of the parents.
Characteristics of the parents are measured the year before the child starts school (that is by
the age of 5). A complete list of covariates can be found in the appendix (Table 3.A.1).
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3.4.2 Descriptive statistics

To describe Danish students and the available data, table 3.2 lists the means of the outcome and
background variables by grade label, for the math sample. Students assigned to different grade
labels are clearly different in terms of observable characteristics. Table 3.A.2 in the appendix
lists the means for the reading sample. Students in the lower categories, unsurprisingly, score
systematically lower in the later tests. The difference between the two most extreme categories is
about 2 standard deviations. Children with low birth weight and lower SES are more frequently
observed in the lower categories. Children in the lowest feedback categories are particularly
more likely to have been diagnosed with ADHD two years prior to their 3rd grade test. In line
with general findings, boys are more likely than girls to be in the extreme categories.

Table 3.2: Mean of selected variables by feedback group - Math sample

Considerably Considerably
below Below Above above
average average Average average average

Outcome variables:
6th grade math score (Std.dev.) -0.9931 -0.5296 -0.0187 0.5923 1.3619
6th grade reading score (Std.dev.) -0.9953 -0.4502 -0.0502 0.5308 1.0083

Child characteristics:
Male (0/1) 0.5389 0.4758 0.4793 0.5271 0.5792
Low birth weight (0/1) 0.0568 0.0518 0.0462 0.0381 0.0298
ADHD two years before (0/1) 0.0089 0.0058 0.0041 0.0040 0.0049

Mother characteristics:
Basic education (0/1) 0.3219 0.2516 0.1663 0.1060 0.0682
High school (0/1) 0.0707 0.0727 0.0777 0.0777 0.0707
Vocational training (0/1) 0.3729 0.3898 0.3776 0.3274 0.2450
Short further education (0/1) 0.0317 0.0415 0.0525 0.0577 0.0549
Medium further education (0/1) 0.1301 0.1634 0.2263 0.2813 0.3239
Long further education (0/1) 0.0248 0.0397 0.0699 0.1269 0.2129
Wage income (in 2008 prices) 148,479 174,523 204,232 231,098 253,328

Father characteristics:
Basic education (0/1) 0.2984 0.2466 0.1790 0.1247 0.0884
High school (0/1) 0.0501 0.0465 0.0542 0.0599 0.0604
Vocational training (0/1) 0.4185 0.4353 0.4203 0.3645 0.2825
Short further education (0/1) 0.0572 0.0738 0.0865 0.0992 0.0962
Medium further education (0/1) 0.0672 0.0836 0.1220 0.1620 0.2022
Long further education (0/1) 0.0372 0.0515 0.0913 0.1525 0.2361
Wage income (in 2008 prices) 239,706 279,289 320,581 363,715 392,524

Observations 4,511 22,005 34,236 26,766 4,739

Note: Each cell represents the mean of the variable in the left column by feedback group.
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3.5 Empirical strategy

In order to assess how performance information from test feedback affects future achievement,
we use the specific design features of the Danish National Tests. As described above, the
students’ test scores are reported on a scale from 1 to 100 points, but the students are assigned
feedback in the form of placement in one of five fairly broad grade labels. Specifically, the pupils
are told that their performance is either considerably below average, below average, average,
above average, or considerably above average.

The division of the underlying test scores into five categories gives rise to four regression
discontinuities, one for each cut-off value between two adjacent categories. Recall figure 3.1 in
section 3.3 for an illustration. Students who score just above the cut-off are assigned a relatively
positive feedback (grade label) whereas students who score just below the cut-off are assigned
relatively negative feedback (grade label). We can use the cut-off to assess the consequences of
receiving either positive feedback or relatively negative feedback on future achievement while
keeping ability and effort constant. In this section, we describe our model and discuss the
assumptions needed in order for our estimation strategy to be valid. We support the empirical
strategy with a set of tests showing no manipulation or bunching around the cut-offs.

3.5.1 Model and estimation

In the main specification we focus solely on how students are affected by receiving feedback,
i.e. we pool all students located around all four cut-offs. We then run estimations for each
cut-off separately in order to assess if a student’s placement in the ability distribution influences
the way he or she responds to the feedback. Thus the main specification is estimated by the
following model:

yi = βAboveCuti + δCuti + f(DistCuti) + γXi + εi (3.1)

within a small area close to the cut-off. AboveCut is a binary variable that indicates if pupil
i fell above a cut-off and got the relatively positive feedback. Hence, β is our coefficient of
interest and it identifies the difference in the outcome y between the pupils just above and
just below the cut-off. Cut is a vector of binary variables indicating which cut-off the pupils
are located around. f(·) is a first-degree polynomial in the forcing variable, DistCut, which
measures the distance in points to the nearest cut-off. f(·) is allowed to differ on both sides of
the cut-off. X is a vector of covariates including information on the students and their parents.
The error-term ε is allowed to be clustered at school level.
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In later analyses we allow the effects of feedback to differ by the cut-off around which the
pupil is located. We thus estimate the following model for each of the four cut-offs:

yi = θcAboveCuti + fc(DistCuti) + φcXi + νi , for c = 1, 2, 3, 4. (3.2)

Here θc is the parameter of interest.
The model is estimated using a local linear regression estimator, which allows for a more

flexible model around the cut-off than would have been the case with a simple linear regression.
The local linear regressions are estimated using a triangular kernel. In this way, most weight
is given to the observations closest to the cut-off. Optimal bandwidths for the estimation are
chosen following Imbens and Kalyanaraman (2011). Imbens and Kalyanaraman (2011) have
tailored optimal bandwidths for RD estimations using a plug-in method. In contrast to the
typical cross validation methods that focus on the whole distribution, this method focus on the
fit at the boundary of support. In order to test the sensitivity of the estimates to the chosen
bandwidth, we report coefficients from estimations that use a bandwidth of 50 and 200% of
the optimal bandwidth. Standard errors, allowed to be clustered at school level, are estimated
using a block-bootstrap routine with 1,000 repetitions.

Figure 3.2 illustrates the identification strategy. We pool data across all four cut-offs and
consider a small window within 2 points from the exact cut-off values.15 The top left graph plots
the distance to the closest cut-off in 3rd grade math against math test scores in 6th grade. The
idea is that observations close to the cut-off reflect students who received almost the same score
on the 3rd grade math test and hence have the same ability (and effort). Our assumption is that
students are distributed randomly across the cut-off due to small shocks and variations in their
test sessions. Observed differences in the math test score in 6th grade can thus be attributed to
the differences in the feedback the students received in the 3rd grade test. The plot indicates
that students at the right hand side of the cut-off (i.e. positive signal) fare relatively worse
in the 6th grade math test compared to the students at the left hand side of the cut-off (i.e.
negative signal). The top right figure shows the same picture, but now using the reading score
in 6th grade as an outcome. Again, the picture indicates that those who fall to the left of the
cut-off seem to fare better in the later test. In the bottom row, reading in the 4th grade is the
forcing variable. In contrast to the top row, it now seems that the students who fall to the
right of the cut-off fare better in the 6th grade tests.

In the quasi-natural experiment we are conducting, we are asking how do students fare
academically if they, in a test, receive a relatively positive signal about their ability, as opposed
to relatively negative signal. For example, a pupil who is told that he or she is below average

15The forcing variables are measured by the distance in points from each cut-off, and outcomes are measured
by the standardized test score. Data is grouped by the smallest possible bins, see data description in section
3.4.1.
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Figure 3.2: Discontinuity in 6th grade test scores by distance to feedback cut-off
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Outcome: math in 6th grade.
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Forcing variable: math 3rd grade.
Outcome: reading in 6th grade.
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Forcing variable: reading 4th grade.
Outcome: math in 6th grade.

0
.0

5
.1

.1
5

6t
h 

gr
ad

e 
m

at
h 

sc
or

e

−2 −1 0 1 2
Distance to cut−off

4th grade reading average score, pooled

95% CI Fitted values Math score

Forcing variable: reading 4th grade.
Outcome: reading in 6th grade.
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in math as opposed to being told he or she is considerably below average. We are thus not able
to say anything about how the student would have fared in the case of no feedback.

3.5.2 Identifying assumptions

In order to identify a causal effect in an RD design, we need to assume that the conditional
expectation of the counterfactual outcomes is continuous in the forcing variable (McCrary,
2008). If agents are able to manipulate the forcing variable, this assumption may not be valid.
In our setting, it is hard to imagine how a pupil or teacher should be able to manipulate the
underlying estimated test score in the 3rd grade math test or the 4th grade reading test. The
tests are self-scoring and the system does not reveal the score during the test session. Thus it
is very hard for a student or teacher to purposely manipulate the test score above or below a
cut-off. Additionally, the adaptive test system means that students get different sequences of
test questions which makes it more difficult for the teacher to assist and influence the final test
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results.

Figure 3.3: McCrary density graphs
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In order to fully preclude manipulation around the cut-offs we test this more formally.
McCrary (2008) proposes a density test to formally assess the degree of manipulation in the
forcing variable. Following McCrary (2008) we plot density graphs fitted on each side of the
cut-off, see figure 3.3. The top left plot shows the density around the cut-off for the pooled data
when the forcing variable is the math test score in 3rd grade.16 In the top right plot we show
the same density plot, but have zoomed in on the area around the cut-off (within 5 points on
both sides). Clearly, the data looks as expected and there is no sign of heaping on either side
of the cut-off. The bottom row shows the equivalent plots using the 4th grade reading score as
the forcing variable. Again, the plots show no sign of heaping. Figure 3.A.1 and figure 3.A.2
in the appendix plot the graphs individually for each cut-off. All these figures look satisfying
and do not show evidence of manipulation around the cut-off. Cut-off 3 in 3rd grade math is an

16Note that the desity drops around 12 points away from the cut-off. This is a result of the placement of the
cut-offs on the 100 point scale – it is only the children around the median that can be more than 12.5 points
away from a cut-off.
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exception as the fitted densities do not meet precisely in the cut-off. In order to check whether
this small deviation in 3rd grade cut-off 3 is driving our pooled results, we estimate a pooled
model that leaves out cut-off 3. We return to this issue in section 3.6.1.

To further test the assumption of continuity in the conditional expectation of the counter-
factuals, we test for jumps in the observable characteristics around the cut-offs. In table 3.A.3
we show these estimates for the 3rd grade math sample. Jumps are estimated by local linear
regression in the same way as in the main specifications. The first column reports estimates of
jumps in covariates around the cut-offs for the pooled sample. In the additional columns, we
show jumps from the samples located around each of the four cut-offs. For the pooled model
the tests clearly support the assumption that there is no systematic differences in the pupils
just above and just below the cut-off. In table 3.A.4 we show estimates from the models that
test for jumps in the 4th grade reading sample. For the pooled model the picture here is not
as clear as in the 3rd grade math sample. There is a handful of estimations that indicate signs
of jumps. When we turn to the estimates from each cut-off, there is again some indication of
jumps in covariates. For each sample, we test 40 hypotheses, and some indications of jumps in
our observable characteristics are therefore to be expected. However, taking a closer look at the
sign of the jumps, there does not seem to be a particular pattern in who is above or below the
cut-off. In general we do not believe that the differences is of any economic significance, but to
be certain we account for these possible differences by including the detailed set of covariates
in the estimations.

3.6 Results

3.6.1 Main results

As discussed above, we investigate how a pupil’s later test scores are affected by receiving
relatively positive feedback compared to receiving more negative feedback, holding ability and
effort constant.

In table 3.3, we list our estimation results from the models where the test score in 3rd

grade math is the forcing variable. Our estimates show that students above the cut-off perform
relatively worse in the later tests, both in the reading and math tests. Thus, first of all, we
do not find evidence suggesting that students divert effort away from one subject to another
based on the feedback from the math test. The estimates are robust to inclusion of covariates,
and they are stable across different bandwidths. The estimates are slightly smaller when we
consider the broad bandwidth (200% of the optimal bandwidth), but this might just reflect
that our identifying assumption only holds within a more narrow distance to the cut-off. The
results of the broad bandwidth model thus show the general tendency that the pupils far above
the cut-off on average fare better in later tests, and these pupils are thus biasing the estimates
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downward. Overall, these results suggest that students fare better in the later math test (0.11
SD) if they are given relatively negative feedback about their performance in math, and this
feedback also spills over to their performance in reading, although at a smaller magnitude (0.06
SD).17 We cannot, however, say anything about if it is the students below the cut-off who are
motivated to exert more effort or it is the students above the cut-off who feel comfortable with
the relative good feedback, and thus decrease their effort, we only observe the net effect. It
could very well be a combination of the two mechanisms, that is both children below and above
the cut-off change their effort when they are given feedback. Given that the intervention here
is rather small – the difference between two feedback groups – these estimates seem quite large
in magnitude.

Table 3.3: Results from 3rd grade math feedback

6th grade test score
Math Reading

Forcing variable: Math in 3rd grade

Above cut-off -0.1199*** -0.1128*** -0.0711* -0.0627*
(0.0393) (0.0364) (0.0373) (0.0352)

Above cut-off (50 % of bw) -0.1455*** -0.1475*** -0.1093** -0.1047**
(0.0504) (0.0453) (0.0508) (0.0476)

Above cut-off (200 % of bw) -0.0665** -0.0625** -0.0351 -0.0312
(0.0282) (0.0256) (0.0271) (0.0251)

Covariates NO YES NO YES
Observations in sample 92,257 92,257 92,257 92,257
Observations in estimation 9,850 9,850 9,850 9,850
Bandwidth (bw) 1.357 1.357 1.374 1.374

Note: Standard errors in parentheses are clustered on school level and bootstrapped
with 1,000 repetitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1.
Each cell represents the coefficient of the AboveCut variable from a separate regression.
All estimates are based on a local linear regression using a triangular kernel, allowed
to differ on each side of the cut-off. For more information on the included covariates
see table 3.A.1.

In table 3.4, we list estimates from the pooled model using the reading score in the 4th

grade as the forcing variable. We are now considering the effects of feedback from the 4th grade
reading test. Again, the estimates are robust to inclusion of covariates and they are stable
across the three different bandwidths. The positive point estimates indicate that pupils who
fall just right to the cut-off, and thus receive a relatively more positive signal, fare better in the

17The McCrary plots suggested that there might be some heaping around cut-off 3 in math. Table 3.A.5,
shows estimations from the math 3rd grade models where we have excluded cut-off 3. The results are robust to
this exclusion, thus the results do not seem to be driven by some potential heaping in cut-off 3.
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later tests. However, only the positive spillover effect on math is borderline significant. The
standard errors in these models are quite large, we interpret this as a consequence of the test
scores not beeing perfectly stable over time, thus the standard errors need to take all this noise
into account.18

Table 3.4: Results from 4th grade reading feedback

6th grade test score
Math Reading

Forcing variable: Reading in 4th grade

Above cut-off 0.0508* 0.0495* 0.0252 0.0238
(0.0300) (0.0299) (0.0195) (0.0197)

Above cut-off (50 % of bw) 0.0557 0.0631 0.0276 0.0251
(0.0414) (0.0408) (0.0264) (0.0276)

Above cut-off (200 % of bw) 0.0265 0.0242 0.0132 0.0121
(0.0208) (0.0193) (0.0134) (0.0140)

Covariates NO YES NO YES
Observations in sample 142,298 142,298 142,298 142,298
Observations in estimation 18,671 18,671 22,430 22,430
Bandwidth (bw) 1.590 1.590 1.851 1.851

Note: Standard errors in parentheses are clustered on school level and boot-
strapped with 1,000 repetitions, using a block-bootstrap routine, *** p<0.01, **
p<0.05, * p<0.1. Each cell represents the coefficient of the AboveCut variable
from a separate regression. All estimates are based on a local linear regression
using a triangular kernel, allowed to differ on each side of the cut-off. For more
information on the included covariates see table 3.A.1.

Comparing the results in tables 3.3 and 3.4, it seems students are affected differently by
feedback depending on the subject they receive feedback in.19 Receiving a signal in math
seems to influence later performance in both math and reading, whereas a signal on reading
performance only seems to spill over on later performance in math. One could speculate on
many reasons for the differences across subjects. It could be that math is viewed as a subject
that has a high element of dynamic skill complementarities, and thus the cost of falling behind
in math is high. When parents then receive negative feedback from math tests, they would
realize that they need to invest more time on math instruction. If reading (in 4th-6th grade) is
viewed to have less dynamic skill complementarities, then one could imagine that when a certain
reading proficiency level has been reached, the parents might not have the same incentives to

18We have estimated the standard errors using other techniques, e.g without clusters and with analytical
standard errors, importantly the standard errors are very robust over the different specifications.

19The results could also reflect that students at different ages and stages of their elementary education
respond differently to the feedback.
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react to negative feedback from test. It could also be that it is easier for the parent and the child
to figure out how to improve bad test results in math, whereas the strategies to improve reading
scores are less obvious and straightforward. Other studies on testing and accountability, such
as Dee and Jacob (2011) and Neal and Schanzenbach (2010) who study the implementation of
the No Child Left Behind Act in the US, also find evidence that math results are more affected
by testing schemes than reading.

Even though the Danish National Tests are compulsory, the sample selection revealed that
some students are not tested. Students may be exempted from test-taking or absent for other
reasons. If we assume that students just around the cut-offs are equally likely to have missing
test scores, it will not plague the above results. One might suspect that prior experiences from
the tests will influence whether the students are tested at all. In the appendix tables 3.A.6 and
3.A.7, we estimate the same type of models on the probability of taking the 6th grade tests. We
do not find any evidence to suggest that the type of feedback from the 3rd grade math test or
4th grade reading test has any significant effect on the probability of sitting the 6th grade tests.

3.6.2 Heterogeneity

Differences across the student ability distribution

The literature reveals a concern for differential effects across student ability, especially that
low-performing students are demotivated by grading. Table 3.5 lists the estimation results
from the models for each cut-off. The samples are constructed such that the observations are
only included in the sample of their closest cut-off.20 The estimates clearly have less power than
the pooled estimates. Across all four cut-offs, positive feedback from 3rd grade math seems to
have a negative effect on 6th grade math achievement. The students around cut-offs 1 and 3
seem to be those who are affected the most by the feedback. In other words, the results do not
support the concern that the relatively negative feedback especially harms the youngest and
lowest performing students. If we take the point estimates at face value, a negative signal on
performance actually has a positive and larger relative impact among the lowest performing
students (0.11 SD compared to 0.02 SD).

The point estimates on 6th grade reading are very small and inconclusive. The spillover
effects on 6th grade math achievement of receiving positive feedback from the 4th grade reading
test seem to be driven by students in the middle of the distribution (cut-offs 2 and 3). The
results suggest that the effects may even be negative around the lowest cut-off.

To sum up, we do not find signs that the students in the bottom of the distribution should
be particularly sensitive to negative feedback from tests. In fact, our estimations suggest the

20This will not have any practical implications as we only use observations in a small bandwidth around the
cut-off.
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Table 3.5: Results by cut-off

Forcing variable: Forcing variable:
Math in 3rd grade Reading in 4th grade
6th grade outcome: 6th grade outcome:
Math Reading Math Reading

Cut-off 1:
Above cut-off 1 -0.1083 0.0033 -0.0305 0.0701

(0.0799) (0.0896) (0.0621) (0.0610)
Above cut-off 1 (50 % of bw) -0.2298** -0.1129 -0.0598 0.0068

(0.1142) (0.1449) (0.0893) (0.0802)
Above cut-off 1 (200 % of bw) -0.0485 0.0746 -0.0043 0.0510

(0.0494) (0.0531) (0.0424) (0.0399)

Observations nearest to cut-off 1 14,050 14,050 19,179 19,179
Observations in estimation 2,506 2,506 3,874 3,874
Bandwidth (bw) 2.124 2.013 2.202 2.380

Cut-off 2:
Above cut-off 2 -0.0193 -0.0426 0.0531 0.0081

(0.0463) (0.0511) (0.0496) (0.0348)
Above cut-off 2 (50 % of bw) -0.0462 -0.1048 0.0520 0.0217

(0.0645) (0.0724) (0.0645) (0.0485)
Above cut-off 2 (200 % of bw) -0.0138 -0.0347 0.0219 0.0069

(0.0319) (0.0342) (0.0330) (0.0226)

Observations nearest to cut-off 2 28,981 28,981 43,010 43,010
Observations in estimation 4,954 4,954 6,224 6,224
Bandwidth (bw) 2.245 2.358 1.884 2.149

Cut-off 3:
Above cut-off 3 -0.1433*** -0.0601 0.0803* 0.0381

(0.0510) (0.0466) (0.0446) (0.0329)
Above cut-off 3 (50 % of bw) -0.1526** -0.0128 0.1105* 0.0454

(0.0737) (0.0642) (0.0655) (0.0471)
Above cut-off 3 (200 % of bw) -0.0932** -0.0502 0.0572* 0.0136

(0.0330) (0.0330) (0.0292) (0.0231)

Observations nearest to cut-off 3 31,888 31,888 51,280 51,280
Observations in estimation 3,955 5,598 7,592 7,592
Bandwidth (bw) 1.749 2.333 1.975 1.907

Cut-off 4:
Above cut-off 4 -0.0613 -0.0548 -0.0054 -0.0011

(0.0743) (0.0570) (0.0596) (0.0380)
Above cut-off 4 (50 % of bw) -0.1294 -0.0991 0.0453 0.0471

(0.0959) (0.0753) (0.0752) (0.0538)
Above cut-off 4 (200 % of bw) 0.0000 -0.0180 -0.0213 -0.0188

(0.0525) (0.0401) (0.0387) (0.0250)

Observations nearest to cut-off 4 17,338 17,338 28,829 28,829
Observations in estimation 3,191 4,205 6,152 5,307
Bandwidth (bw) 2.087 2.582 2.450 2.026

Note: Standard errors in parentheses are clustered on school level and bootstrapped with 1,000 rep-
etitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell represents the
coefficient of the AboveCut variable from a separate regression. All estimates are based on a local
linear regression using a triangular kernel, allowed to differ on each side of the cut-off. All estima-
tions include our full set of covariates, for more information on the covariates see table 3.A.1 in the
appendix.
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opposite, that is that these students fare better later when they have received this negative
feedback.

Differences across mothers’ education level

The findings above did not show a clear pattern in the effects of feedback across the distribution
of initial ability. In table 3.6, we look at differences across mothers’ education instead. It is
natural to think that parents play a big role in 3rd and 4th graders’ schooling, especially in their
homework. Thus it might be that the education level of the parents is pivotal for the student’s
reaction to the feedback, but also for the student’s successfulness in converting increased effort
into increased test scores. It seems that the negative coefficient on feedback from the 3rd grade
math test on the 6th grade math test is driven mostly by children of mothers with college
education. The negative coefficient on 6th grade reading seems to be mostly driven by mothers
with vocational education.

Thus we do find suggestive evidence that mothers’ education is important for the way in
which the children are affected by feedback from the 3rd grade math test. We do not find
differential effect of feedback from reading across mothers’ education level.

Differences across gender

Recent research finds that boys appear to be more extrinsically motivated (see e.g. Jalava
et al. (2015) and Levitt, List, Neckermann, and Sadoff (2012)) and have a stronger preference
for competition than girls (see e.g. Koch, Nafziger, and Nielsen (2015)). Thus it is likely that
boys and girls also react differently to performance information. We replicate the pooled model
on subsamples of boys and girls and report our results in table 3.7. First, the effect of 3rd

grade math feedback on 6th grade math seems to be driven mostly by boys. The spillover effect
on reading does not seem to differ by gender and is insignificant. The feedback from the 4th

grade reading test seems to affect boys’ performance in the 6th grade math test more than the
girls’ performance. In the main model the estimate on 4th grade reading on 6th grade math
was only significant on a 10 % level, apparently masking differential effects between boys and
girls. The point estimates for the reading outcome could indicate that the same is true for
the reading outcome. Thus the results seem to be in line with earlier research suggesting that
information on one’s own performance is more motivating for boys than for girls, especially for
math performance.
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Table 3.6: Results by mother’s education

Forcing variable: Forcing variable:
Math in 3rd grade Reading in 4th grade
6th grade outcome: 6th grade outcome:
Math Reading Math Reading

Mothers with high school or less
Above cut-off -0.0409 0.0165 0.0567 0.0470

(0.0572) (0.0611) (0.0462) (0.0377)
Above cut-off (50 % of bw) -0.1421 0.0218 0.0456 0.0714

(0.0866) (0.0858) (0.0653) (0.0507)
Above cut-off (200 % of bw) -0.0013 0.0244 0.0185 0.0169

(0.0376) (0.0425) (0.0343) (0.0270)

Observations in sample 22,835 22,835 35,722 35,722
Observations in estimation 4,162 4,162 6,539 6,539
Bandwidth (bw) 2.317 2.416 2.238 2.358

Mothers with vocational education
Above cut-off -0.0550 -0.1189** 0.0391 0.0085

(0.0441) (0.0532) (0.0465) (0.0291)
Above cut-off (50 % of bw) -0.0549 -0.1300* 0.0790 -0.0198

(0.0582) (0.0773) (0.0564) (0.0407)
Above cut-off (200 % of bw) -0.0383 -0.0585 0.0234 0.0092

(0.0317) (0.0368) (0.0281) (0.0200)

Observations in sample 33,110 33,110 51,520 51,520
Observations in estimation 6,075 4,333 7,887 7,887
Bandwidth (bw) 2.259 1.797 2.063 2.093

Mothers with college degree
Above cut-off -0.1378** -0.0488 0.0293 0.0388

(0.0586) (0.0396) (0.0485) (0.0321)
Above cut-off (50 % of bw) -0.2346*** -0.0904 0.0704 0.0929**

(0.0722) (0.0588) (0.0600) (0.0473)
Above cut-off (200 % of bw) -0.0520 -0.0368 0.0028 0.0141

(0.0365) (0.0298) (0.0300) (0.0240)

Observations in sample 33,439 33,439 50,251 50,251
Observations in estimation 6,388 5,512 8,175 6,816
Bandwidth (bw) 2.197 2.114 1.985 1.690

Note: Standard errors in parentheses are clustered on school level and bootstrapped with
1,000 repetitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell
represents the coefficient of the AboveCut variable from a separate regression. All estimates
are based on a local linear regression using a triangular kernel, allowed to differ on each side
of the cut-off. All estimations include our full set of covariates, for more information on the
covariates see table 3.A.1 in the appendix.
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Table 3.7: Results by student gender

Forcing variable: Forcing variable:
Math in 3rd grade Reading in 4th grade
6th grade outcome: 6th grade outcome:
Math Reading Math Reading

Boys
Above cut-off -0.1064** -0.0447 0.1438*** 0.0401

(0.0441) (0.0427) (0.0455) (0.0265)
Above cut-off (50 % of bw) -0.1566*** -0.0556 0.1525*** 0.0289

(0.0559) (0.0613) (0.0579) (0.0395)
Above cut-off (200 % of bw) -0.0429 -0.0209 0.0933*** 0.0280

(0.0312) (0.0276) (0.0313) (0.0199)

Observations in sample 46,165 46,165 71,062 71,062
Observations in estimation 7,371 7,371 7,559 11,304
Bandwidth (bw) 2.047 2.088 1.484 1.866

Girls
Above cut-off -0.0528 -0.0498 -0.0449 0.0016

(0.0442) (0.0430) (0.0346) (0.0258)
Above cut-off (50 % of bw) -0.1020 -0.1011 -0.0378 0.0181

(0.0633) (0.0656) (0.0489) (0.0347)
Above cut-off (200 % of bw) -0.0312 -0.0198 -0.0419* -0.0075

(0.0289) (0.0282) (0.0236) (0.0170)

Observations in sample 46,092 46,092 71,236 71,236
Observations in estimation 7,389 7,389 11,126 11,126
Bandwidth (bw) 2.023 2.053 2.098 2.138

Note: Standard errors in parentheses are clustered on school level and bootstrapped with
1,000 repetitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell
represents the coefficient of the AboveCut variable from a separate regression. All estimates
are based on a local linear regression using a triangular kernel, allowed to differ on each side
of the cut-off. All estimations include our full set of covariates, for more information on the
covariates see table 3.A.1 in the appendix.
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3.6.3 Robustness

Above, we discussed the validity of our regression discontinuity set-up, and we strongly believe
that it holds. For our specific setting there are two additional concerns that we will address in
the following.

First, we exploit the test scores measured in points as the forcing variable. As discussed
above, we cannot rule out that teachers tell students about their specific point-score in each
cognitive domain. With this information, the students could calculate their overall score. We
argued that in the extreme case where teachers tell all students about their specific score on
the point scale, there would not be any information in the five grade labels that is not entailed
in the point scores, and we would not expect any effect from the cut-offs. But it could also
be the case that there is a jump between each rounded-off point score, even though we find
this highly unlikely. Second, if there is a high degree of mean reversion in the data, it could
influence our estimates. In the case of mean reversion, students who got a bad draw in the first
test resulting in a low test score would be expected to score better on the next test. In contrast,
students who got a lucky draw and thus got a high test score would be expected to score lower
on the next test. The implication for our data would then be that students above a cut-off
(high draw) will get a lower score in the next test, and students who are below a cut-off (low
draw) will get a higher score in the next test. Thus mean reversion would mechanically give a
negative estimate of the jump. We believe, however, that mean reversionis fairly unimportant
in our set-up as we only use data within a small span around the cut-off, i.e. students who
have very similar test scores and very similar draws in the first test. To formally address the
two concerns above, we estimate a placebo model where we re-code the cut-offs. Specifically,
we move each of the cut-offs 5 points closer to the mean. The placebo cut-offs are thus moved
like this: Cut-off 1: 10p → 15p, Cut-off 2: 35p → 40p, Cut-off 3: 65p → 60p, Cut-off 4: 90p
→ 85p.

Table 3.8 presents the results from the main estimation with placebo cut-offs. The point
estimates here are clearly lower, in absolute terms, than in the baseline estimations above. There
does not seem to be any evidence of mean reversion in the data. In fact, all point estimates
are positive. Thus we believe that we can safely dismiss the two concerns listed above. In the
appendix table 3.A.8, we have listed the placebo estimations for each of the four cut-offs. The
estimations are less precise, and in two instances we find significant estimates of the placebo
jumps, this indicates that our results are not perfectly robust. But importantly, they differ
from the point estimates in the real model and further these estimates are not consistent with
mean reversion.
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Table 3.8: Placebo cut-offs

Forcing variable: Forcing variable:
Math in 3rd grade Reading in 4th grade
6th grade outcome: 6th grade outcome:
Math Reading Math Reading

Above cut-off 0.0300 0.0029 0.0145 0.0083
(0.0312) (0.0286) (0.0266) (0.0198)

Above cut-off (50 % of bw) 0.0130 0.0174 0.0168 0.0161
(0.0420) (0.0401) (0.0364) (0.0287)

Above cut-off (200 % of bw) 0.0383** 0.0029 0.0010 0.0082
(0.0194) (0.0191) (0.0182) (0.0132)

Observations in sample 92,257 92,257 142,298 142,298
Observations in estimation 16,140 16,140 24,551 20,415
Bandwidth (bw) 1.923 2.002 1.875 1.781

Note: Standard errors in parentheses are clustered on school level and bootstrapped with
1,000 repetitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell
represents the coefficient of the AboveCut variable from a separate regression. All estimates are
based on a local linear regression using a triangular kernel, allowed to differ on each side of the
cut-off. All estimations include our full set of covariates, for more information on the covariates
see table 3.A.1 in the appendix. This estimation uses artificial cut-offs at values closer to the
mean of the distribution. Specifically, the cut-offs have been moved in this way: Cut-off 1: 10p
→ 15p, Cut-off 2: 35p → 40p, Cut-off 3: 65p → 60p, Cut-off 4: 90p → 85p.

3.7 Concluding remarks

Standardized testing is a widely used tool in educational settings. It is often argued that the use
of systematic testing of school children facilitates improved learning and academic achievement.
Generally, one can think of two main purposes of testing. First, testing can serve as part of a
learning model where the test in itself increases learning, either because it serves as a motivation
for the students to study more, or because they learn from repeating the material. Second,
testing can be used as an accountability tool where stakeholders, mainly teachers and schools,
are held accountable for the students’ actual performance in the tests. Independent of the
purpose of the test, grading is an integral part.

While the majority of previous studies focus on how tests influence academic achievement,
few studies have focused on the effects from the feedback obtained from the tests. In this
paper we ask: "How does information feedback on performance affect future performance of
elementary school pupils?". Further we investigate if these effects differ across the distribution
of initial ability, mothers’ education and gender.

We use the design features of the Danish National Tests in a regression discontinuity design.
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Specifically, we exploit that students are graded within five fairly broad feedback categories
based on their underlying test score. The form of feedback given to each pupil is that he or
she is either considerably below average, below average, average, above average, or considerably
above average. As we have access to individual test scores, we can study how the pupils are
affected when they are graded the higher of two adjacent categories compared to students with
similar test scores. We think of students just above or below the cut-off as receiving a relatively
negative or positive signal about their own ability, in a learning model with effort and ability.
No matter whether a particular grading system assigns grades as letters, ranges or labels, some
arbitrary cut-off values will divide students of almost similar abilities, and knowledge about
effects of grading on future achievement is therefore highly important.

Our sample consists of pupils taking the 3rd grade math test and the 4th grade reading
test. These pupils are matched with their 6th grade test scores in math and reading. This
enables us to look at the effects of feedback on same-subject as wells as potential cross-subject
spillover effects. We find that pupils who are graded in the higher of two adjacent categories
in 3rd grade math fare relatively worse in the subsequent math and reading tests. Pupils in the
higher category score 11 percent of a SD lower than pupils placed just below in the 6th grade
math test. The potential spillover effect on 6th grade reading is lower (6 percent of a SD) and
insignificant. Considering feedback from the 4th grade reading test we cannot reject that the
estimates are zero, but the point estimates suggest that the pupils above the cut-off fare better
in subsequent tests.

It is often hypothesized that especially the weak and under-performing students are scarred
by receiving negative feedback. When we estimate our model separately for each cut-off, we do
not find any support for this hypothesis. When we investigate differences across mothers’ educa-
tion instead, we do find indication that the mother’s educational level does have some influence
on how students react to the feedback. We also find differences across genders. Specifically, we
find that boys are more sensitive to feedback, and this effect spills over in their performance
on the 6th grade tests, but with different implications. Receiving a negative signal in 3rd grade
math seems to have a positive impact on math and reading, while a positive signal in 4th grade
reading has a positive spillover effect on math.

The differences across subjects could be due to the age difference at the time of the tests
(3rd and 4th grade) or that testing and grading enters the learning model of math and reading
differently. The heterogeneity of the results points to the latter. Future research should inves-
tigate the effects of grading in more depth. The results of this paper indicate that boys and
girls react differently to feedback, and this should be considered more closely across subjects
and age levels through elementary school.

In this paper we have focused on whether grading affects future performance. Papers within
educational research find that grading is associated with de-motivation (see e.g. Deci et al.
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(1999), Harlen and Deakin Crick (2003), and Nordenbo et al. (2009)). To understand the
mechanisms, measures on student motivation and preferences are needed. Grading may also
affect the student’s well-being and thereby his or her academic performance. For example,
Eriksen, Nielsen, and Simonsen (2014) find that being exposed to bullying in elementary school
reduces performance in the Danish final exams. Student well-being is in other words important
in order to improve performance. Thus there is scope for future research to investigate whether
there is a causal link between being graded and well-being.
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Appendices
Table 3.A.1: List of included covariates

Variable name Description

Child characteristics
Male (0/1) Gender of the child
Low birth weight (0/1) Birth weight less than 2,500 grams
Birth order Birth order, by mother
Multiple birth (0/1) E.g. twins, triplets, etc.
ADHD two years before (0/1) Diagnosed with ADHD two years before 3rd/4th

grade test
SEN two years before (0/1) Refereed to Special Education Needs two years

before 3rd/4th grade test
Non-western origin (0/1) Child is of non-western descent
Single mother (0/1) Mother was neither married or cohabiting

on Jan. 1st the year the child turned 5
Mother/Father characteristics
Age at birth Age when child was born
Basic education (0/1) Has not completed education other than

compulsory education when child was 5
High school (0/1) Highest completed education when child was 5

was high school
Vocational training (0/1) Highest completed education when child was 5

was vocational training
Short further education (0/1) Highest completed education when child was 5

was 2-year-college
Medium further education (0/1) Highest completed education when child was 5

was 4-year college
Long further education (0/1) Highest completed education when child was 5

was MSc or PhD degree
Work experience (in years) Years on labor market when child was 5
Employed (0/1) Employed in November the year the child was 5
Unemployed (0/1) Unemployed in November the year the child was 5
Outside labor force (0/1) Outside labor force in November the year the

child was 5
1st income quartile (0/1) Income was in the lowest quartile among

mothers/fathers when child was 5
2nd income quartile (0/1) Income was in the 2nd quartile among

mothers/fathers when child was 5
3rd income quartile (0/1) Income was in the 3rd quartile among

mothers/fathers when child was 5
4th income quartile (0/1) Income was in the highest quartile among

mothers/fathers when child was 5
Psychiatric diagnosis (0/1) Mother/father had a psychiatric diagnosis

when child was 5

Note: Additional missing-dummies are included for each of the above variables indicating if
data is missing.
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Table 3.A.2: Mean of selected variables by feedback group - Reading sample

Considerably Considerably
below Below Above above
average average Average average average

Outcome variables:
6th grade math score (Std.dev.) -0.9554 -0.4802 -0.0352 0.4861 1.1063
6th grade reading score (Std.dev.) -1.4372 -0.7163 -0.0349 0.6931 1.4797

Child characteristics:
Male (0/1) 0.6075 0.5417 0.4959 0.4603 0.4888
Low birth weight (0/1) 0.0528 0.0489 0.0456 0.0415 0.0341
ADHD two years before (0/1) 0.0134 0.0069 0.0057 0.0048 0.0044

Mother characteristics:
Basic education (0/1) 0.3436 0.2612 0.1759 0.1100 0.0574
High school (0/1) 0.0600 0.0695 0.0769 0.0817 0.0813
Vocational training (0/1) 0.3910 0.4069 0.3897 0.3191 0.2195
Short further education (0/1) 0.0362 0.0425 0.0510 0.0540 0.0544
Medium further education (0/1) 0.0924 0.1440 0.2121 0.2876 0.3433
Long further education (0/1) 0.0184 0.0281 0.0611 0.1242 0.2240
Wage income (in 2008 prices) 140,702 166,599 199,735 227,290 249,347

Father characteristics:
Basic education (0/1) 0.3180 0.2524 0.1866 0.1265 0.0785
High school (0/1) 0.0401 0.0429 0.0526 0.0624 0.0697
Vocational training (0/1) 0.4228 0.4417 0.4264 0.3597 0.2648
Short further education (0/1) 0.0634 0.0754 0.0866 0.0936 0.0903
Medium further education (0/1) 0.0511 0.0773 0.1158 0.1649 0.2077
Long further education (0/1) 0.0248 0.0425 0.0802 0.1542 0.2561
Wage income (in 2008 prices) 229,427 268,012 314,628 358,838 390,201

Observations 6,578 30,309 53,375 44,098 7,938

Note: Each cell represents the mean of the variable in the left column by feedback group.
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Figure 3.A.1: McCrary density graphs - for each cut-off - math in 3rd grade
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Figure 3.A.2: McCrary density graphs - for each cut-off - Reading in 4th

grade
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Table 3.A.3: Test for jumps in covariates in the 3rd grade math sample

All cut-offs pooled Divided on each cut-off
Cut-off 1 Cut-off 2 Cut-off 3 Cut-off 4

Child:
Male (0/1) -0.0051 -0.0216 0.0222 0.0058 -0.0228

(0.0238) (0.0443) (0.0330) (0.0365) (0.0396)
Low birth weight (0/1) -0.0038 0.0391** -0.0060 -0.0061 -0.0159

(0.0095) (0.0175) (0.0153) (0.0134) (0.0150)
Birth order 0.0386 0.0818 -0.0341 0.1019 -0.1131*

(0.0409) (0.0973) (0.0648) (0.0622) (0.0657)
Multiple birth (0/1) 0.0096 0.0157 -0.0066 0.0189 -0.0185

(0.0099) (0.0175) (0.0152) (0.0137) (0.0154)
ADHD two years before (0/1) -0.0041 0.0044 0.0009 -0.0058 -0.0063

(0.0032) (0.0036) (0.0047) (0.0057) (0.0047)
SNE two years before (0/1) 0.0096 0.0383** 0.0053 0.0148* 0.0020

(0.0064) (0.0165) (0.0100) (0.0089) (0.0083)
Non-western origin (0/1) -0.0007 -0.0274 0.0133 -0.0150 -0.0054

(0.0126) (0.0325) (0.0223) (0.0158) (0.0150)
Single mother (0/1) 0.0108 0.0044 -0.0020 0.0284 -0.0070

(0.0162) (0.0343) (0.0242) (0.0219) (0.0232)
Mother:
Age at birth -0.1339 1.1752** -0.6245 0.1438 -0.5017

(0.2663) (0.4974) (0.4435) (0.4224) (0.4842)
Basic education (0/1) -0.0065 -0.0066 -0.0095 0.0102 -0.0240

(0.0166) (0.0379) (0.0266) (0.0256) (0.0210)
High school (0/1) -0.0221* -0.0502** -0.0134 -0.0122 -0.0079

(0.0113) (0.0242) (0.0173) (0.0195) (0.0214)
Vocational training (0/1) 0.0216 0.0708* 0.0434 0.0209 -0.0010

(0.0225) (0.0410) (0.0334) (0.0356) (0.0334)
Short further education (0/1) 0.0031 0.0262* -0.0051 0.0203 -0.0148

(0.0094) (0.0148) (0.0138) (0.0151) (0.0184)
Medium further education (0/1) 0.0025 -0.0256 -0.0285 -0.0158 0.0288

(0.0184) (0.0276) (0.0264) (0.0303) (0.0336)
Long further education (0/1) 0.0026 0.0002 -0.0065 -0.0089 0.0219

(0.0118) (0.0166) (0.0150) (0.0183) (0.0282)
Work experience (in years) 0.0638 1.1995** 0.0772 0.4051 -0.5981

(0.2688) (0.5125) (0.4302) (0.4068) (0.4281)
Employed (0/1) -0.0035 0.0244 -0.0083 0.0114 0.0151

(0.0187) (0.0368) (0.0319) (0.0242) (0.0271)
Unemployed (0/1) -0.0017 -0.0348 -0.0178 -0.0189 0.0238

(0.0132) (0.0290) (0.0211) (0.0177) (0.0177)
Outside labor force (0/1) 0.0045 0.0162 0.0125 0.0135 -0.0363*

(0.0138) (0.0293) (0.0224) (0.0164) (0.0205)
1st income quartile (0/1) -0.0151 -0.0609** -0.0216 -0.0057 0.0233

(0.0143) (0.0310) (0.0215) (0.0218) (0.0232)
2nd income quartile (0/1) 0.0270 0.0020 0.0160 0.0624* -0.0042

(0.0203) (0.0369) (0.0318) (0.0322) (0.0322)
3rd income quartile (0/1) -0.0032 0.0483 -0.0001 -0.0314 0.0166

(0.0190) (0.0306) (0.0296) (0.0289) (0.0344)
4th income quartile (0/1) -0.0180 0.0074 -0.0257 -0.0117 -0.0277

(0.0146) (0.0213) (0.0194) (0.0233) (0.0298)
Psychiatric diagnosis (0/1) -0.0041 -0.0175 -0.0050 -0.0050 0.0015

(0.0129) (0.0265) (0.0210) (0.0181) (0.0194)

Continued on the next page
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Table 3.A.3 continued: Test for jumps in covariates in the 3rd grade math sample

All cut-offs pooled Divided on each cut-off
Cut-off 1 Cut-off 2 Cut-off 3 Cut-off 4

Father:
Age at birth -0.0463 0.3486 -0.9076 0.5018 -0.1885

(0.3480) (0.6550) (0.5595) (0.5536) (0.5730)
Basic education (0/1) -0.0043 0.0711* -0.0629** 0.0220 -0.0025

(0.0171) (0.0366) (0.0275) (0.0244) (0.0216)
High school (0/1) -0.0190* -0.0232 -0.0142 -0.0018 -0.0293

(0.0099) (0.0158) (0.0159) (0.0159) (0.0181)
Vocational training (0/1) 0.0319 -0.0277 0.0512 0.0011 0.0761**

(0.0213) (0.0414) (0.0331) (0.0336) (0.0384)
Short further education (0/1) 0.0173 0.0071 0.0406** 0.0008 -0.0134

(0.0123) (0.0207) (0.0173) (0.0202) (0.0227)
Medium further education (0/1) -0.0138 -0.0282 -0.0149 0.0016 -0.0113

(0.0141) (0.0204) (0.0215) (0.0237) (0.0292)
Long further education (0/1) -0.0121 0.0073 -0.0273* -0.0206 -0.0042

(0.0129) (0.0183) (0.0165) (0.0222) (0.0301)
Work experience (in years) -0.1120 1.3081** -0.3823 0.0421 -0.5225

(0.3150) (0.6287) (0.5125) (0.4800) (0.5183)
Employed (0/1) 0.0073 0.0534 -0.0255 0.0112 0.0198

(0.0149) (0.0343) (0.0240) (0.0199) (0.0205)
Unemployed (0/1) -0.0024 0.0012 -0.0072 -0.0112 0.0086

(0.0082) (0.0218) (0.0139) (0.0111) (0.0095)
Outside labor force (0/1) -0.0087 -0.0600** 0.0070 0.0036 -0.0173

(0.0105) (0.0258) (0.0162) (0.0131) (0.0151)
1st income quartile (0/1) 0.0108 0.0139 0.0110 0.0147 0.0007

(0.0104) (0.0229) (0.0166) (0.0160) (0.0166)
2nd income quartile (0/1) 0.0011 -0.0528* -0.0064 0.0091 0.0365*

(0.0131) (0.0285) (0.0227) (0.0198) (0.0203)
3rd income quartile (0/1) 0.0028 0.0504 -0.0119 0.0121 -0.0005

(0.0190) (0.0369) (0.0284) (0.0315) (0.0308)
4th income quartile (0/1) -0.0069 0.0285 -0.0150 -0.0138 -0.0210

(0.0201) (0.0360) (0.0328) (0.0340) (0.0365)
Psychiatric diagnosis (0/1) 0.0086 -0.0092 0.0062 0.0053 0.0068

(0.0113) (0.0227) (0.0200) (0.0156) (0.0177)

Observations in sample 92,257 14,050 28,981 31,888 17,338
Observations in estimation 9,850 2,506 4,954 3,955 3,191
Bandwidth 1.357 2.124 2.245 1.749 2.087

Note: Standard errors in parentheses are clustered on school level and bootstrapped with 1,000 repetitions, using
a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell represents the coefficient of a jump in the
variable listed in the left column. Each estimate is from a separate regression. All estimates are based on a local
linear regression using a triangular kernel, allowed to differ on each side of the cut-off. The bandwidths in these
models are based on the optimal bandwidth from the 6th grade math outcome models. Estimations using optimal
bandwidth from 6th grade reading outcome model, yield similar estimates.
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Table 3.A.4: Test for jumps in covariates in the 4th grade reading sample

All cut-offs pooled Divided on each cut-off
Cut-off 1 Cut-off 2 Cut-off 3 Cut-off 4

Child:
Male (0/1) -0.0271 -0.0367 0.0087 -0.0616** 0.0009

(0.0169) (0.0379) (0.0286) (0.0265) (0.0299)
Low birth weight (0/1) -0.0085 -0.0069 -0.0140 0.0075 -0.0199*

(0.0067) (0.0168) (0.0119) (0.0104) (0.0111)
Birth order 0.0195 0.0511 -0.0182 0.0330 -0.0245

(0.0317) (0.0795) (0.0578) (0.0473) (0.0483)
Multiple birth (0/1) 0.0035 0.0223 0.0022 0.0075 -0.0074

(0.0063) (0.0144) (0.0115) (0.0102) (0.0115)
ADHD two years before (0/1) 0.0011 -0.0036 0.0074 -0.0026 0.0001

(0.0025) (0.0052) (0.0048) (0.0043) (0.0042)
SNE two years before (0/1) -0.0049 -0.0351 0.0076 -0.0028 -0.0013

(0.0066) (0.0226) (0.0137) (0.0072) (0.0063)
Non-western origin (0/1) 0.0055 0.0099 0.0249 -0.0034 -0.0011

(0.0094) (0.0298) (0.0197) (0.0136) (0.0075)
Single mother (0/1) 0.0256** 0.0103 0.0058 0.0308* 0.0291

(0.0120) (0.0322) (0.0217) (0.0183) (0.0180)
Mother:
Age at birth -0.0324 -0.0985 -0.0213 -0.2589 -0.0160

(0.2147) (0.4929) (0.3869) (0.3448) (0.3502)
Basic education (0/1) 0.0096 -0.0067 0.0224 0.0093 -0.0011

(0.0117) (0.0330) (0.0241) (0.0195) (0.0148)
High school (0/1) -0.0072 0.0147 -0.0308** 0.0102 -0.0088

(0.0092) (0.0184) (0.0149) (0.0158) (0.0169)
Vocational training (0/1) 0.0014 -0.0096 0.0010 -0.0139 0.0288

(0.0160) (0.0364) (0.0288) (0.0266) (0.0247)
Short further education (0/1) -0.0128* -0.0032 -0.0007 -0.0147 -0.0150

(0.0077) (0.0140) (0.0134) (0.0138) (0.0129)
Medium further education (0/1) -0.0030 0.0024 0.0001 0.0004 -0.0037

(0.0132) (0.0227) (0.0209) (0.0248) (0.0279)
Long further education (0/1) 0.0100 0.0017 -0.0002 0.0056 0.0031

(0.0096) (0.0108) (0.0112) (0.0146) (0.0234)
Work experience (in years) 0.0444 0.0297 0.1843 0.0529 0.0043

(0.2139) (0.4635) (0.3561) (0.3322) (0.3609)
Employed (0/1) -0.0118 -0.0491 0.0014 0.0051 -0.0101

(0.0136) (0.0370) (0.0254) (0.0215) (0.0204)
Unemployed (0/1) 0.0008 -0.0025 -0.0058 0.0044 0.0010

(0.0104) (0.0292) (0.0183) (0.0155) (0.0137)
Outside labor force (0/1) 0.0101 0.0438* 0.0092 -0.0186 0.0132

(0.0096) (0.0258) (0.0201) (0.0154) (0.0145)
1st income quartile (0/1) 0.0110 -0.0400 0.0318 -0.0007 0.0120

(0.0116) (0.0255) (0.0205) (0.0169) (0.0188)
2nd income quartile (0/1) -0.0087 0.0401 -0.0238 -0.0104 -0.0047

(0.0159) (0.0348) (0.0281) (0.0252) (0.0269)
3rd income quartile (0/1) -0.0358** -0.0192 -0.0497** -0.0092 -0.0309

(0.0149) (0.0273) (0.0236) (0.0235) (0.0267)
4th income quartile (0/1) 0.0318*** 0.0057 0.0437** 0.0381** 0.0092

(0.0110) (0.0154) (0.0178) (0.0188) (0.0235)
Psychiatric diagnosis (0/1) -0.0078 -0.0157 0.0131 -0.0146 -0.0183

(0.0097) (0.0220) (0.0180) (0.0152) (0.0149)

Continued on the next page
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Table 3.A.4 continued: Test for jumps in covariates in the 4th grade reading sample

All cut-offs pooled Divided on each cut-off
Cut-off 1 Cut-off 2 Cut-off 3 Cut-off 4

Father:
Age at birth -0.0847 0.6704 -0.0962 -0.5352 0.1472

(0.2810) (0.6684) (0.5026) (0.4331) (0.4414)
Basic education (0/1) 0.0113 0.0259 -0.0037 0.0225 -0.0192

(0.0129) (0.0344) (0.0236) (0.0198) (0.0173)
High school (0/1) -0.0097 -0.0217 0.0146 -0.0095 -0.0122

(0.0080) (0.0141) (0.0120) (0.0132) (0.0147)
Vocational training (0/1) -0.0501*** -0.0737** -0.0832*** -0.0586** 0.0482*

(0.0167) (0.0370) (0.0309) (0.0249) (0.0276)
Short further education (0/1) 0.0245** 0.0203 0.0245 0.0288* 0.0088

(0.0100) (0.0183) (0.0153) (0.0161) (0.0159)
Medium further education (0/1) 0.0060 0.0141 0.0236 0.0159 -0.0141

(0.0105) (0.0168) (0.0178) (0.0184) (0.0231)
Long further education (0/1) 0.0127 0.0291** 0.0301** -0.0182 0.0063

(0.0112) (0.0131) (0.0146) (0.0174) (0.0247)
Work experience (in years) -0.2485 -0.2034 -0.3107 -0.2141 -0.1760

(0.2560) (0.5920) (0.4282) (0.4000) (0.3959)
Employed (0/1) -0.0027 0.0115 -0.0039 -0.0189 0.0137

(0.0112) (0.0310) (0.0208) (0.0162) (0.0163)
Unemployed (0/1) 0.0021 -0.0098 0.0059 0.0132 -0.0040

(0.0073) (0.0208) (0.0134) (0.0103) (0.0098)
Outside labor force (0/1) -0.0014 -0.0043 0.0099 -0.0115 0.0004

(0.0073) (0.0195) (0.0142) (0.0107) (0.0105)
1st income quartile (0/1) -0.0010 -0.0102 0.0144 -0.0013 -0.0085

(0.0079) (0.0208) (0.0148) (0.0125) (0.0117)
2nd income quartile (0/1) 0.0122 0.0162 0.0150 0.0179 -0.0035

(0.0106) (0.0267) (0.0184) (0.0162) (0.0161)
3rd income quartile (0/1) 0.0168 -0.0214 0.0137 0.0265 0.0353

(0.0141) (0.0332) (0.0253) (0.0245) (0.0243)
4th income quartile (0/1) -0.0262 0.0019 -0.0091 -0.0430 -0.0368

(0.0160) (0.0350) (0.0279) (0.0277) (0.0282)
Psychiatric diagnosis (0/1) -0.0200** -0.0442** -0.0227 -0.0192 0.0050

(0.0081) (0.0203) (0.0145) (0.0143) (0.0120)

Observations in sample 142,298 19,179 43,010 51,280 28,829
Observations in estimation 18,671 3,874 6,224 7,592 6,152
Bandwidth 1.590 2.202 1.884 1.975 2.450

Note: Standard errors in parentheses are clustered on school level and bootstrapped with 1,000 repetitions, using a
block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell represents the coefficient of a jump in the variable
listed in the left column. Each estimate is from a separate regression. All estimates are based on a local linear
regression using a triangular kernel, allowed to differ on each side of the cut-off. The bandwidths in these models are
based on the optimal bandwidth from the 6th grade math outcome models. Estimations using optimal bandwidth
from 6th grade reading outcome models yield similar estimates.
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Table 3.A.5: Results from 3rd grade math feedback,
excluding students around cut-off 3

6th grade test score
Math Reading

Forcing variable: Math in 3rd grade

Above cut-off -0.0980** -0.0747*
(0.0409) (0.0387)

Above cut-off (50 % of bw) -0.1441** -0.1518***
(0.0591) (0.0552)

Above cut-off (200 % of bw) -0.0377 -0.0168
(0.0293) (0.0288)

Observations in sample 60,369 60,369
Observations in estimation 6,668 6,668
Bandwidth (bw) 1.357 1.374

Note: Standard errors in parentheses are clustered on school level
and bootstrapped with 1,000 repetitions, using a block-bootstrap
routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell represents the
coefficient of the AboveCut variable from a separate regression. All
estimates are based on a local linear regression using a triangular
kernel, allowed to differ on each side of the cut-off. All estimations
include our full set of covariates, for more information on the covari-
ates see table 3.A.1.
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Table 3.A.6: Results from 3rd grade math feedback,
probability of sitting the 6th grade test

Sat the 6th grade test in:
Math Reading

Forcing variable: Math in 3rd grade

Above cut-off 0.0074 0.0060 0.0103 0.0076
(0.0124) (0.0125) (0.0130) (0.0124)

Above cut-off (50 % of bw) -0.0094 -0.0115 -0.0030 -0.0059
(0.0157) (0.0157) (0.0167) (0.0157)

Above cut-off (200 % of bw) 0.0063 0.0068 0.0089 0.0087
(0.0079) (0.0083) (0.0087) (0.0083)

Covariates NO YES NO YES
Observations in sample 101,717 101,717 101,717 101,717
Observations in estimation 10,801 10,801 10,801 10,801
Bandwidth (bw) 1.496 1.496 1.498 1.498

Note: Standard errors in parentheses are clustered on school level and bootstrapped
with 1,000 repetitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, *
p<0.1. Each cell represents the coefficient of the AboveCut variable from a separate
regression. All estimates are based on a local linear regression using a triangular kernel,
allowed to differ on each side of the cut-off. For more information on the included
covariates see table 3.A.1.
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Table 3.A.7: Results from 4th grade reading feedback,
probability of sitting the 6th grade test

Sat the 6th grade test in:
Math Reading

Forcing variable: Reading in 4th grade

Above cut-off 0.0116 0.0102 0.0007 -0.0003
(0.0122) (0.0117) (0.0109) (0.0102)

Above cut-off (50 % of bw) 0.0051 0.0042 -0.0013 -0.0019
(0.0084) (0.0084) (0.0101) (0.0098)

Above cut-off (200 % of bw) -0.0018 -0.0022 -0.0062 -0.0067
(0.0086) (0.0083) (0.0078) (0.0074)

Covariates NO YES NO YES
Observations in sample 153,624 153,624 153,624 153,624
Observations in estimation 12,118 12,118 12,118 12,118
Bandwidth (bw) 0.840 0.840 0.979 0.979

Note: Standard errors in parentheses are clustered on school level and bootstrapped with
1,000 repetitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each
cell represents the coefficient of the AboveCut variable from a separate regression. All
estimates are based on a local linear regression using a triangular kernel, allowed to differ
on each side of the cut-off. For more information on the included covariates see table
3.A.1.
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Table 3.A.8: Placebo by cut-offs

Forcing variable: Forcing variable:
Math in 3rd grade Reading in 4th grade
6th grade outcome: 6th grade outcome:
Math Reading Math Reading

Placebo cut-off 1:
Above placebo cut-off 1 0.0690 -0.0703 -0.0336 -0.0124

(0.0522) (0.0578) (0.0546) (0.0526)
Above placebo cut-off 1 (50 % of bw) -0.0351 -0.1082 -0.0126 0.0036

(0.0809) (0.0846) (0.0748) (0.0815)
Above placebo cut-off 1 (200 % of bw) 0.0349 -0.0589 -0.0057 -0.0097

(0.0429) (0.0411) (0.0376) (0.0359)

Observations nearest to placebo cut-off 1 18,769 18,769 25,562 25,562
Observations in estimation 2,939 3,409 4,622 4,622
Bandwidth (bw) 1.995 2.305 2.300 2.249

Placebo cut-off 2:
Above placebo cut-off 2 -0.0170 -0.0441 0.0934** 0.0001

(0.0507) (0.0497) (0.0371) (0.0361)
Above placebo cut-off 2 (50 % of bw) -0.0414 -0.0509 0.0655 0.0047

(0.0693) (0.0759) (0.0674) (0.0513)
Above placebo cut-off 2 (200 % of bw) -0.0054 -0.0408 0.0516* 0.0104

(0.0319) (0.0331) (0.0305) (0.0258)

Observations nearest to placebo cut-off 2 24,262 24,262 36,627 36,627
Observations in estimation 4,332 5,026 6,560 5,491
Bandwidth (bw) 2.060 2.305 1.895 1.718

Placebo cut-off 3:
Above placebo cut-off 3 -0.0005 0.0666 0.0515 0.0130

(0.0487) (0.0440) (0.0582) (0.0308)
Above placebo cut-off 3 (50 % of bw) -0.0049 0.0992 0.1039 0.0005

(0.0635) (0.0633) (0.0642) (0.0429)
Above placebo cut-off 3 (200 % of bw) 0.0198 0.0461 -0.0055 0.0138

(0.0313) (0.0313) (0.0339) (0.0203)

Observations nearest to placebo cut-off 3 26,308 26,308 42,065 42,065
Observations in estimation 4,853 4,853 6,258 7,549
Bandwidth (bw) 2.079 2.159 1.609 2.060

Placebo cut-off 4:
Above placebo cut-off 4 0.1225** 0.0205 -0.0537 0.0341

(0.0577) (0.0555) (0.0591) (0.0398)
Above placebo cut-off 4 (50 % of bw) 0.1354 0.0800 -0.1161 0.0784

(0.0837) (0.0859) (0.0729) (0.0568)
Above placebo cut-off 4 (200 % of bw) 0.1211*** 0.0512 -0.0252 0.0095

(0.0390) (0.0410) (0.0352) (0.0258)

Observations nearest to placebo cut-off 4 22,918 22,918 38,044 38,044
Observations in estimation 4,616 4,016 6,504 5,395
Bandwidth (bw) 2.408 2.061 2.018 1.687

Note: Standard errors in parentheses are clustered on school level and bootstrapped with 1,000 rep-
etitions, using a block-bootstrap routine, *** p<0.01, ** p<0.05, * p<0.1. Each cell represents the
coefficient of the AboveCut variable from a separate regression. All estimates are based on a local linear
regression using a triangular kernel, allowed to differ on each side of the cut-off. All estimations include
our full set of covariates, for more information on the covariates see table 3.A.1. This estimation uses
artificial cut-offs at values closer to the mean of the distribution. Specifically, the cut-offs have been
moved in this way: Cut-off 1: 10p → 15p, Cut-off 2: 35p → 40p, Cut-off 3: 65p → 60p, Cut-off 4: 90p
→ 85p.
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