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SUMMARY 

 

The effects of school resources, such as student-to-teacher ratios, qualifications of the teachers, and 

school size are of interest because they can be changed through policy and are expected to influence 

students. As economists, we are interested in the causal effects of these inputs in order to come up 

with policy recommendations. The causal effects of different school resources are, however, 

difficult to identify due to selection and sorting of students and teachers into schools. Simply 

comparing students exposed to different levels and qualities of school resources yields biased 

results if the students also differ in other respects correlated with how well they perform in school. 

To account for that, this dissertation exploits variation in school resources induced by social and 

natural experiments in institutional settings in order to identify the effects of school resources in 

primary education. 

Chapter 1 evaluates a social experiment in which schools are randomly allocated to treatment and 

control groups. The treatment group receives additional school resources, in this case teacher’s 

aides, and the effects of the additional resources are then estimated by comparing the outcome of 

students in the treatment and control schools. Conducting this type of randomized experiment is 

often referred to as the gold standard for program evaluation, but it is also a costly and risky 

evaluation method. In addition to the fact it is impossible to fix a compromised randomization, 

tracking students and following up on actual treatment and outcomes is expensive. Often these, and 

other, potential sources of bias are not fully discovered until after the intervention period, which is 

probably part of the reason why only a few large-scale randomized experiments exist in the 

economics of education field (see, e.g., Schanzenbach 2006, Heckman et al. 2010).  

When randomized experiments are unavailable, natural experiments that create exogenous variation 

in school resources can be sought out and identified. Chapter 2 takes advantage of the data from the 

experiment evaluated in Chapter 1, combined with a within-student strategy to investigate the 

relationship between teacher gender and student achievement. Chapter 3 subsequently exploits 

exogenous variation induced by major changes in the institutional settings to investigate the effect 
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of school consolidations on student achievement. The remainder of this summary provides a brief 

review of the empirical strategy, results, and policy implications of each chapter. To conclude, I 

discuss the measure of student achievement. 

Chapter 1 evaluates a large-scale randomized experiment with teacher’s aides in sixth grade 

classrooms. Using teacher’s aides represent a flexible policy designed to reduce the student-to-

teacher ratio, but there is very little research to guide decisions on the best use of different kinds of 

teacher’s aides. We evaluate the impact of two kinds of teacher’s aides: ones with and ones without 

teaching degree. The experiment comprises 105 schools and more than 5,200 students. We gain 

leverage by combining the randomized experiment with survey and registry data, allowing us to 

track students who change schools and still include their outcomes in the analysis, as well as to 

make detailed balancing and attrition analyses. We find substantial positive effects on reading, 

which tend to be greater when resources are spent on aides without a degree, who, on a fixed 

budget, can spend more time in the classroom in comparison to aides with a degree. For math, the 

average effects are smaller and insignificant, but we see some heterogeneity with respect to the 

aides’ qualifications. Importantly, we find positive impacts on students with parents with a low 

level of education that appear to persist in eighth grade test scores. These results imply that 

teacher’s aides without a teaching degree can reduce the achievement gap by one third that initially 

exists between students with parents with a low level of education and average students. Chapter 1 

is co-authored with Simon Calmar Andersen, Helena Skyt Nielsen, and Mette Kjærgaard Thomsen. 

Chapter 2 presents evidence on the importance of teacher gender to student achievement in sixth 

grade. In Denmark, gender gaps are evident in achievement from the first national test in second 

grade and onwards (Beuchert and Nandrup 2014). The gap in reading favors of girls, and 

international trends indicate that girls are closing the achievement gap in math and math-related 

subjects in many countries (OECD 2015). OECD (2015) discusses gender differences in education, 

including, for example, the role of parent and teacher gender stereotypical biases. This chapter 

investigates whether or not students improve their level of achievement if taught by a teacher of the 

same gender. The gender of the teacher is not randomized, but the data reveals variation in teacher 

gender within-student across subjects. I then compare the achievement of the same student in two 

different subjects taught by teachers of a different gender. This method controls for non-random 

sorting of students and teachers to schools. This method also controls for the student’s average 

ability and motivation for learning, as well as parental background and classmates. The results show 
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that boys attain significantly higher academic achievement when taught by a male teacher compared 

to a female teacher. The magnitude of the effect is about half of the gender gap in reading. The 

effect is even larger among boys from single-headed households. The final part of Chapter 2 

considers the students from Chapter 1 who had a co-teacher and investigates the relationship 

between a mixed-gender teacher pair in the classroom and student achievement. The results show 

that boys significantly benefit statistically and economically when a male co-teacher, compared to a 

female co-teacher, is introduced in classrooms with female teachers. 

Chapter 3 exploits variation stemming from school consolidations in Denmark from 2010-2011 in 

order to analyze the impact on student achievement. In this period, 59 out of 98 municipalities 

consolidated schools by closing, merging, and expanding them, leaving approximately 15% of all 

students affected by the consolidations. In contrast to many previous studies, we are able to follow 

the development in individual student test scores throughout a school consolidation and apply a 

difference-in-difference strategy. We compare the achievement of the same student before and after 

the consolidation period and then compare the achievement gain with the achievement gains of 

students not exposed to school consolidations. We find that school consolidation generally has 

adverse effects on student achievement in the short run and that these adverse effects are most 

pronounced for students exposed to school closings. The effects appear to weaken over time, 

suggesting that at least part of the effect is due to disruption. Chapter 3 is co-authored with Maria 

Knoth Humlum, Helena Skyt Nielsen, and Nina Smith. 

All three chapters measure student achievement using national tests completed through second to 

eighth grade. It is an important contribution that we are now able to assess students systematically 

and evaluate school interventions at earlier grade levels using more than just the compulsory exit 

exam. Beuchert and Nandrup (2014), who have access to the complete set of national test scores 

linked at the individual level, consider the predictive validity of the national test results. We find 

that the student’s same-subject national test results are highly persistent across grades as well as 

highly predictive of ninth grade examination grades. For example, sixth grade national tests explain 

48-51% of the variation in Danish and math examination grades. In addition, we find stronger 

correlations between the student’s national test results and the written reading and spelling exams 

compared to the oral and written essay exams, which is consistent with the cognitive domains they 

are designed to measure. Exit exams are graded by professionals according to the course objectives 

and are generally considered to be highly associated with later measures of success, e.g., completion 
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of high school or vocational training. Thus, a high correlation would suggest validity of the national 

tests in terms of measuring the same set of essential skills. It is not yet possible to investigate 

associations with later educational outcome. Overall, we conclude that the national tests have the 

capacity to measure skills that are at least very highly correlated with the skills measured by 

examination grades and can therefore be utilized as measures of student achievement.  
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DANSK RESUMÉ 

Effekten af skoleressourcer, herunder elev/lærer-ratio, lærerkvalitet og skolestørrelse, er relevant, 

eftersom denne kan ændres via lokal eller national skolepolitik og forventes at have betydning for 

elevernes faglige niveau. Som økonomer er vi dog interesseret i den kausale sammenhæng, førend 

vi kan konkludere på den forventede effekt ved en ændring i skolekvaliteten. Der er selektion i 

skolevalg blandt både forældre og lærere, og derfor er det kompliceret at estimere den kausale 

sammenhæng, der faktisk skyldes ændringen i skolekvaliteten, og ikke andre faktorer, der også har 

indvirkning på elevernes læring. Denne afhandling indeholder tre selvstændige kapitler, der tager 

højde for dette ved at udnytte eksogen variation i skolekvalitet, der er opstået enten ved et 

kontrolleret lodtrækningsforsøg eller fra et ’naturligt’ eksperiment, som for eksempel skolestruktur-

reformer. I det første kapitel benyttes et lodtrækningsforsøg med en sammenligningsgruppe, hvor 

det via lodtrækning er bestemt, hvilke skoler der skal have tilført ekstra ressourcer, i dette tilfælde 

en tolærerordning, og hvilke der skal være sammenligningsskoler. Derved adskiller skolerne, der får 

en ekstra ressource, sig i udgangspunktet ikke fra sammenligningsgruppen, og den kausale effekt 

kan identificeres. Et lodtrækningsforsøg betegnes ofte som den ideelle evalueringsmetode, men er 

også omkostningstungt og stiller høje krav til forsøgets design og implementering. Der er en række 

potentielle fejlkilder (for få deltagere, mislykket lodtrækningsstrategi, lav svarprocent m.m.), som 

evaluator ikke har mulighed for at følge op på før efter forsøgets start, og så er det ofte for sent. 

Derfor er det også begrænset, hvor mange internationale lodtrækningsforsøg der er lavet på 

folkeskoleområdet i stor skala (Schanzenbach 2006, Heckman et al. 2010), og dette er det første i 

Danmark. 

Alternativt til et reelt lodtrækningsforsøg kan man benytte variationer eller ændringer i 

skolekvalitet, som er eksogene, eller udefrakommende, og dermed ikke korreleret med, hvordan 

eleverne ellers ville klare sig i skolen. Kapitel 2 illustrerer dette ved at udnytte ny information fra 

det data, der blev indsamlet under lodtrækningsforsøget i Kapitel 1, til at undersøge betydningen af 

lærerens køn for elevens faglige niveau. Kapitel 3 illustrerer det ved at benytte skolestruktur-

reformer til at undersøge effekten af skolesammenlægninger og skolestørrelse. I de næste afsnit 



RESUMÈ 

xii 

opsummeres hvert kapitels empiriske strategi, hovedresultater og implikationer. Til sidst diskuterer 

jeg brugen af de nationale test som mål for elevens faglige niveau. 

Kapitel 1 evaluerer effekten af tolærerordninger på 6. klassetrin. Tolærerordninger kan betragtes 

som en fleksibel måde, hvorpå man kan nedsætte klassekvotienten, men der er kun begrænset 

forskning i hvordan og effekten heraf. Vi evaluerer to forskellige tolærerordninger: én hvor 

tolæreren er uddannet lærer og én med en anden ressourceperson, for eksempel en pædagog. Der 

deltager 105 skoler og lidt over 5.200 elever i forsøget. Dataindsamlingen kombinerer både 

spørgeskemaundersøgelser og registerdata hvilket er meget omfangsrigt og, sammenlignet med 

internationale studier, giver os mulighed for at foretage en detaljeret analyse af de før omtalte 

potentielle fejlkilder. Vi finder substantielle effekter på læseresultater, og disse er større ved en 

anden ressourceperson, som – for den samme pose penge – kan deltage i flere timer i klassen. De 

gennemsnitlige effekter på matematikresultater er mindre og in-signifikante, men der er enkelte 

heterogene effekter afhængigt af den ekstra lærers kvalifikationer. Resultaterne viser også, at en 

tolærerordning med en anden ressourceperson kan udligne en tredjedel af den forskel, der i 

udgangspunktet observeres mellem elever, hvis forældre kun har grundskole, og en gennemsnitlig 

6.-klasse elev. Et andet vigtigt resultat er, at denne effekt kan spores på testresultater i 8. klasse – 

altså efter forsøgsperiodens afslutning. Kapitel 1 er skrevet sammen med Simon Calmar Andersen, 

Helena Skyt Nielsen og Mette Kjærgaard Thomsen. 

Kapitel 2 undersøger betydningen af lærerens køn for elevers faglige niveau på 6. klassetrin. De 

nationale test viser tydelige kønsforskelle i alle test fra 2. til 8. klassetrin (Beuchert og Nandrup 

2014). I gennemsnit klarer pigerne sig bedre end drengene i læsning, og samtidig viser 

internationale undersøgelser, at pigerne begynder at overhale drengene på de matematiske test 

(OECD 2015). OECD (2015) diskuterer dette og herunder betydningen af forældres og læreres 

kønsstereotype forestillinger. Data indeholder information om to faglærere for hver elev, og derved 

kan jeg benytte en within-student across-subjects strategi. Jeg sammenligner den samme elev, i to 

forskellige fag, og undersøger om eleven klarer sig relativt bedre i det fag, hvor eleven undervises 

af en lærer af sit eget køn. Når der sammenlignes indenfor samme elev, og ikke på tværs af elever, 

kontrolleres der for elevens generelle evner og motivation for læring samt for elevens 

forældrebaggrund og klassekammerater. Derved tages der også højde for den før omtalte selektion i 

skolevalg. Resultaterne viser, at drenges faglige niveau forbedres ved en mandlig lærer. Effekten 

svarer til en halvering af den gennemsnitlige kønsforskel i testresultater, og effekten er endnu højere 
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for drenge af enlige forældre. Sidste del af Kapitel 2 undersøger, om en lignende effekt kan opnås 

ved at komplementere læreren med en tolærer af modsatte køn. Jeg benytter tolærerne fra Kapitel 1, 

og resultaterne viser, at drenge, der undervises af en kvinde, har signifikant større gavn af en 

mandlig tolærer sammenlignet med en kvindelig tolærer. 

Kapitel 3 benytter eksogen variation fra skolesammenlægninger i perioden 2010-2011. I denne 

periode blev der gennemført skolelukninger, skolesammenlægninger og skoleudvidelser i 59 af 

landets 98 kommuner, og det påvirkede over 15% af eleverne. Sammenlignet med tidligere studier, 

har vi adgang til nationale test for hver elev målt både før og efter perioden med sammenlægninger 

og kan dermed benytte en difference-in-difference strategi. Vi følger den enkelte elevs faglige 

niveau over tid og sammenligner dennes progression med den faglige progression blandt elever, der 

ikke var udsat for en skolesammenlægning. Resultaterne tyder på, at der er en relativt kortsigtet 

negativ effekt af skolesammenlægninger, som er størst for elever der oplever en skolelukning. Den 

negative effekt ser ud til at fortage sig med tiden, og det tyder derfor på en overgangseffekt skabt af 

den uro og forstyrrelser, der er omkring en skolesammenlægning. Kapitel 3 er skrevet sammen med 

Maria Knoth Humlum, Helena Skyt Nielsen og Nina Smith. 

Alle tre kapitler benytter de nationale test som mål for elevers faglige niveau. De nationale test er et 

vigtigt redskab til systematisk evaluering af folkeskoleelever, hvilket tidligere først var muligt ved 

deres 9. klasse afgangseksamen. Beuchert og Nandrup (2014) har adgang til samtlige nationale tests 

på elev niveau og undersøger test resultaternes prædiktive validitet. Analysen viser, at elevens 

nationale test resultat i høj grad kan forklare elevens nationale test resultat på senere klassetrin samt 

9. klasses afgangskarakterer. For eksempel forklarer elevens 6. klasses nationale tests 48-51% af 

variationen i afgangskarakteren i dansk og matematik. Derudover er korrelationen mellem de 

nationale test og afgangskarakteren i skiftlig dansk, læsning og stavning højere end korrelationen 

med mundtlig dansk og skriftligt essay, hvilket er i overensstemmelse med de profilområder, som 

de nationale test er designet til at måle. Afgangseksamen vurderes af professionelle ud fra et sæt 

fælles mål og måler færdigheder, der er anerkendt som vigtige for elevernes videre uddannelse og 

arbejdsliv. Den høje korrelation tyder på, at vi med de nationale test kan måle nogle af de samme 

færdigheder, og målet derfor er relevant som outcome. 
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Abstract 

Countries around the world use teacher’s aides to support students, although there is no strong 

evidence of any positive impact on student outcomes. We use a randomized trial to challenge this 

state of evidence. We compare two treatment groups—aides with and without teaching degrees—to 

a control group. With a fixed budget, assistants without formal teaching qualifications can spend 

more time in the classrooms and tend to have a greater impact on students than co-teachers with a 

formal degree. These results are consistent with the notion that the teaching dosage is important for 

the positive effect of teacher’s aides. 

 

JEL classification: I21; H52 

Keywords: School Resources; Academic Achievement; Behavior; Teacher Quality; Student–
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2    CHAPTER 1 

 

 

1.1  Introduction 

Early childhood interventions have received increasing attention as the returns on early investments 

are thought to be greater than later investments due to dynamic complementarities (Cunha et al. 

2006). Even if this is true, a practical need remains for developing a portfolio of affordable, 

effective, remediating policies for adolescents falling behind in school. Teacher’s aides may be one 

such policy option that can be applied flexibly to improve learning among adolescents who are 

otherwise falling behind. This paper investigates the impact of teacher’s aides on academic 

achievement, behavior, and adolescent wellbeing. 

Teacher’s aides provide a flexible means of reducing student–teacher ratios. They can target 

particular courses or be used in particular classes to reduce class size effectively for a period of 

time. Furthermore, different kinds of teacher’s aides can be employed, such as more qualified, 

costly co-teachers with teaching degrees or less-qualified, less-costly teaching assistants without 

degrees. In that sense, teacher’s aides can be used flexibly to implement high-dosage tutoring, 

which seems to be an important component in improving learning among adolescents who are 

otherwise falling behind (Cook et al. 2014; Fryer 2014; see also Bloom 1984). 

The use of teaching assistants has increased in many Western countries. In England, the number of 

teaching assistants has tripled since 1997, and they comprised 24% of the mainstream school 

workforce in 2011 (Blatchford, Russell, and Webster 2012: 5-6). But there is also substantial 

intercountry variation. In Iceland, the teacher–teaching assistant ratio is 4:3; in Italy 60:1 (OECD 

2014: 285). 

Despite widespread use, intercountry variation, and the flexibility of the instrument, few studies 

have examined the impact of teacher’s aides and those that do fail to find any positive effects. 

Previous research largely indicates that teacher’s aides are primarily used in disadvantaged schools 

or classrooms (Cook et al. 2011; Murawski and Swanson 2001). A recent large-scale British study 

reported negative associations between the use of paraprofessional teaching assistants and student 

performance (Blatchford, Russell, and Webster 2012). In a quasi-experimental study, Leuven et al. 

(2007) exploit a Dutch allocation rule for extra teacher resources in schools with a high proportion 

of disadvantaged minority students. They find no evidence of extra teacher resources having any 

positive impact on student achievement. Yet there exists only one large-scale, resource-based 
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intervention—the Student Teacher Achievement Ratio (STAR) field experiment—the evaluation of 

which reveals no significant effects of teacher’s aides.
1
 

We contribute to this line of research by studying the impact of two variations of teacher’s aides 

based on a large-scale, randomized experiment in sixth grade classrooms in Denmark. One 

treatment uses less-expensive teaching assistants without teaching degrees who, according to 

collective agreements, require less preparation time. For a fixed budget, this treatment maximizes 

the time spent with students in the classroom, as the assistants spend 14.5 lessons per week per 

class. The second treatment uses more expensive co-teachers with teaching degrees who, for the 

same budget, spend 10.5 lessons per week per class. As in many field experiments, the external 

validity and general equilibrium effects of the trial will depend on the supply and demand for 

teacher’s aides if the intervention is scaled up. By comparing two randomly allocated types of 

teacher’s aides, however, this study provides evidence on the trade-off between more qualified co-

teachers and less qualified assistants with more time in the classroom. In this study, both co-

teachers and assistants have some preparation time and mainly support academic achievement, only 

performing limited practical support. 

Randomization is conducted at the school level to avoid spill-over effects between classrooms with 

different kinds of teacher’s aides and is based on stratification by schools’ predicted outcomes. Our 

sample includes 105 schools and 249 classrooms, and the randomization procedure results in 35 

schools (1,814 students) allocated to the co-teacher intervention, 35 schools (1,610 students) 

allocated to the teaching assistant intervention, and 35 schools (1,789 students) allocated to the 

control group. In order to examine the effect of the teacher aide intervention, we combine survey 

data with Danish register data, including student IT-based, self-scoring tests, and school enrollment 

statistics. This enables us to track students who change schools and still include their outcomes in 

the analysis as well as to make detailed attrition analyses. We collect pre- and post-survey data 

among students, and we survey teachers, teacher’s aides, and school principals to monitor 

implementation during the intervention period. 

                                                 

1
 It should be mentioned that STAR children were much younger than the students in our study. For a detailed 

description of the experiment, implementation, and main results of STAR, see e.g. Mosteller (1995), Gerber and Finn 

(2001), and Schanzenbach (2006). 
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We find statistically significant intention-to-treat effects on reading scores but insignificant effects 

on math scores. This reflects how the main emphasis in Danish compulsory education is on reading 

proficiency: more lessons are allocated to language arts compared to math, and teacher’s aides 

spend 50% more time in language arts than math classes. Our intervention scales up this gap. The 

effects tend to be greater when resources are spent on teaching assistants without teaching degrees 

who—for the same cost—can spend more time in class than co-teachers with teaching degrees. 

Together, this supports the notion that tutoring dosage is an effective component in increasing 

learning among adolescents who are falling behind (Cook et al. 2014; Fryer 2014). Effect sizes are 

generally larger for students from disadvantaged backgrounds and, importantly, seem to persist at 

the 30-month follow-up. We therefore suggest that any conclusion that the use of teacher’s aides is 

ineffective is premature. 

We find no statistically significant average treatment effects on student wellbeing and behavior as 

measured by the Strengths and Difficulties Questionnaire (SDQ) (Goodman 1997) and other 

wellbeing indices. Based on the available population-wide register data, however, we document that 

this lack of impact may be somewhat driven by the attrition of disadvantaged students in the control 

group, who are less likely to answer the survey used to measure wellbeing and behavior. 

Population-wide registries suggest a significantly negative average treatment effect on contact with 

the police, violence, and other crime-related outcomes. 

The paper unfolds as follows: Section 2 describes the institutional setting in which the teacher’s 

aide intervention is implemented as well as the intervention itself. Section 3 presents the data used 

for the empirical analysis, including balancing tests between treatment and control groups as well as 

analysis of attrition. Next, section 4 describes the estimation strategy, and section 5 presents the 

results of the analysis of the impact of the teacher’s aide interventions on student achievement, 

wellbeing, and behavior. Finally, section 6 discusses treatment compliance and dosage, while 

section 7 concludes. 

1.2 Institutional Setting and Experimental Design 

1.1.1 Elementary School in Denmark 

For the students in this study, education was compulsory from the calendar year in which the child 

turned seven until completing ninth grade. Prior to first grade there was an optional 1-year 
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preschool class with 83% enrollment in 2005 (UNI-C 2012). After completing ninth grade, a 

student can enroll in either high school or vocational school. The preschool class, compulsory 

education, and post-compulsory education are free of charge at public schools, but private schools 

and boarding schools charge tuition fees. The experiment took place in the public school, which 

catered to 83% of the relevant sixth grade cohort (15% enrolled at a private or boarding school and 

2% at a segregated special school). 

Students are divided into classes when entering preschool and typically remain in the same class 

until grade nine if they do not change schools. The maximum class size, regulated by national law, 

is 28 students. In preschool, students are taught by a classroom teacher, whereas they are taught by 

subject-specific teachers from first to ninth grade. The same subject-specific teacher typically 

follows the students through several grades. There are no legal regulations as to the organization of 

teachers across grades. However, many schools are informally divided into age groups: preschool to 

third grade, fourth to sixth grade, and seventh to ninth grade. Most schools provide education until 

grade nine, but there are some small schools that only offer education until grade six or seven, with 

the students then finishing their compulsory schooling at another school. 

The school year consists of 200 school days from early August until late June. The minimum 

number of lessons taught in the humanities (338 hours/year on average across grades 4–6) is almost 

twice the minimum in the sciences (171 hours/year). The actual number of lessons offered is 

decided at the municipal level.
2

 In both public and private schools, students complete the 

compulsory centralized final exams at the end of grade nine (around age 16). 

1.1.2 Intervention 

The intervention consists of assigning a teacher’s aide to the sixth grade classroom in all of the 

classes at a given school. Previous research suggests that class-size reductions are more effective at 

early grade levels than later levels (Nandrup 2016). Teacher’s aides are thought to be more flexible, 

however, thus constituting a potential remediation policy to improve outcomes among adolescents 

who are falling behind in school. The intervention is in place for roughly 85% of the school year, 

from October 1, 2012 to June 20, 2013. The intervention and control groups were announced on 

August 15, 2012, leaving the schools 1.5 months to search for and employ the respective teacher’s 

                                                 

2
 For further detail, see the Danish Public School Act. 
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aides. The timeline of initiation, announcement, and implementation of the experiment is found in 

Table A1 in Appendix A. The objective of the intervention is to improve academic achievement as 

well as wellbeing and behavior. 

Deciding what kind of teacher’s aide to employ involves a trade-off between more qualified, 

experienced, and costly teacher’s aides versus less-qualified, less experienced, and less costly aides. 

Our study examines the impact of two types of teacher’s aides, varying in terms of qualifications 

and time intensity: 

1) A co-teacher with a teaching degree (minimum 10.5 lessons/week/class)  

2) A teaching assistant without a teaching degree (minimum 14.5 lessons/week/class) 

The treatments are equally costly ($25,000 per class), and the impact assessment therefore indicates 

which treatment is most cost-effective. If high intensity is more important than high qualifications, a 

teaching assistant will be more cost-effective than a co-teacher with a degree; and vice versa if 

qualifications are more important than intensity. 

The co-teacher intervention represents a reduction in the student–teacher ratio by 27%, while the 

teaching assistant intervention represents a reduction by 34%.
3
 In budgetary terms, these changes 

correspond to class-size reductions from 22 to 16 students and from 22 to 14.5 students, 

respectively, which is almost identical to the changes applied in STAR. A growing body of 

evidence indicates that smaller classes benefit student achievement (Chetty et al. 2011; Fredriksson, 

Öckert, and Oosterbeek 2013; 2015; Krueger 1999).
4
 Based on this evidence, we might expect the 

teaching assistant intervention to be more effective at improving student achievement than the co-

teacher intervention. Moreover, prior research has shown that class-size reductions are more 

beneficial for students from disadvantaged backgrounds (Angrist and Lavy 1999; Browning and 

Heinesen 2007; Fredriksson, Öckert, and Oosterbeek 2013). However, existing research also 

suggests that teacher quality is important. Prior research on teacher value-added finds substantial 

short- and long-term impacts of being assigned a high value-added teacher for 1 year (Aaronson et 

al. 2007; Chetty et al. 2014), while research on teacher experience indicates that experience up to at 

                                                 

3
 These numbers are based on an assumption of 28 lessons/week and a student–teacher ratio of 22:1 without the 

treatment (a lesson lasts 45 minutes). 
4
 This is not found in Norway, though (Leuven, Oosterbeek, and Rønning 2008). 
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least 5 years improves middle school achievement and behavior (Ladd and Sorensen, forthcoming). 

On this background, we might expect the graduate teacher to be more effective at improving student 

achievement than the teaching assistant. 

The requirements in terms of how to make effective use of the teacher’s aides were extremely 

flexible, allowing the school principal to take into account the particular group of students in each 

relevant sixth grade cohort. Table 1 reports the minimum requirements set by the experimental 

protocol along with the actual intensity, tasks, and qualifications of the teacher’s aides as reported 

on surveys collected from school principals, teachers, and the aides themselves. On average, the co-

teachers spent 11.6 lessons per week per class (SD = 3.4) and the teaching assistants spent 20.7 

lessons per week per class (SD = 8.9). On average, they spent more time per class than the 

minimum requirement because the hired personnel were less costly than predicted in terms of salary 

and centrally negotiated preparation time. Teacher’s aides were present in most language arts and 

math lessons; on average, they were present in 4.5 language arts lessons and three math lessons per 

week per class. 

In stark contrast to STAR, the teacher’s aides in our study mainly supported academic achievement 

and did not supply much practical support.
5
 In the post-survey, teachers are asked to state the 

primary duty of the teacher’s aide in four categories of support related to: i) academic achievement, 

ii) wellbeing and behavior, iii) special education needs, and iv) practical support. Table 1 shows the 

distribution of responses. About 80% of the teachers answer that the primary task of the teacher’s 

aides was to improve student achievement or wellbeing (avoiding conflict and the like), with 74% 

stating that the primary duty of the co-teacher with a teaching degree was to improve student 

achievement. Less than 11% of the teachers answer that the primary task of the teacher’s aide is 

practical support. Teacher’s aides holding a teaching degree are denoted co-teachers, as they are 

expected to co-organize preparation time as well as classroom teaching (union-negotiated). The 

survey reveals that 75% of the co-teachers participate in both preparation (team meetings) and 

teaching. Conversely, the teaching assistants are mainly expected to take part in classroom teaching. 

The survey reveals that 32% of the teaching assistants participate in preparation for class together 

with the teacher. Table 1 also describes how the teacher’s aides actually work in the class. While 

                                                 

5
 Teacher’s aides spend 30% of their time doing instructional tasks and 70% of their time on other tasks (e.g. paper 

work, grading, lunch duty) in STAR (Gerber and Finn 2001). 
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co-teachers are used for ordinary classroom teaching as well as teaching groups of students either 

inside or outside the classroom, teaching assistants are mainly used for the latter. Three-quarters of 

the aides report spending time on handling conflicts and other disruptions among students. 

However, there are some disagreements between aides’ and teachers’ reports as to whether the aides 

spend time handling conflicts and disruptive students.  

The co-teachers and teaching assistants have different levels of qualifications and experience, as 

seen in the bottom of Table 1, which most likely affects their approaches to interacting with the 

students. Co-teachers have on average 6.7 years of teaching experience, and teaching assistants 3.4 

years. Co-teachers’ main subjects of specialization are: language arts (42%), math (27%) or special 

educational needs (25%). Teaching assistants have no teaching degree, but instead various 

educational backgrounds (29% social educator, 16% college education, 12% assistant social 

educator, 9% student teacher, 13% high school graduates, and 20% others). Co-teachers have higher 

grades from high school and lower secondary school than teaching assistants. 

  



1.2 Institutional Setting and Experimental Design 9 

 

 

 

TABLE 1. TEACHER’S AIDES TASKS AND QUALIFICATIONS 

  
Co-teacher  

w/degree 

Teaching assistant  

w/o degree 

   
Lessons/week/class (N = 163 classes) 

  
Minimum requirement 10.5 14.5 

Actual (principal-reported) 11.6 (3.4) 20.7 (8.9) 

Actual (aide-reported, total) 9.4 (5.0) 17.9 (7.5) 

Actual (aide-reported, sum across subjects) 10.0 (9.0) 16.0 (11.9) 

Language arts lessons (aide-reported) 4.6 (5.6) 4.7 (3.6) 

Math lessons (aide-reported) 3.2 (3.1)  3.1 (2.4) 

Satisfy minimum requirement (principal-reported) 70 classes 71 classes 

   

Main objective (aide-reported/teacher-reported) 
  

Primary duty: academic achievement 75%/74% 63%/53% 

Primary duty: wellbeing and behavior 10%/10% 19%/27% 

Primary duty: special education needs 4%/8% 15%/9% 

Primary duty: practical support 15%/8% 5%/11% 

  

Task in class (aide-reported/teacher-reported)  

Ordinary classroom teaching 58%/56% 9%/3% 

Handling conflicts and disruptive students 75%/53% 72%/31% 

Teaching groups of students inside the classroom 54%/73% 34%/22% 

Teaching smaller groups of students outside the classroom 42%/55% 41%/39% 

Student observations  23%/29% 34%/19% 

   

Educational background (aide-reported) 
  

Minimum requirement Teaching degree None 

Actual education (N = 153) 100% teachers 29% social educator 

  Here of 12% ass. social educator 

  42% w/ language arts degree 16% college education 

  27% w/ math degree 9% student teacher 

  25% w/ SEN degree 13% HS graduate 

  6% Other or unknown 20% Other or no 

 

 

Experience (aide-reported)  
  

Teaching experience (N = 86) 6.7 (8.1) 3.4 (3.2) 

Pedagogical experience (N = 62) 4.3 (3.0) 8.2 (5.7) 

Teaching or pedagogical experience (N = 114) 6.8 (7.8) 7.0 (5.6) 

At least 5 years of teaching experience (N = 114) 45% 24% 

New employee 76% 79% 

Age in years (N = 153)1 34.9 (9.2) 34.9 (10.3) 

   

Educational achievement in compulsory and high schoola 
  

9th grade GPA (2002–10) (N = 31) 0.64 (0.33) 0.38 (0.79) 

9th grade, language arts written exam grade (2002–10) (N = 31) 0.73 (0.55) 0.45 (0.90) 

9th grade, math written exam grade (2002–10) (N = 31) 0.47 (0.53) 0.26 (1.20) 

HS GPA (1978–2011) (N = 100) –0.02 (0.86) –0.42 (1.01) 

HS language arts written exam grade (2005–11) (N = 35) 0.00 (0.69) –0.52 (1.27) 

HS math written exam grade (2005–11) (N = 29) 0.38 (0.80) –0.25 (0.77) 

HS math study program (N = 100) 34% 25% 

Note: The table is based on non-missing survey responses from school principals, teachers, and teacher’s aides. In total, 153 teacher’s 

aides were employed (80 co-teachers and 73 teaching assistants). 118 aides responded to the pre-survey and 124 aides responded to 

the post-survey. Each aide participated on average in 2.5 classes. The actual number of lessons/week/class is calculated at the class 

level, i.e. summing the reported number of lessons from the post-survey of each aide participating in the classroom. For further 

detail, see the qualitative evaluation report to the Danish Ministry of Education (Andersen et al. 2014). N: Number of respondents. 

SEN: Special education needs. HS: High School. aBased on register data. 
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1.1.3 Randomization 

The experiment was designed as a three-level cluster randomized controlled trial at the school level 

(see e.g. Spybrook et al. 2011). This implied that students were randomly assigned to interventions, 

not as individual units but as groups of units clustered in classrooms and nested within schools. The 

Ministry of Education initiated two parallel experiments to take place during the school year 2012–

13 and invited all 98 municipalities in Denmark to participate. In total, 68 applied for participation. 

Twelve municipalities were then selected for the teacher’s aide experiment, which is the focus of 

this paper. The municipalities were not randomly selected but chosen to reflect the variation in 

municipality size, school size, and geography.
6
 

Within each municipality, schools (the randomization unit) were allocated to treatment and control 

groups by stratified randomization to increase the power of the randomized controlled trial (RCT). 

The schools were stratified based on their predicted average achievement level for the relevant sixth 

grade cohort (our subjects of interest).
7
 

The randomization resulted in 35 schools (1,814 students) being allocated a co-teacher with a 

teaching degree, 35 schools (1,610 students) being allocated a teaching assistant without a teaching 

degree, and 35 schools (1,789 students) being allocated to the control group. A total of 105 schools 

and 5,213 students were included in the experiment. Figure 1 illustrates the research design 

including student’s participation flow from enrollment to analysis. 

As described above, stratification and randomization were applied at the school level, meaning that 

if one school was treated, all of its sixth grade classes were treated. This approach was used to avoid 

spillover and other contamination effects at the school level (see e.g. discussion and power 

calculations by Schochet 2008). It is an advantage that all students at the same grade level at one 

                                                 

6
 Municipalities engaged in school consolidations and those engaged in other large experiments at the relevant point in 

time were disregarded. See Figure 1. 
7
 The stratification and randomization procedure consisted of the following three steps: i) predicting school average test 

score (stratification variable) based on multiple school and student background characteristics available from register 

data, ii) stratifying schools into the smallest possible strata based on ranking on the stratification variable, and iii) 

allocating schools to treatment and control groups randomly within each strata. Excess schools were randomly drawn 

(prior to the above, stratified randomization) and placed in the control group. A municipality with 10 schools would 

have one excess school and three strata with three schools each. To avoid contamination from student mobility and for 

other practical reasons, the excess schools were placed in the control group and completed the same set of tests and 

surveys. However, they are excluded from the analysis and will from now on be disregarded. 
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school received the same amount of additional resources, as this is considered fair and thus reduces 

parent or teacher complaints that could otherwise compromise randomization, as observed in 

STAR.
8
 The disadvantage is that it reduces the statistical power of the study, since the analysis must 

take into account the dependencies of student responses and outcomes within clusters. 

Some attrition among students was revealed at follow-up on the initial randomization. There were 

two main reasons for student attrition. First, 79 students (< 1.5% of the sample) discontinued the 

intervention because they changed schools. These students are equally distributed across 

intervention and control schools and, hence, we do not expect student mobility to be driven by the 

experiment. Second, some students have missing post-measures because they were not matched or 

did not complete the post-test or post-survey. The dominant attrition on the post-measures came 

from the student survey (13%), whereas attrition from national testing is less than 4%. Subtracting 

the number of students lost to follow-up from the number of students initially allocated to each 

experimental group resulted in the final number of students analyzed. Figure 1 illustrates this 

participation flow for each of the three main outcomes: reading, math, and SDQ scores. We return 

to define the specific response rates and balance in attrition across groups after describing the data 

and outcomes in section 3. 

  

                                                 

8
 In STAR, the randomization unit was the student (and teacher), resulting in schools having one classroom for each 

intervention. To respond to heavy parental and teacher complaints during the first year of the STAR intervention period, 

the schools re-randomized the students in the regular-sized classes with and without teaching aides after the first year. 

Furthermore, they reallocated incompatible children (6.5%) from small classes after the first year (see Mosteller 1995). 
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FIGURE 1. DESIGN AND PARTICIPATION FLOW 

 
Note: Missing data on the pre-test measures are imputed with zero and, hence, do not affect the final sample-size analyzed. 

Discontinued intervention only affects the analyzed sample size on SDQ scores (due to non-response on student survey). Reading 

and math scores are tracked through register data and are only missing if the student does not complete national testing, irrespective 

of student mobility. Students are clustered in schools and classrooms. The number of complete clusters lost from the allocation to 

analysis stage for each main outcome is: Reading (0 schools, 1 classroom), Math (0 schools, 1 classroom) and SDQ score (2 schools, 

7 classrooms). The final cluster sizes range from 8–105 students/school and 2–39 students/classroom. For outcome-specific cluster 

size range, mean. and standard deviation see Table A2 in Appendix A. Follow-up and analysis refer to the primary outcomes 

measured at the 8-month follow-up. 
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1.3 Data 

This section describes i) outcomes, ii) baseline data, and iii) response rate and attrition. In order to 

evaluate the impact of the teacher’s aide intervention, we incorporate register data from Statistics 

Denmark on national test scores in reading and math, student ID, school identifiers, and various 

background characteristics about students and their parents. We are able to link the register data 

with survey data sampled from students, teachers, teacher’s aides, and school principals through 

unique student IDs and school identifiers. All respondents were surveyed before and after the 

intervention period, typically in September 2012 and June 2013. A timeline of the implementation 

of the intervention and a complete list of the collected survey data are shown in Table A1 in 

Appendix A. 

1.1.4 Outcomes 

We integrate a combination of register and survey data to evaluate the impact of teacher’s aides on 

primary outcomes i) student achievement and ii) student wellbeing and behavior. 

Student Achievement 

Student achievement is measured using national test scores in reading and math, before and after the 

intervention period. The national tests are IT-based, self-scoring, adaptive tests.
9
 Instead of giving 

all students the same questions and summing the number of correct answers, the software estimates 

an ability measure after each question and then finds a question with a difficulty level that matches 

the contemporary measure of the student’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 students are given questions that they have a 50% probability of 

answering correctly. Thus, the final ability estimates are not a function of the number of correct 

answers but rather 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 continuous logit scale.  

                                                 

9
 For details on the national tests, see Beuchert and Nandrup (2014). 
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The test is designed to simultaneously estimate the student’s ability in three cognitive areas of each 

subject, and the algorithm alternates question testing in each of these three cognitive areas.
10

 We 

standardize the ability measures in the population within year, subject, and cognitive area (mean 0, 

SD 1) to calculate an average student ability score in reading and math. The final ability measure is 

also standardized in the population with mean of zero and an SD of one to render regression 

coefficients comparable to the effect sizes of other studies. 

The national tests are thought to primarily have a pedagogical purpose rather than an accountability 

purpose. Thus, the main purpose of the tests is to give feedback to teachers, students, and parents on 

the individual child’s ability level. In principle, the teacher can assist academically weak students 

and/or provide them with aids or breaks during tests. Unfortunately, information on assistance, aid, 

or other provisions made for these students is unavailable to researchers. In principle, the tests are 

compulsory for all students enrolled in public schools, but principals may exempt some students 

from the tests. 

Students are tested ten times from grades two to eight, and the compulsory test is administered in 

the spring. The test may also be used on a voluntary basis in the autumn. Questions are drawn from 

a large item bank, which makes it possible for a student to complete a test, for example, in reading 

in sixth grade more than once. We employ test scores from the mandatory reading and math in sixth 

grade (spring 2013) as primary post-test. This post-test is completed about 8 months after the 

beginning of the intervention.
11

 As pre-test measures, we use test scores from reading in fourth 

grade (spring 2011) and math in third grade (spring 2010).
 
At that time, the study was not yet 

planned and the test scores are not contaminated by the experiment. This is a great advantage over 

other studies that only rely on a pre-ability measure obtained from a pre-test at the beginning of the 

intervention period.
12,13

 

                                                 

10
 The three cognitive areas in reading are: 1) language comprehension, 2) decoding, and 3) reading comprehension, 

while in math they are: 1) numbers and algebra, 2) geometry, and 3) applied mathematics. 
11

 As additional follow-up tests, we take advantage of the above-described voluntary and mandatory test periods in the 

autumn and spring, respectively. Then we obtain follow-up tests at 1, 8, 13, and 30 months after the beginning of the 

intervention. The intervention lasts 9 months (October 1–June 20). The 30-month follow-up corresponds to the 

students’ mandatory national tests in eighth grade (spring 2015). 
12

 Schochet (2010) formally discusses the pros and cons of using different pre-test scores. A related concern to the 

choice of pre-ability measure is potential contamination if the students at the control and intervention schools 

systematically differ in their test-taking patterns. Figure A1 in Appendix A shows the distribution of test session dates 
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Student Wellbeing and Behavior 

Wellbeing and behavior are measured using student survey data sampled before and after the 

intervention period.
14

 First, behavior is measured using the students’ self-reported answers to the 

SDQ,
15

 which is a validated questionnaire measuring five subscales, each including five items: 1) 

emotional problems, 2) conduct problems, 3) hyperactivity, 4) peer problems, and 5) pro-social 

scale. The score of each subscale ranges between 0 and 10, and the sum of subscales 1–4 generates 

a total difficulties score between 0 and 40 (a high score corresponding to a high level of difficulty). 

Subscale 5, which is a measure of strengths, is reversed. The total difficulty score is divided into 

three categories: normal, borderline, and abnormal.
16

 We define an outcome measure equal to one if 

the student is above the borderline cutoff on SDQ score and zero otherwise. Second, student 

wellbeing is measured using an index that gauges wellbeing in the class (range 3–15) based on three 

items from the Danish Centre of Educational Environment, which assesses student wellbeing in 

school. As additional outcomes, we employed register data to measure contacts with the police. We 

describe these measures in further detail below when relevant. 

1.1.5 Baseline Data 

The study includes a set of background variables reflecting the socioeconomic circumstances of 

students and their parents as well as previous student achievement. Table 2 shows these baseline 

background characteristics of students by experimental group. Columns 1–3 present students’ 

average characteristics by experimental group, while columns 4–6 present p-values from pairwise 

balancing tests of equal average characteristics. 

Overall, the students in the control and treatment groups are very similar. There are no substantial 

differences in the pre-tests on student behavior or achievement in the schools included, although we 

do note a rather large mean score on the math pre-test among the students assigned a teaching 

                                                                                                                                                                  

by test and experimental groups. A graphical inspection of Figure A1 confirms that the timing of test-taking among 

control and treatment students is similar in the pre-tests from earlier grades and the primary post-tests. Similar figures 

for the supplementary follow-up tests at 1, 13, and 30 months are available on request. 
13

 Results on reading and math scores are robust when conditioning on students tested in May and June 2013. 
14

 Figure A2 in Appendix A confirms that the vast majority of students complete the student survey before the 

beginning of the intervention and with similar timing across all experimental groups. 
15

 See Goodman (1997) and visit sdqinfo.org for more details. 
16

 In Denmark, no official norm exists for children’s self-reported scores. This paper employs the norm for children 

aged 12 in the UK, where 10% of children score abnormal and 10% score borderline (see sdqinfo.org). 
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assistant. To check that schools allocated a teaching assistant do not have higher academic 

achievements in general, we compare the schools’ average national test scores of previous sixth 

grade cohorts. The three previous cohorts uncover no systematic differences in mean reading and 

math scores by experimental group. We also consider other characteristics of the sixth grade cohort. 

There are no significant differences in the size of the schools measured in terms of the number of 

students and classes in the sixth grade cohort. Moreover, the experimental groups are also almost 

balanced in terms of average student background (students with ADHD or similar diagnoses, 

immigrants, single mothers, and parents’ income and education levels), and the school principal 

(gender, perceived quality of the teaching staff, and priorities). This reinforces our confidence in a 

successful randomization procedure and research design.
17

 

Another potential concern is whether schools from across the whole distribution are present in each 

of the experimental groups (i.e. that those schools allocated to specific interventions are neither 

positively nor negatively selected). Figure A3 in Appendix A graphically illustrates the predicted 

school average test score distribution by experimental group. Taken at face value, Figure A3 

suggests that the schools treated with a co-teacher and teaching assistant may be a bit negatively 

selected. To check this further, we employ two non-parametric tests: the two-sample Kolmogorov-

Smirnov test and the Wilcoxon rank-sum test. Both tests failed to reject the null hypothesis with p-

values above 0.10 in all two-by-two experimental group comparisons, thus supporting our previous 

conclusions that the randomization was successful.
18

 

  

                                                 

17
 We also test the joint orthogonality based on an OLS regression of each of the treatment indicators on the vector of 

covariates followed by an F-test that the coefficients are jointly zero. The F-test statistics (p-values) are 1.6 (0.043) for 

the control group, 1.2 (0.241) for the co-teacher group, and 1.3 (0.182) for the teaching assistant group. 
18

 The Kolmogorov-Smirnov two-sample tests the null-hypothesis that the test score distributions of two groups of 

schools are equal. The resulting p-values are as follows: co-teacher = control (p-value 0.139); teaching assistant = 

control (p-value 0.595); and co-teacher = teaching assistants (p-value 0.595). The Wilcoxon rank-sum test the null-

hypothesis that the two groups of schools are random draws from a single population. The resulting p-values are: co-

teacher = control (p-value 0.348); teaching assistant = control (p-value 0.517); co-teacher = teaching assistant (p-value 

0.652). 



1.3 Data 17 

 

 

 

TABLE 2. BASELINE DATA  

  Means and percentages   Balancing tests (p-values) 

 (1) (2) (3)  (4) (5) (6) 

  
Control 

group 

Co-teacher 

w/degree 

Teaching 

assistant w/o 

degree 

  
Control = 

Co-teacher 

Control = 

Teaching ass. 

Co-teacher = 

Teaching ass. 

6th grade cohort: Behavior and achievement              

Pre-tests               
SDQ score, autumn 2012 9.068 9.739 9.301   0.014 0.391 0.121 

Reading 4th grade, spring 2011 –0.006 0.038 0.051   0.111 0.126 0.769 

Math 3rd grade, spring 2010 –0.010 -0.019 0.079   0.836 0.083 0.275 

Previous 6th grade cohorts               

Reading 6th grade, spring 2012 –0.084 0.041 -0.032   0.004 0.161 0.035 

Reading 6th grade, spring 2011 –0.024 -0.055 -0.025   0.732 0.895 0.871 

Reading 6th grade, spring 2010 –0.022 -0.011 -0.008   0.412 0.975 0.665 

Math 6th grade, spring 2012 0.026 0.048 -0.012   0.374 0.789 0.075 

Math 6th grade, spring 2011 0.007 0.028 0.047   0.495 0.368 0.833 

Math 6th grade, spring 2010 –0.026 0.044 -0.032   0.016 0.698 0.001 

       

6th grade cohort: School size               

No. of students 60.66 60.12 56.39   0.977 0.200 0.156 

No. of classes 2.87 2.69 2.65   0.320 0.108 0.456 

No. of students per class 21.69 22.42 21.12   0.254 0.342 0.034 

       

6th grade cohort: Student characteristics       

ADHD and similar diagnoses 0.030 0.030 0.034   0.949 0.729 0.773 

Special education needs 0.104 0.123 0.152   0.149 0.001 0.037 

Non-Western immigrants 0.019 0.014 0.020   0.137 0.683 0.013 

Non-Western descendants 0.107 0.092 0.086   0.907 0.484 0.580 

Single mothers 0.239 0.243 0.227   0.892 0.175 0.042 

Mother’s age at birth (years) 29.021 29.166 28.920   0.048 0.524 0.034 

Mother’s income (DKK 10,000) 24.856 25.293 24.948   0.171 0.909 0.140 

Both parents, compulsory schooling only 0.105 0.105 0.084   0.614 0.097 0.059 

Both parents, no college degree 0.593 0.592 0.566   0.322 0.225 0.401 

Fathers' employed 0.795 0.792 0.796   0.968 0.687 0.946 

       

Principal characteristics                

Male 0.650 0.529 0.580   0.278 0.762 0.531 

Quality of teaching staff (score 1–5) 4.021 3.844 4.007   0.024 0.841 0.167 

Quality of teaching staff: Excellent 0.132 0.057 0.105   0.083 0.655 0.452 

Priorities: Which of the following three are the 

most important at your school?               

Students’ national test scores 0.078 0.048 0.000   0.476 0.019 0.113 

Inclusion of students with special needs in the 

ordinary classroom teaching 0.204 0.144 0.153   0.381 0.307 0.982 

Students’ general wellbeing at school 0.718 0.808 0.847   0.204 0.034 0.552 

No. students 1,789 1,814 1,610   3,603 3,399 3,424 

No. schools 35 35 35  70 70 70 

Note: Columns 1–3 present students’ average characteristics by experimental group. Columns 4–6 present p-values from pairwise 

balancing tests of equal average characteristics. Balancing tests are performed by a series of t-tests from regressing each covariate on 

the treatment indicator with randomization strata fixed effects and clustering at the school level. School level is determined by the 

student’s initial school allocation (August 2012). Student, parent, teacher, and principal characteristics are obtained from register data 

and survey data collected before the beginning of the intervention. Test scores are standardized in the population with mean zero and a 

standard deviation of one within each year, grade, and subject. SDQ score ranges from 0–40. Missing data are imputed with the value 

zero. 
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1.1.6 Response Rates and Attrition 

Table 3 shows response rates across experimental groups. For each of the experimental groups, the 

response rate of the pre- and post-student survey on wellbeing and behavior are more than 90% and 

78%, respectively. The response rates on the national tests are generally very high, and the response 

rates on the primary national test outcomes (i.e. the 8-month tests) are more than 95%. 

TABLE 3. RESPONSE RATES 

        Response rate 

Outcomes Data source Test period N Total 
Control 

group 

Co-teacher 

w/ degree 

Teaching 

assistant w/o 

degree 

Wellbeing and 

behavior 

  

Student pre-survey  Sep. 2012 4,953 95% 90% 98% 97% 

Student post-survey June 2013 4,467 86% 78% 90% 89% 

Student 

achievement  

National test, reading:             

- 4th grade+  Feb.–April 2011 4,967 95% 94% 95% 96% 

  - 1-month test Oct.–Nov. 2012 4,859 93% 87% 96% 97% 

  - 8-month test+ Jan.–June 2013 5,018 96% 96% 96% 97% 

  - 13-month test Oct.–Nov. 2013 2,741 53% 30% 66% 62% 

  - 30-month test+ Feb.–April 2015  4,601 88%  88%  88%  90%  

  National test, math:             

  - 3rd grade+ Feb–April 2010 4,494 86% 85% 87% 87% 

  - 1-month test Oct.–Nov. 2012 4,824 93% 86% 96% 96% 

  - 8-month test+ Jan.–June 2013 4,996 96% 96% 95% 96% 

  - 13-month test Oct.–Nov. 2013 2,622 50% 32% 66% 52% 

 
- 30-month test+* Feb.–April 2015 4,648 89% 88% 90% 91% 

Note: The primary outcomes measuring student achievement are test scores measured in the 8-month tests. +From the mandatory 

national test program. *Natural sciences. 

Although the response rates for primary outcomes are high, one concern might be that treatment 

effects suffer from attrition bias. Only a few students drop out or change schools before (7 students) 

or during (72 students) the intervention period. Nevertheless, there may be other sources of 

systematic attrition due to missing pre- or post-measures. We have a unique opportunity to assess 

the importance of such attrition due to the availability of detailed register data for all students with a 

valid ID number. In Tables A3 and A4 in the Appendix, we analyze how post-test score and post-

SDQ score attrition correlate with treatment assignment. Two conclusions are drawn from the 

attrition analyses. 

First, reading and math scores are obtained from existing register data and a priori we would not 

expect attrition to be systematically related to the treatment. This is confirmed by Table A3 showing 

no correlation between student attrition and either of the treatment indicators on the 8-month tests 

(primary outcomes). Table A3 reveals that students with special education needs (SEN), grade 

retention, absence, and students who drop out or have a non-valid ID are more likely to attrite, 
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(columns 4 and 8). Importantly, additional analyses show that this does not systematically differ 

with treatment assignment (not shown). The 1- and 13-month follow-up tests are supplementary to 

the mandatory national testing program. Even through the schools were required to complete these, 

we obtain lower response rates and attrition analyses unfortunately reveal that response rates are 

correlated with treatment assignment and student background.
19

 The main analyses are therefore 

based on the 8-month tests, which are measured with the mandatory test program in the end of the 

intervention period and unaffected by attrition (this was also specified as the primary outcome in 

the pre-analysis plan). The 30-month tests are also part of the mandatory national test program and 

do not suffer from systematic attrition.
20

 

Second, SDQ score data are derived from the student survey administered in the schools 

participating in the experiment. Attrition in post-SDQ scores is correlated with treatment 

assignment, as students assigned to a co-teacher intervention or a teaching assistant intervention are 

10–12% less likely to have missing post-SDQ scores (see Table A4, column 1). This correlation 

wanes after adding control variables but remains significant for students assigned to a co-teacher 

with a teaching degree. This may be due to the fact that the additional resources available to the 

treatment group facilitate having all of the students fill out the questionnaires (including the 

disadvantaged students), or it may simply be because the teachers in the treatment group are more 

aware that filling out the survey is important for the experiment to be useful. This systematic 

attrition potentially leads to an understatement of the estimated treatment effect on wellbeing and 

behavior if the disadvantaged students are underrepresented in the control group. With this caveat in 

mind, we estimate bounds accounting for selective attrition and explore alternative register-based 

outcomes that measure wellbeing and behavior and are not contaminated by this potential attrition 

bias. 

  

                                                 

19
 Students assigned either of the teacher’s aides are about 10 and 30 percentage points more likely to complete the 1- 

and 13-month supplementary tests, respectively (see Table 3). We therefore disregard the 13-month tests. 
20

 Students’ completion of the 30-month tests are uncorrelated with treatment assignment after controlling for student 

pre-test score and randomization-strata. One exception, though, is that students assigned a teaching assistant are 2 

percentages points more likely to complete at least one of the 30-month tests in the natural sciences. The attrition 

analyses are available on request. 
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1.4 Estimation Strategy 

The randomization design provides our source of identification. With all students completing a pre- 

and a post-test, a simple evaluation would be to calculate the difference between the means of 

student test scores in the treatment and control groups. However, this approach does not take into 

account the features of the research design. 

We estimate a regression model with the student’s post-test score as the outcome variable on two 

0/1 treatment indicators (one for each of the two teacher’s aide interventions: co-teacher with a 

teaching degree and teaching assistant), the student’s pre-test score, and 35 randomization-strata 

indicators. The model equation is written as follows and estimated by ordinary least squares with 

clustering at the school level: 

𝑦1,𝑖𝑠𝑟 = 𝛼 + 𝛽1𝑇𝐶𝑠 + 𝛽2𝑇𝐴𝑠 + 𝜕1𝑦0,𝑖𝑠𝑟 + 𝛾𝑟 + 𝜀𝑖𝑠𝑟,  

where y is the outcome variable for individual i, in school s, in strata r. The indicator variable TC is 

equal to one if the school, s, is randomly assigned to the co-teacher intervention, while TA is equal 

to one if the school, s, is randomly assigned to the intervention with a teaching assistant. y0 is the 

outcome variable measured prior to the intervention, i.e. a measure of student i’s pre-test score. 𝛾𝑟 is 

a randomization-strata fixed effect and ε is the error term. 

The effect of each of the three interventions is identified by the random assignment of schools. The 

average treatment effect of being enrolled in a school with TCs = 1 compared to being enrolled in a 

control school is measured by the parameter, 𝛽1. The least squares estimate of 𝛽1 is an unbiased 

estimate of the average effect of a co-teacher due to random assignment, which ensures that 

𝐸[𝜀𝑖𝑠|𝑇𝐶𝑠] = 0. The same is true for the ordinary least squares estimates of 𝛽2. 

The indicator variables TC and TA are equal to one if the student is enrolled at a school in the 

respective treatment groups in August 2012. The regression coefficient on the indicator variable is 

then interpreted as the intention-to-treat effect of the respective intervention compared to students at 

the control schools. Controlling for students’ pre-test scores reduces the variance in the outcome 

variables and lowers the number of schools required in the sample to obtain a given minimum 
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detectable effect size.
21

 Schools were stratified and randomized within municipalities. A strata-level 

fixed effect, 𝛾𝑟, is included so that effects of teacher’s aides are identified within-randomization 

strata comparisons. Finally, standard errors are clustered at the school level to take into account that 

students are clustered in schools and that schools are the randomization unit. In section 5.3, we 

check the robustness of the results in a first-difference model and in various model specifications 

expanding the conditioning set with baseline student and school characteristics. 

1.5 Results 

This section presents average and heterogeneous effects for each of the primary outcomes, followed 

by average effects on a set of exploratory outcomes.
22

 Furthermore, we discuss the robustness of the 

results and possible contributions to attrition in measures of wellbeing and behavior. 

1.1.7 Results: Student Achievement 

Table 4 presents the average treatment effect on student achievement in reading and math. Since the 

reading and math scores are standardized with mean zero and an SD of one, the treatment effects 

are directly interpretable as effect sizes. 

Columns 1–3 show the results on reading and by gender. The effects of a co-teacher and teaching 

assistant interventions are significantly positive for reading. Students assigned to the intervention 

with a co-teacher with a teaching degree improved their reading scores by 8.6% of an SD compared 

to students in the control group. Students assigned to a teaching assistant with no teaching degree 

improved their reading scores by 13.1% of an SD. However, the effect of having a co-teacher 

compared to a teaching assistant is not significantly different (see bottom panel in Table 4). Point 

estimates on the co-teacher intervention are slightly larger for girls, although the gender gap is not 

statistically significant. There are no gender differences in the point estimates on the teaching 

assistant. Cook et al. (2015) study individualized high-dosage tutoring and find a test score impact 

of 6% of an SD per $1,000 spending per child, arguing that this is a large immediate effect as 

                                                 

21
 The initial sample size and power calculations are conditional on the inclusion of pre-ability measures and based on 

an intra-class correlation (ICC) in reading scores of 0.15. Based on the realized sample size and the in-sample estimate 

of ICC, we find that the minimum detectable effect sizes (MDE) are lower than expected: 0.06 for reading scores, 0.08 

for math scores, and around 0.05 for SDQ scores. The post-power calculations are available on request. 
22

 Table A6 in Appendix A provides evidence that the estimation samples, for each of the three primary outcomes, are 

balanced across experimental groups in terms of baseline characteristics. 



22    CHAPTER 1 

 

 

compared to e.g. STAR, Head Start, and Perry Preschool. Our estimates translate to 7.6% and 

11.5% of an SD per $1,000 spending per child. 

Columns 4–6 show the results on math. We find no significant improvements in math scores from 

any of the interventions, nor specifically for boys (column 5) or girls (column 6). Due to large 

standard errors on the estimates, however, we note that we cannot reject positive impacts on math. 

The high mean math score of the control group (see bottom panel) may also suggest a tendency to 

downward bias the estimated effect on math scores. Larger effects on reading than math may also 

simply be the result of a higher priority to language arts than math in school, which is scaled-up by 

the experiment. According to the survey, aides only participated in three math lessons per week 

compared to 4.5 lessons in language arts.
 
A second explanation may be that the math qualifications 

of the co-teachers and teaching assistants are relatively low. Table 1 shows that less than one third 

completed a mathematics study program in high school and only 27% of the co-teachers have a 

teaching degree in math.  

TABLE 4. EFFECT ON READING AND MATH BY STUDENT GENDER 

  Reading 

 

Math 

  (1) (2) (3) 

 

(4) (5) (6) 

  All Boys Girls 

 

All Boys Girls 

Co-teacher w/degree 0.086*** 0.076** 0.094** 

 

0.058 0.050 0.066 

  (0.030) (0.034) (0.038) 

 

(0.050) (0.062) (0.052) 

Teaching assistant w/o degree 0.131*** 0.135*** 0.132*** 

 

0.043 0.056 0.025 

  (0.038) (0.041) (0.049) 

 

(0.054) (0.062) (0.062) 

 

Pre-test reading (4th grade) 0.745*** 0.725*** 0.766*** 

      (0.012) (0.017) (0.015) 

    Pre-test math (3rd grade) 

    

0.567*** 0.579*** 0.552*** 

  

    

(0.019) (0.021) (0.026) 

Pre-test missing (0/1) –0.604*** –0.715*** –0.465*** 

 

–0.148*** –0.197*** –0.095 

  (0.082) (0.111) (0.109) 

 

(0.050) (0.068) (0.065) 

H0: Co-teacher = Teaching ass. (p-value) 0.210 0.166 0.390 

 

0.805 0.935 0.482 

Control group mean –0.005 –0.081 0.075 

 

0.062 0.073 0.050 

Adjusted R-squared 0.602 0.597 0.606 

 

0.350 0.354 0.341 

No. students 5,018 2,568 2,450 

 

4,996 2,562 2,434 

No. schools 105 105 105  105 105 105 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effect and the pre-test. The pre-test is imputed with the value zero and a missing-indicator equal to one 

added if data on the pre-test is missing. Standard errors in parentheses are clustered at the school level. 
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Table 5 tests whether the results on student achievement in reading and math are heterogeneous 

across parental education: compulsory schooling only, none of the parents hold a college degree, 

and at least one parent holds a college degree.
23

 Columns 1–3 show the results on reading. Students 

of parents with no more than compulsory schooling who are assigned to the teaching assistant 

intervention significantly improve their reading score by approximately one quarter of an SD. In 

comparison, the teaching assistant has no significant effect on the reading scores of students who 

have at least one parent with a college degree. This implies that the teaching assistant closes more 

than a third of the achievement gap that initially exists between students of parents with no more 

than compulsory schooling and average students (the achievement gap is –0.62 SD, see bottom of 

Table 5). It is thus a relevant alternative to high-dosage tutoring (Cook et al. 2015), higher teacher 

quality (Chetty et al. 2014), lower class size (Fredriksson et al. 2013), or higher teacher experience 

(Ladd and Sorensen, forthcoming), all of which are known to be effective remediating policies for 

disadvantaged middle school children. 

TABLE 5. EFFECT ON READING AND MATH BY PARENTAL EDUCATION 

  Reading 

 

Math 

  (1) (2) (3) 
 

(4) (5) (6) 

  
Compulsory 

schooling only 

No college 

degree 

At least one 

college 

degree 
 

Compulsory 

schooling only 

No college 

degree 

At least one 

college 

degree 

Co-teacher w/degree 0.060 0.092** 0.073** 

 

0.259* 0.050 0.065 

  (0.098) (0.037) (0.031) 

 

(0.141) (0.056) (0.055) 

Teaching assistant w/o degree 0.223** 0.177*** 0.048 

 

0.120 0.043 0.010 

  (0.107) (0.047) (0.037) 

 

(0.149) (0.058) (0.063) 

 

Pre-test reading (4th grade) 0.639*** 0.706*** 0.745*** 

      (0.033) (0.015) (0.017) 

    Pre-test math (3rd grade) 

    

0.470*** 0.544*** 0.552*** 

  

    

(0.065) (0.025) (0.023) 

Pre-test missing (0/1) –0.990*** –0.699*** –0.333** 

 

–0.372*** –0.258*** 0.050 

  (0.164) (0.095) (0.133) 

 

(0.121) (0.061) (0.066) 

H0: Co-teacher = Teaching ass. (p-value) 0.118 0.056 0.491 

 

0.320 0.908 0.424 

Control group mean –0.621 –0.245 0.335 

 

–0.484 –0.135 0.342 

Adjusted R-squared 0.480 0.559 0.598 

 

0.217 0.320 0.329 

No. students 448 2,898 2,120 

 

445 2,879 2,117 

No. schools 101 105 105  101 105 105 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effects and the pre-test. The pre-test is imputed with the value zero and a missing indicator equal to one 

added if data on the pre-test is missing. Standard errors in parentheses are clustered at the school level. 
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 The sub-samples of boys, girls, and all students when split by parental education are balanced across experimental 

groups in terms of baseline characteristics. See Table A7 in Appendix A. 
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At the bottom of Table 5, p-values indicate that the difference between the treatment effects of co-

teachers and teaching assistants on reading scores are borderline statistically significant for students 

of parents only holding a compulsory education. This means that mainly the teaching assistants 

without teaching degrees improve their reading scores. It may suggest that higher dosage or 

complementary teacher inputs are particularly beneficial in such families. We will later see that this 

impact actually lasts after the intervention period. 

Columns 4–6 in Table 5 show the results for math. We find that students of parents with no more 

than compulsory schooling who are assigned to the co-teacher intervention significantly improve 

their math score by approximately one quarter of an SD. Due to large standard errors on the 

estimates on math scores there are no additional significant or heterogeneous effects for math. 

However, one interesting pattern emerges. When comparing the point estimates on reading and 

math in Table 5, we see that the relative magnitude of co-teachers and teaching assistants is 

reversed, and co-teachers with a teaching degree seem to have the greatest impact on math scores 

among the most disadvantaged students (see columns 4–6). As argued below, these opposite 

impacts of aides on reading and math for the most disadvantaged students may reflect a 

combination of different teaching technologies and different use of the aides in language arts and 

math. 

First, as suggested by scholars (see discussion in Murnane, Sawhill, and Snow 2012), middle school 

reading skills are improved through knowledge and conceptualizing, which can also be facilitated 

by others, e.g. parents. Teaching assistants with other educational backgrounds may facilitate this 

just as well. In contrast, math is considered more instruction-intensive and middle school math 

scores have proven particularly sensitive to teacher experience (see Ladd and Sorensen, 

forthcoming).
24

 Table 1 suggests that co-teachers provide more instruction-intensive teaching, as 

co-teachers undertake ordinary classroom teaching or teach a group of students inside or outside the 

classroom more often than teaching assistants. Second, teacher’s aides may primarily be used to 

support disadvantaged students. This explanation is tested in Figures 2 and 3, which show the post-

                                                 

24
 In line with this explanation, Ladd and Sorensen suggest that the skills needed to teach middle school English at a 

minimal level may be less than the skills needed to teach middle school math. They also suggest that teachers have less 

effect on verbal test scores than on math scores due to the larger contribution of non-school factors, such as the family. 
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test score distributions by experimental groups and parental education. For reading scores, the 

whole distribution is shifted to the right, while only the lower mass of the math score distribution is 

lifted. This is even more pronounced when only looking at the most disadvantaged students (Figure 

3). It therefore seems as though the teacher’s aides have targeted the low-ability students in math. 

Similar results are seen in studies of targeted instruction (see e.g. Kraft 2015). It is thus possible that 

the larger point estimates of the co-teacher on math compared to reading among disadvantaged 

students may be explained by co-teachers delivering more intensive math-instruction for the 

disadvantaged students. 

FIGURE 2. POST-TEST SCORE DISTRIBUTION BY EXPERIMENTAL GROUP 

 

FIGURE 3. POST-TEST SCORE DISTRIBUTION BY EXPERIMENTAL GROUP. PARENTAL EDUCATION: 

COMPULSORY SCHOOLING ONLY 
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Robustness and Multiple Hypothesis Testing 

We have chosen to present the intention-to-treat effects only conditioning on the students’ pre-

measures and the randomization-strata of the students’ schools. Table B1 in Appendix B tests the 

robustness of the model specification. Column 2 reports the unconditional differences in means for 

comparison. Columns 3–7 include school, student, and parental characteristics to the conditioning 

set step-by-step. Based on previous randomization checks, we do not expect any substantial changes 

in the estimates. The point estimates of the co-teacher and teaching assistant on reading are stable at 

around 0.086 and 0.131 SD, respectively and significantly, although the point estimates increase 

slightly with the inclusion of school baseline characteristics in column 6. The point estimates on 

math are slightly more sensitive to the inclusion of additional covariates. We control for student 

mobility in column 8, which was found to correlate with missing outcomes in the attrition analyses 

(see Table A3) and does not change the point estimates on any of the outcomes. 

As a further robustness test, we estimate the effect of the two treatments on reading and math scores 

from a first-difference model. Table A5 in Appendix A shows that the estimates from first-

differences specifications are robust, although the point estimates are slightly smaller than the 

estimates from our preferred model specification (with lagged test scores). This is as expected, since 

baseline data showed that treated students on average have slightly higher pre-test scores. 

According to the pre-analysis plan, the objective of the experiment is to evaluate three primary 

outcomes at the end of the intervention period (reading, math, and SDQ scores) and to test 

hypotheses comparing impacts across gender and parental education. In total, that amounts to 36 

hypotheses and, hence, increases the likelihood of Type I errors from multiple hypothesis testing.  

To address this concern, we follow the approach by Doyle et al. (2013). First, we group hypotheses 

into blocks by outcomes, e.g. one block of reading outcomes, and then we control for the 

dependence structure in outcomes. We control for the generalized family error rate (k-FWE) in 

outcomes by the k-StepM method proposed by Romano, Shaikh, and Wolf (2008). This allows for 

at most k-1 false discoveries at fixed significance level.
25

 

                                                 

25
 To apply the stepdown procedure, test statistics are studentized and centered. We calculate test statistics bootstrapped 

with 1000 replications. Bootstrap samples are taken independently within each randomization stratum, and each 

replication is a bootstrap sample with clustering at the school level. For reading outcomes, the critical value of the last 
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We are able to reject ten of the above 12 null-hypotheses tested within the block of reading 

outcomes. This means that all of the significant effects reported in Tables 4 and 5 survive after 

control of 1-FWE at the 10% significance level. This is the most restrictive criterion, where not 

even a single true hypothesis is allowed to be rejected.
26

 Hence, we are fairly confident that the co-

teacher and teaching assistant have positive and significant impacts on average reading scores and 

that the above conclusions are not driven by false rejections from testing multiple hypotheses. The 

significant effect of a co-teacher on math scores, reported in Table 5, does not survive this stepdown 

multiple testing procedure. The remaining outcomes presented in the paper must be interpreted only 

as exploratory analyses as they may suffer from multiplicity of tests. 

Follow-up at 1, 8, and 30 Months 

This section investigates effects on student test scores at the 1-, 8-, and 30-month follow-ups. Note, 

the results presented so far are from the 8-month follow-up. The students are required to complete 

supplementary sixth grade national tests in reading and math 1 month after the beginning of the 

intervention period (see section 3.1.1). We employ the 1-month tests to capture the (intermediate) 

effect of the reduced student–teacher ratio. The students also complete a set of mandatory national 

tests in reading and natural sciences in the end of grade eight (i.e. about 30 months after the 

intervention began). The 30-month tests will reveal whether or not the impact lasts. Throughout the 

follow-up periods, we only include students who are in the baseline sample, and initial treatment 

assignments are fixed and do not change if the students change schools. Hence, new entrants in the 

school during the follow-up period are not included. All of the results are presented in Table B2 in 

Appendix B. The point estimates at the 1-, 8-, and 30-month follow-ups are illustrated graphically 

in Figure 4 and overlaid with 90% confidence bands. 

                                                                                                                                                                  

step in the procedure is 1.39, where 10 out of 12 null-hypotheses are rejected. For math and SDQ outcomes, the critical 

values are 2.26 and 2.38, respectively, and none of the null hypotheses are rejected. The significance level is fixed at 

10%, which corresponds to the level reported in Tables 4–6. 
26

 When we control the 1-FWE at the 5% significance level, all significant effects survive except the subgroup effects 

from a co-teacher with degree by parental education. 
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FIGURE 4. EFFECT ON READING AND MATH AT 1, 8, AND 30 MONTHS  

 

Note. Each figure plots the points estimates from three separate estimates. Point estimates are overlaid with 90% confidence bands. 

The 30-month test is a test in natural science (an average of scores in geography, biology, and physics/chemistry). 

Figure 4 indicates an immediate effect of the teacher’s aides on student achievement. This may 

merely be a resource or Hawthorne effect. Improved student learning will show up in student 

achievement tests after the intervention period. Figure 4 shows that the positive effect of a co-

teacher on reading is borderline significant at the 30-month follow-up and the effect of a teaching 

assistant seems to decrease over time after the intervention. However, this figure masks the 

heterogeneous effects of the education level of the students’ parents. 

Figures 5 and 6 illustrate the effects by subject and parental education, showing that the positive 

and significant impacts on students with less educated parents generally last. Figure 5 shows that 

the intervention seems to have a lasting impact on the reading scores of students with parents not 

holding college degrees. The effect is even greater for those from homes with no more than 

compulsory schooling and who were treated with a teaching assistant. Moreover, Figure 6 shows 

that both interventions seem to have an impact on the average natural science scores for students 

with parents with no more than compulsory schooling even after the intervention period. This 

suggests some complementarities from improving reading and/or math skills. 
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FIGURE 5. EFFECT ON READING AT 1, 8, AND 30 MONTHS BY PARENTAL EDUCATION 

 

Note. Each figure plots the points estimates from three separate estimations. Point estimates are overlaid with 90% 

confidence bands. 

FIGURE 6. EFFECT ON MATH AT 1, 8, AND 30 MONTHS BY PARENTAL EDUCATION 

 

Note. Each figure plots the point estimates from three separate estimations. Point estimates are overlaid with 90% confidence bands. 

The 30-month test is a test in natural science (an average of scores in geography, biology, and physics/chemistry). 

-.
2

0
.2

.4
.6

1 8 30 months

Compulsory schooling only

-.
2

0
.2

.4
.6

1 8 30 months

No college degree

-.
2

0
.2

.4
.6

1 8 30 months

At least one college degree

Co-teacher w/degree
-.

2
0

.2
.4

.6

1 8 30 months

Compulsory schooling only

-.
2

0
.2

.4
.6

1 8 30 months

No college degree

-.
2

0
.2

.4
.6

1 8 30 months

At least one college degree

Teaching assistant w/o degree

Note: overlaid with 90 percent confidence bands

-.
2

0
.2

.4
.6

1 8 30 months

Compulsory schooling only

-.
2

0
.2

.4
.6

1 8 30 months

No college degree

-.
2

0
.2

.4
.6

1 8 30 months

At least one college degree

Co-teacher w/degree

-.
2

0
.2

.4
.6

1 8 30 months

Compulsory schooling only

-.
2

0
.2

.4
.6

1 8 30 months

No college degree

-.
2

0
.2

.4
.6

1 8 30 months

At least one college degree

Teaching assistant w/o degree

Note: overlaid with 90 percent confidence bands



30    CHAPTER 1 

 

 

1.1.8 Results: Student Wellbeing and Behavior 

Table 6 presents the results on wellbeing and behavior measured using the students’ SDQ score and 

index of wellbeing in class, both described in section 3.1.2. For both outcomes, the average 

treatment effect is insignificant and imprecisely estimated. As discussed earlier, however, these 

outcomes are self-reported and suffer from selective attrition. Table B3 in Appendix B addresses 

attrition bias by implementing the inverse probability weighting of non-missing observations, 

trimming the sample, and applying imputation procedures. Column 2 in Table B3 shows a positive 

but insignificant effect of a teaching assistant on wellbeing in class after more weight is assigned to 

students who are observationally similar to those who attrite from the student survey. Together, 

these results suggest that the point estimates reported in Table 6 are sensitive to assumptions about 

attrition. We therefore add lower and upper bounds to the average treatment effects in Table 6.
27

 

TABLE 6. EFFECT ON WELLBEING AND BEHAVIOR 

    SDQ (score 0–40)   Wellbeing in class (score 3–15) 

    (1) (2) (3)   (4) (5) (6) 

    All Boys Girls   All Boys Girls 

  
   

  
   

Co-teacher w/degree –0.087 –0.186 –0.004   –0.115 –0.064 –0.166* 

  (0.167) (0.221) (0.195)   (0.075) (0.090) (0.100) 

 

[–1.105*** [–1.157*** [–1.077*** 

 

[–0.348** [–0.284** [–0.421*** 

    0.635**]        0.491]    0.741**]    0.238*]     0.263*]    0.307*] 

        

Teaching assistant w/o degree –0.153 –0.193 –0.100   –0.005 –0.029 0.013 

  (0.179) (0.238) (0.233)   (0.079) (0.090) (0.114) 

  

[–1.087** [–1.058** [–1.097** 

 

[–0.240** [–0.224* [–0.272* 

         0.528]    0.494]     0.561]       0.268] 0.243]     0.374*]    

        

H0: Co-teacher = Teaching ass. (p-value) 0.679 0.974 0.632   0.135 0.705 0.083 

Control group mean 9.645 9.596 9.696   12.441 12.711 12.154 

Adjusted R-squared 0.412 0.420 0.405   0.245 0.247 0.229 

No. students 4,443 2,266 2,174   4,364 2,223 2,138 

No. schools 103 103 103  103 103 103 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant term, 

randomization-strata fixed effects, and the pre-measure collected by the student pre-survey before the intervention period. The pre-

measure is imputed with the value zero and a missing-indicator equal to one added if data on the pre-measure is missing. Standard 

errors in parentheses are clustered at the school level. Lower and upper bounds on the treatment effects in brackets are estimated 

assigning missing outcomes the 95th or 5th percentile value, respectively. 

                                                 

27
 The lower and upper bounds are calculated by assuming the “worst” and “best” response from the students with 

missing data, as suggested by Horowitz and Manski (1998). In the worst case, we assign the 95
th

 percentile value (a 

high level of difficulties) and in the best case we assigned the 5
th

 percentile value (a low level of difficulties). The 

percentile values are obtained from the pre-measure distribution. For the complete analysis correcting for potential 

attrition bias following the guidelines of Duflo, Glennerster, and Kremer (2006), see Table A4 in Appendix A and Table 

B3 in Appendix B. 
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Assuming the worst case about the missing outcomes (here, students with missing outcomes have a 

high level of difficulties), the lower bound on the treatment effect of a co-teacher shows that we 

cannot reject that the co-teacher improves student behavior (reduces the SDQ score) if missing 

responses are negatively selected. This finding is similar for wellbeing in class, and the tendency is 

similar for the treatment effect of a teaching assistant. We also tested the impact on the probability 

of scoring above borderline cutoff on SDQ for the total score and separately for each of the five 

subscales of SDQ (see Table B4 in Appendix B). Across all subscales, bound estimates of the 

parameters of interest range from being negative and statistically significant (around 9 percentage 

points), and thus reducing difficulties, to being positive and statistically insignificant. Taking into 

account that 14% of the children in the control group are categorized as above borderline on 

conduct problems, 21% on hyperactivity, and 18% on peer problems, these effects are sizable. On 

the other hand, the upper bounds are positive on some subscales. The results are therefore sensitive 

to assumptions about attrition.
28

 We have also tested the effect on SDQ and wellbeing index across 

parental education, and most of these results are insignificant. 

In Table B5 in Appendix B, we test the robustness of our results on behavior and wellbeing. The 

robustness analyses show that the point estimates on wellbeing and behavior outcomes are slightly 

more sensitive compared to student achievement outcomes. This is consistent with the attrition 

analyses (recall section 3.3 and Table A4), which found differences in students’ survey responses 

across experimental groups. We therefore now turn our discussion from survey-reported measures 

of behavior to register-based measures. 

Register-based Measures of Behavior 

We consider police reports and other contacts with the police to capture behavior outside the school 

setting. Police reports and other contacts with the police are registered for children below the age of 

criminal responsibility (15 years). Since these measures are obtained from register data, they have 

less attrition and attrition is unlikely to be affected by the interventions, since this data is generated 

by other authorities unrelated to the experiment. Both measures are registered daily, which further 

enables us to disentangle timing effects during and after the intervention period. 

                                                 

28 
Goodman, Lamping, and Ploubidis (2010) suggest transforming the SDQ score into internalizing and externalizing 

subscales (score 0–20) for analysis in low-risk samples of children. The patterns of the results are similar on the 

internalizing and externalizing SDQ subscales; they are available on request. 



32    CHAPTER 1 

 

 

According to a review by Hjalmarsson and Lochner (2012), it is possible to influence crime by 

educational policy, because criminal careers often start while students are still in school. There are 

at least three reasons for this: human capital investments increase the opportunity cost of subsequent 

crime (Lochner 2004; Lochner and Moretti 2004); schooling is associated with an incapacitating 

effect, reducing contemporary crime as well as a concentration effect, which might work in either 

direction (Jacob and Lefgren 2003; Luallen 2006); and education changes one’s preference 

parameters (Becker and Mulligan 1997). 

TABLE 7. EFFECT ON ALTERNATIVE OUTCOMES 

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

  All contact Violence 

Violence excl. 

criminal 

indictments 

Arson 
Social casework 

and runaways 

Co-teacher w/degree –0.006* –0.003*** –0.002** –0.001* –0.001 

  (0.003) (0.001) (0.001) (0.001) (0.001) 

            

Teaching assistant w/o degree –0.006** –0.002** –0.002** –0.001* –0.002** 

  (0.003) (0.001) (0.001) (0.001) (0.001) 

            

H0: Co-teacher = Teaching ass. (p-value)  0.981 0.602 0.748 0.874 0.224 

Control group mean 0.012 0.003 0.002 0.001 0.002 

Adjusted R-squared 0.013 0.003 0.002 –0.001 0.027 

No. students 5,213 5,213 5,213 5,213 5,213 

No. schools 105 105 105 105 105 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effect and the pre-measure of the same outcome as specified in the column header. Standard errors in 

parentheses are clustered at the school level. Violence includes threats, common assaults, and the disturbance of public order. Contact 

with the police is measured during the intervention period (October 2012–June 2013). Estimates for all contact and violence are 

similar when estimated with a probit model. 

In Table 7, we estimate the impact of the interventions on the probability that students are in contact 

with the police. Generally, we find that a co-teacher reduces the probability of contact with the 

police (column 1), and specifically in connection with violence (including threats, common assaults, 

and disturbance of public order) by 0.3 percentage points and with arson by 0.1 percentage points 

(the mean is 0.3%); see columns 2 and 4. The impact is only marginally smaller, and still positive 

and significant for both co-teachers and teaching assistants when we exclude violence that is not a 

criminal offence (column 3). No effect on theft, traffic violence, or crime prevention contacts with 

police is found.
29

 One potential mechanism to explain this finding may be that aides not only 

improve school resources but might also improve classroom management, which in turn improves 

classroom behavior and results in fewer conflicts between classmates during and after school. There 

                                                 

29
 Not shown (available upon request). 
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are no significant differences comparing the effect of a co-teacher and teaching assistant. Only the 

teaching assistant has a significant reduction in social casework and runaways, which is consistent 

with the impact of a teaching assistant on other outcomes among students whose parents have a 

limited education. When we extend the observed time period to 6 months after the end of the 

intervention, the effects generally persist and grow stronger. Overall, this explorative analysis 

suggests small changes in student behavior outside the school setting that are not captured by the 

student surveys. When we conduct our analyses on police reports using the SDQ sample, all of the 

results turn insignificant (not shown). This emphasizes the importance of using population-wide 

register data to measure behavior. 

1.6 Discussion: Treatment Compliance and Dosage 

Although RCTs are considered the gold standard to achieve the true treatment effects, few RCTs 

exist concerning school middle school resources. In the previous sections, we presented a set of 

validation checks to evaluate the randomization and internal validity of the study. However, the 

practical implementation of the experimental protocol may confound the experimental design and 

affect our interpretation of the results and extrapolation of the results as average treatment effects. 

In this section, we discuss the implications of potential deviations from the experimental protocol. 

The two main considerations are non-compliance and/or endogenous treatment dosage. 

We choose a very flexible implementation of the experiment in order to mimic the realistic, full-

scale implementation of a universal policy involving schools and teacher’s aides. Exploiting 

surveys among school principals, teachers, and teacher’s aides, we are able to some degree to 

uncover how the schools use this flexibility and the degree to which they fulfill the minimum 

requirements. As described in section 2.2, the minimum requirements were only stated in terms of 

the qualifications of the teacher’s aides and lessons per week spent in the classroom. The school 

principal had the autonomy to decide which aides to hire and which lessons they should co-teach. 

This means that the actual qualifications or skill level and the actual time spent in classroom may 

vary across classrooms within schools and across schools. 

First, consider the school’s compliance with the time requirements. According to the school 

principal reports, fourteen and eight classes did not meet the minimum requirement with respect to 

the number of lessons per week with a co-teacher and teaching assistant, respectively. In only three 

classes did the teachers respond that they never implemented the intended teacher’s aide (due to 
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sickness, leave, or lack of collaboration capability). This potentially downward biases the estimated 

effects and implies that the estimated intention-to-treat effect may be lower than the average 

treatment effect on the treated. To take into account this endogenous non-compliance, we perform 

an additional analysis inspired by Kruger (1999). Table 9 presents 2SLS results instrumenting the 

actual compliance with the initial treatment allocation.
30

 We measure actual compliance with an 

indicator equal to one if the minimum number of lessons per week per class were satisfied (10.5 or 

14.5 lessons/week/class with a co-teacher or teaching assistant, respectively).  

TABLE 9: 2SLS RESULTS FOR READING, ENDOGENOUS COMPLIANCE  

  Principal-reported 

(total)  

Aide-reported 

(total) 
  

  1. stage 1. stage 2. stage 

 

1. stage 1. stage 2. stage   

Randomly assigned treatment group: 

    

     

Co-teacher w/ degree 0.816*** 0.007 

  

0.626*** -0.013    

  (0.052) (0.021) 

  

(0.064) (0.033)    

Teaching assistant w/o degree –0.015 0.932*** 

  

0.021 0.776***    

  (0.034) (0.034) 

  

(0.043) (0.057)    

 

Actual implementation: 

    

     

Co-teacher: Comply with minimum 

requirementa (0/1)   

0.104*** 

 

  0.141***   

  

(0.038) 

 

  (0.051)   

Teaching ass: Comply with minimum 

requirementb (0/1)   

0.142*** 

 

  0.165***   

  

(0.042) 

 

  (0.051)   

  

    

     

1. stage F-stat of excluded instruments 157.0 374.1 
  

51.4 108.6  
 

2. stage F-stat 

  

179.9 

 

  159.1 

 Adjusted R-squared 0.841 0.933 0.601 

 

0.689 0.810 0.599 

 No. Students 5,018 5,018 5,018 

 

5,018 5,018 5,018 

 No. schools 105 105 105  105 105 105  

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effects and the pre-test. The pre-test is imputed with the value zero and a missing indicator equal to one 

added if data on the pre-test is missing. Standard errors in parentheses are clustered at the school level. Information obtained from the 

post-surveys. a10.5 lessons/week/class. b14.5 lessons/week/class. 

To address potential measurement errors in surveys, we report the 2SLS results exploiting different 

measures of actual time spent in the classroom. We use the aide-reported measure and the principal-

reported measure, recall Table 1.
31

 The 2SLS results support a large, significant impact of co-

teachers (0.104 SD) and teaching assistants (0.142 SD) after accounting for endogenous non-

                                                 

30
 Initial treatment assignments are assumed to remain fixed and do not depend on a student’s mobility. Figure 1 shows 

very low student mobility (no more than 30 students/experimental group), and hence are of a lesser concern. 
31

 The teacher’s aides are asked to report separately the total number of lessons teaching and the number of lessons 

teaching each subject. We aggregate the number of lessons teaching each subject and find this sum is slightly higher 

compared to the total reported (the raw correlation is 0.75). The raw correlations between the principal-reported 

measure and the aide-reported sum and total is 0.59 and 0.78, respectively, and we choose to continue with the latter. 
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compliance to the lesson requirements. The estimated total effect on the treated is even greater 

when relying on the time spent in the classroom as reported by the aides themselves. 

Second, we take into account the endogenous treatment dosage by replicating the above 2SLS 

approach. As noted in section 2.2., the average number of lessons with an aide per week per class is 

actually higher than required. This means that the treatment dosage varies within the group of 

compliers. The 2SLS results instrumenting the actual number of lessons with the initial treatment 

allocation are presented in Table 10. We implicitly assume that teachers’ aides do not change the 

education production function for the exclusion restriction to hold as well as linearity in the number 

of lessons and production of learning. Table 10 shows that the co-teacher improves reading scores 

by 0.7–0.9% of a SD per lesson/week, depending on the survey respondent, and the teaching 

assistants only slightly less. Thus, teaching assistants appear to be (close to) as productive as co-

teachers in terms of improving reading scores. This is not because teaching assistants are positively 

selected: Table 1 illustrates how high school GPA is 40% of an SD lower for teaching assistants 

compared to co-teachers with a degree (–0.42 (SD = 1.01) versus –0.02 (SD = 0.86)), and similarly 

for grades from lower secondary school. 

TABLE 10: 2SLS RESULTS FOR READING, ENDOGENOUS TREATMENT DOSAGE  

  Principal-reported 

(total) 
  

Aide-reported 

(total) 
  

  1. stage 1. stage 2. stage   1. stage 1. stage 2. stage   

Randomly assigned treatment group: 

   

       

Co-teacher w/ degree 11.759*** 0.014    9.645*** –0.202    

  (0.435) (0.735)    (0.624) (0.623)    

Teaching assistant w/o degree 0.016 21.344***    0.060 18.059***    

  (0.280) (1.269)    (0.407) (1.135)    

Actual implementation:           

Co-teacher: No. of lessons/week/class   0.007***     0.009***   

  (0.003)     (0.003)   

Teaching ass.: No. of lessons/week/class   0.006***     0.007***   

  (0.002)     (0.002)   

         

1. stage F-stat of excluded instruments 457.3 151.7    132.8 150.7    

2. stage F-stat   185.3     171.0   

Adjusted R-squared 0.929 0.856 0.600   0.819 0.858 0.600   

No. students 5,018 5,018 5,018   5,018 5,018 5,018   

No. schools 105 105 105  105 105 105  

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include constant, 

randomization-strata fixed effects and the pre-test. The pre-test is imputed with the value zero and a missing indicator equal to one 

added if data on the pre-test is missing. Standard errors in parentheses are clustered at the school level. Information obtained from the 

post-surveys. 
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1.7 Concluding Remarks 

We study the impact of two types of teacher’s aides on student achievement, wellbeing, and 

behavior in a randomized trial. The experiment involved 105 schools and more than 5,200 sixth 

grade students. Schools were stratified by their predicted outcome and randomly allocated between 

experimental groups. The intervention ran from October 2012 to June 2013, and students were 

tracked and assessed using survey and register data. The two interventions varied in terms of the 

aides’ teaching qualifications and time in the classroom. Overall, we find significant average effects 

on reading scores, which are substantial in comparison to the immediate effects of class-size 

reductions and early childhood interventions if measured in terms of $1,000 spent per student. This 

overall conclusion contradicts earlier studies that asserted no effects of teacher’s aides. 

To get some leverage regarding the importance of teacher qualifications relative to teaching dosage, 

the experiment compared the cost-effectiveness of employing a teacher’s aide with or without a 

teaching degree. Dividing the point estimate by the actual number of lessons spent in classes on 

average, the co-teacher with a degree improves reading score by 0.74% of an SD per lesson spent 

(8.6/11.6 = 0.74), which is only slightly higher than the comparable number for the teaching 

assistant (13.1/20.7 = 0.63), and the gap in effect sizes is not large enough to justify the higher costs 

per lesson spent. This result also holds after accounting for endogenous treatment dosage; in other 

words, the cheaper, higher-dosage intervention is more cost-effective. 

The effects on student test scores are measured immediately after the intervention period. However, 

we also re-evaluate student achievement at the 13- and 30-month follow-ups. At the 30-month 

follow-up, the persistence of the effects drops slightly, but students with parents with no more than 

compulsory schooling still perform better on average reading tests if assigned a teaching assistant. 

Interestingly as well, even though it should be considered exploratory, the students with a co-

teacher with a degree obtain higher achievements in natural sciences in grade eight than the control 

group. 

The fact that we find statistically significant average treatment effects on reading scores but not on 

math scores may reflect that the main emphasis in the Danish comprehensive school is on language 

arts and reading proficiency, in particular: more lessons are allocated to language arts than math and 

more teachers specialize in language arts compared to math. This gap is scaled up by our 

intervention. The teacher’s aides spent 50% more time in language arts than math lessons (4.5 
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language arts lessons versus three math lessons per week), and the co-teachers with a degree 

specialized in language arts more often than math (42% versus 27%). While there could be different 

explanations for this, it is consistent with the notion that the tutoring dosage is important to the 

effect of teacher’s aides. 

We do not find significant impacts on behavior and wellbeing, but this conclusion is likely due to 

non-random attrition on student surveys measuring behavior and wellbeing. Interestingly, based on 

population-wide registries, a significant average treatment effect of co-teachers and teaching 

assistants on contacts with the police, violence, and other crime-related outcomes is identified. The 

difference between this effect and the lack of average treatment effects as measured by the SDQ 

emphasizes the importance of population-wide register data in randomized trials. 

The external validity and general equilibrium effects of experiments such as this are expected to 

depend on the supply and demand for teachers with different skills. Since the experiment provided 

only temporary financing of one year or less, the types of teaching graduates that can be hired for 

these jobs may be negatively selected compared to what would be the case if permanent jobs were 

offered. But it is also possible that scaling up would create a shortage of highly qualified teacher’s 

aides. While it is difficult to draw strong conclusions based on a single trial, the fact that we find 

similar effects of aides with and without formal qualifications per lesson they spend in the 

classroom indicates that the results are not very sensitive to the teacher’s formal qualifications. 

In sum, the use of teacher’s aides seems to be at least as efficient as class-size reductions if used as 

a universal instrument. However, it is a much more flexible instrument that can target specific 

groups of students for limited periods of time. The results of the randomized field experiment 

presented here provide guidance in terms of the most effective timing and type of teacher’s aide. 
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Appendix A.  Experimental Design 

TABLE A1. IMPLEMENTATION: TIMELINE AND DATA COLLECTION 

Year Date Process 

Before intervention period  

2012 March 16 Invite municipalities and schools to participate  

2012 March 30 Application deadline 

2012 May 24 Inform municipalities on participation or rejection (by letter) 

2012 June 25–Aug. 31 Registration of students and teachers at schools (by principal)  

Registration of students with special education needs and inclusive education 

2012 June 25 Inform municipalities (by email) and schools (by letter) on their selection for 

participation in an experiment involving teacher aides 

2012 June–Aug.  Collect register data for stratification and randomization 

2012 Aug. 3 Randomization (sealed) 

   

2012 Aug. 13 School year begins and students enroll in 6th grade 

2012 Aug. 15 Inform schools on experimental group (co-teacher, teaching assistant, control) 

(by letter) 

2012 Aug. 28–29 Hold information meetings for participating schools (in Copenhagen and 

Aarhus) 

2012 Aug. 15–Oct. 1 Schools hire co-teachers and teaching assistants 

2012 Sep. 7–Oct. 17 Pre-survey students on wellbeing and behavior  

2012 Oct.–Nov. Pre-survey principals, teachers, co-teachers, and teaching assistants  

 

During intervention period  

1
st
 half of the school year 

 2012 Oct. 1 Intervention begins 

2012 Oct. 22–Dec. 14 Reading and math test (1 month) 

   

2
nd

 half of the school year 

 2013 Jan. 21–April 30 Reading and math test (8 months, primary outcomes) 

2013 Apr. 1–Apr. 26 Lockout of teachers 

2013 May 27–June 28 Reading and math test (postponed testing period due to the lockout)  

2013 May Post-registration of students, teachers, co-teachers, and teaching assistants at 

the school (by principals) 

2013 May Post-registration of students with special education needs and inclusive 

education (by principals) 

2013 May–June Post-survey principals, teachers, co-teachers, and teaching assistants 

2013 June 7–July 5 Post-survey students on wellbeing and behavior  

2013 June 28  School year ends 

   Intervention ends 

After intervention period 

 2013 Aug. 12 School year begins and students enroll in 7th grade 

2013 Oct. 21–Dec. 13 Reading and math test (13 months) 

2014 Aug. 11 School year begins and students enroll in 8th grade 

2015 Jan. 19–Apr. 30 Reading and sciences test (30 months) 

Note: The table illustrates the year and dates for the announcement of intervention and randomization results and collection of survey 

and register data before, during, and after the intervention period. 
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TABLE A2. NUMBER OF CLUSTERS AND CLUSTER SIZE  

 
Total 

Co-teacher 

 w/degree 

Teaching assistant 

w/o degree 

Control  

group  

Allocation stage         

School level 105 schools 35 schools 35 schools 35 schools 

  mean 49.6 (21.8) mean 51.8 (21) mean 46.0 (22.2) mean 51.1 (22.4) 

  range 8–108 range 13–94 range 8–108 range 11–99 

 

Classroom level 249 classes 84 classes 79 classes 86 classes 

  mean 20.9 (4.2) mean 21.6 (4.2) mean 20.4 (3.9) mean 20.8 (4.3) 

  range 3–41 range 7–41 range 8–27 range 3–31 

Analysis stage         

School level         

Reading 105 schools 35 schools 35 schools 35 schools 

  mean 47.8 (21.1) mean 49.6 (20.4) mean 44.7 (21.8) mean 49.1 (21.3) 

 range 8–105 range 13–89 range 8–105 range 10–95 

Math 105 schools 35 schools 35 schools 35 schools 

  mean 47.6 (21.1) mean 49.3 (20.3) mean 44.3 (21.7) mean 49.1 (21.4) 

 range 8–94 range 13–89 range 8–106 range 9–94 

SDQ 103 schools 35 schools 34 schools 34 schools 

  mean 43.1 (19.6) mean 46.4 (19.4) mean 41.9 (20.8) mean 41.1 (18.9) 

  range 8–94 range 10–82 range 8–94 range 11–79 

 

Classroom level         

Reading 248 classes 83 classes 79 classes 86 classes 

  mean 20.2 (4.1) mean 20.9 (3.7) mean 19.8 (4) mean 20.0 (4.4) 

 range 3–39 range 10–39 range 8–27 range 3–31 

Math 248 classes 83 classes 79 classes 86 classes 

  mean 20.1 (4.1) mean 20.8 (3.8) mean 19.6 (4.1) mean 20.0 (4.4) 

 range 3–38 range 10–38 range 8–27 range 3–31 

SDQ 242 classes 83 classes 77 classes 82 classes 

  mean 18.4 (4.7) mean 19.6 (4.2) mean 18.5 (4) mean 17 (5.4) 

  range 2–36 range 8–36 range 8–27 range 2–31 

Note: The table shows the mean (standard deviation) and range of the number of students per cluster unit. Cluster size statistics are 

shown for each cluster level (school and classroom level) and for each of the three main outcomes: reading, math, and SDQ score. 

Allocation and analysis stage refers to the stages of the design and participation flow shown in Figure 1. 
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TABLE A3. ATTRITION ANALYSIS: REGISTER-BASED OUTCOMES 

  Reading  Math 

  (1) (2) (3) (4)  (5) (6) (7) (8) 

  Post-test 

reading 

Post-test 

reading 

Post-test 

reading 

Post-test 

reading 

 Post-test 

math 

Post-test 

math 

Post-test 

math 

Post-test 

math 

Co-teacher w/ degree 0.002 0.006 –0.000 0.002  0.010 0.014* 0.007 0.009 

  (0.008) (0.006) (0.005) (0.005)  (0.008) (0.008) (0.006) (0.006) 

Teaching assistant w/o degree –0.012 –0.005 –0.005 –0.003  –0.002 0.002 0.003 0.004 

  (0.007) (0.006) (0.005) (0.006)  (0.007) (0.007) (0.006) (0.006) 

Pre-measures:          

Reading, 4th grade (score)  –0.014*** –0.010*** –0.005      

   (0.004) (0.003) (0.003)      

Reading, 4th grade missing (0/1)  0.240*** 0.115*** 0.093***      

   (0.035) (0.026) (0.022)      

Math, 3rd grade (score)       –0.011*** –0.009*** –0.004 

        (0.003) (0.003) (0.003) 

Math, 3rd grade missing (0/1)       0.095*** 0.043*** 0.033*** 

       (0.017) (0.012) (0.010) 

Student registration and mobility:          

Non-valid student ID   0.877*** 0.801***    0.945*** 0.842*** 

    (0.028) (0.054)    (0.013) (0.051) 

Drop-out, before intervention   0.062 0.022    0.116 0.086 

    (0.271) (0.273)    (0.261) (0.269) 

Drop-out, during intervention   0.280*** 0.273***    0.237*** 0.232*** 

    (0.063) (0.062)    (0.059) (0.057) 

Drop-out, to special school   0.581*** 0.579***    0.610*** 0.590** 

    (0.213) (0.219)    (0.227) (0.232) 

Grade retention (0/1)   0.535*** 0.520***    0.590*** 0.564*** 

    (0.194) (0.185)    (0.201) (0.193) 

Absence, 5th grade (monthly avg.)   0.403*** 0.356**    0.414** 0.375** 

    (0.139) (0.143)    (0.158) (0.161) 

Survey information: (pre-surveys)          

SDQ score, pre 6th grade    0.001     0.001 

     (0.001)     (0.001) 

SDQ score, pre 6th grade missing (0/1)    0.060**     0.043* 

     (0.023)     (0.025) 

Student: My parents cannot help with 

homework (0/1) 

   –0.002     0.003 

   (0.012)     (0.014) 

Student: I have trouble concentrating 

(0/1) 

   0.004     0.000 

   (0.005)     (0.005) 

Principal: I am interested in data on 

student wellbeing 

   –0.038***     –0.031*** 

   (0.007)     (0.009) 

Principal: I am interested in data on 

student achievement 

   –0.038***     –0.010 

   (0.014)     (0.016) 

Register data information:          

Boy    –0.003     –0.006 

    (0.005)     (0.005) 

Special education needs (SEN)    0.022**     0.024** 

     (0.010)     (0.011) 

(omitted)          

Includes:          

Constant X X X X  X X X X 

Randomization-strata fixed effect  X X X   X X X 

Pre-measure and indicator if missing  X X X   X X X 

Student registration and mobility   X X    X X 

Student register data and survey    X     X 

Principal survey    X     X 

Mother and father register data    X     X 

Adjusted R-squared 0.001 0.083 0.240 0.248  0.000 0.033 0.199 0.207 

No. students 5,213 5,213 5,213 5,213  5,213 5,213 5,213 5,213 

No. schools 105 105 105 105  105 105 105 105 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. Each column is a separate OLS 

regression of the probability of missing a post-measure (0/1) on the set of covariates specified in the bottom panel. Robust standard 
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errors in parentheses are clustered at the school level. Student register data includes gender, age, twin, non-Western, low birthweight, 

diagnosis indicators (F, I, J), and emergency department visits. Mother register data includes age, single, six education-level 

indicators, income, and work experience. Father register data includes six education-level indicators, income, and work experience. 

Student and parental characteristics are obtained from register data and survey data collected before the beginning of the intervention. 

Missing data is imputed with value zero. 
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TABLE A4. ATTRITION ANALYSIS: STUDENT SURVEY-BASED OUTCOMES 

  Student survey 

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

 Missing (0/1): Post-SDQ  

Score 

Post-SDQ  

score 

Post-SDQ  

score 

Post-SDQ  

score 

Post-SDQ 

score 

Co-teacher w/ degree –0.115*** –0.097*** –0.069** –0.082** –0.087** 

  (0.044) (0.033) (0.033) (0.033) (0.034) 

Teaching assistant w/o degree –0.104* –0.090** –0.061 –0.071* –0.075* 

  (0.053) (0.041) (0.041) (0.041) (0.040) 

Pre-measures:      

SDQ score, pre 6th grade  0.004*** 0.002*** 0.002** 0.001* 

   (0.001) (0.001) (0.001) (0.001) 

SDQ score, pre 6th grade missing (0/1)  0.179*** 0.120*** 0.078*** 0.079*** 

   (0.031) (0.027) (0.027) (0.027) 

Student national test scores:      

Reading, 1 month (score)   –0.007 –0.008 –0.008 

    (0.009) (0.008) (0.008) 

Reading, 1 month missing (0/1)   0.174*** 0.138*** 0.134*** 

    (0.042) (0.045) (0.045) 

Math, 1 month (score)   –0.022*** –0.020** –0.020** 

    (0.008) (0.008) (0.008) 

Math, 1 month missing (0/1)   0.104*** 0.071** 0.068** 

    (0.036) (0.033) (0.033) 

Reading, 4th grade (score)   –0.007 –0.006 –0.004 

    (0.010) (0.009) (0.009) 

Reading, 4th grade missing (0/1)   0.069** 0.079*** 0.078** 

    (0.030) (0.028) (0.030) 

Math, 3rd grade (score)   0.001 0.003 0.005 

    (0.007) (0.007) (0.007) 

Math, 3rd grade missing (0/1)   –0.007 –0.014 –0.018 

   (0.022) (0.022) (0.021) 

Student registration and mobility:      

Non-valid student ID    –0.085 –0.082 

     (0.106) (0.107) 

Drop-out, before intervention    –0.064 –0.052 

     (0.162) (0.157) 

Drop-out, during intervention    0.612*** 0.607*** 

     (0.054) (0.053) 

Drop-out, to special school    0.453* 0.465* 

     (0.240) (0.242) 

Grade retention (0/1)    0.250* 0.219* 

     (0.132) (0.131) 

Absence, 5th grade (monthly avg.)    0.898*** 0.819*** 

     (0.199) (0.199) 

Survey information:      

Principal: I am interested in data on student wellbeing     –0.062** 

      (0.027) 

Principal: I am interested in data on student achievement     0.078 

      (0.104) 

Register data information:      

Boy     –0.005 

     (0.009) 

Special education needs (SEN)     0.025 

      (0.016) 

(omitted)      

Includes:      

Constant X X X X X 

Randomization-strata fixed effect  X X X X 

Pre-measure and indicator if missing  X X X X 

Student national tests   X X X 

Student registration and mobility    X X 

Student register information     X 

Principal survey information     X 



Appendix A.  Experimental Design 47 

 

 

 

Mother and father register information     X 

Adjusted R-squared 0.021 0.113 0.146 0.192 0.195 

No. students 5,213 5,213 5,213 5,213 5,213 

No. schools 105 105 105 105 105 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. Each column is a separate OLS 

regression of the probability of missing a post-measure (0/1) on the set of covariates specified in the bottom panel. Robust standard 

errors in parentheses are clustered at the school level. Student register data includes gender, age, twin, non-Western, low birthweight, 

diagnosis indicators (F, I, J), and emergency department visits. Mother register data includes age, single, six education-level 

indicators, income, and work experience. Father register data includes six education-level indicators, income, and work experience. 

Student and parental characteristics are obtained from register data and survey data collected before the beginning of the intervention. 

Missing data is imputed with value zero. 
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TABLE A5. EFFECT ON PRIMARY OUTCOMES FROM A FIRST-DIFFERENCE MODEL 

 (1) (2) (3) (4) (5) (6) 

    Parental education 

 All Boys Girls 

Compulsory 

schooling 

only 

No college 

degree 

At least one 

college 

degree 

Outcome: Reading        

Co-teacher w/degree 0.070** 0.059* 0.080* 0.005 0.086** 0.043 

 (0.031) (0.033) (0.042) (0.110) (0.039) (0.034) 

Teaching assistant w/o degree 0.119*** 0.130*** 0.111** 0.204 0.176*** 0.028 

 (0.042) (0.044) (0.055) (0.133) (0.053) (0.041) 

       

No. students 5,018 2,568 2,450 448 2,898 2,120 

No. schools 105 105 105 101 105 105 

       

Outcome: Math       

Co-teacher w/degree 0.055 0.035 0.076 0.281* 0.056 0.053 

 (0.053) (0.064) (0.057) (0.148) (0.061) (0.057) 

Teaching assistant w/o degree 0.014 0.039 –0.024 0.154 0.019 –0.013 

 (0.059) (0.066) (0.068) (0.166) (0.066) (0.068) 

       

No. students 4,996 2,562 2,434 445 2,879 2,117 

No. schools 105 105 105 101 105 105 

Includes:       

Randomization-strata fixed effects X X X X X X 

Pre-test and indicator if missing X X X X X X 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. Each column is a separate regression 

of the post minus the pre-test score on the treatment indicators. Robust standard errors in parentheses are clustered at the school level. 
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TABLE A6. BALANCE TEST: ESTIMATION SAMPLE BY MAIN OUTCOMES 

Estimation sample: Reading, all students   Math, all students   SDQ score, all students 

Balance test: 

Control 

= 

Co-teacher 

Control 

= 

Teaching 
ass. 

Co-teacher 

= 

Teaching 
ass. 

 Control 

= 

Co-teacher 

Control 

= 

Teaching 
ass. 

Co-teacher 

= 

Teaching 
ass. 

 Control 

= 

Co-teacher 

Control 

= 

Teaching 
ass. 

Co-teacher 

= 

Teaching 
ass. 

6th grade cohort: Behavior and achievement                     

Pre-tests:                       

SDQ score, autumn 2012 0.116 0.576 0.261   0.109 0.635 0.200   0.116 0.659 0.185 

Reading 4th grade, spring 2011 0.459 0.448 0.940   0.413 0.348 0.861   0.351 0.296 0.836 

Math 3rd grade, spring 2010 0.937 0.235 0.253   0.917 0.170 0.188   0.885 0.181 0.172 

Previous 6th grade cohorts:                       

Reading 6th grade, spring 2012 0.078 0.536 0.277   0.073 0.511 0.276   0.046 0.512 0.185 

Reading 6th grade, spring 2011 0.724 0.999 0.712   0.731 0.961 0.685   0.862 0.938 0.799 

Reading 6th grade, spring 2010 0.851 0.868 0.991   0.839 0.830 0.961   0.781 0.997 0.809 

Math 6th grade, spring 2012 0.841 0.648 0.527   0.829 0.687 0.549   0.698 0.788 0.518 

Math 6th grade, spring 2011 0.839 0.660 0.828   0.831 0.625 0.798   0.757 0.652 0.897 

Math 6th grade, spring 2010 0.379 0.946 0.368   0.366 0.994 0.390   0.384 0.760 0.247 

6th grade cohort: School size                       

No. students 0.945 0.533 0.541   0.943 0.534 0.544   0.840 0.662 0.531 

No. classes 0.466 0.440 0.844   0.458 0.436 0.843   0.653 0.626 0.893 

No. students/class 0.345 0.435 0.125   0.343 0.449 0.127   0.344 0.298 0.072 

6th grade cohort: Student characteristics                     

ADHD and similar diagnoses 0.960 0.731 0.718   0.990 0.771 0.782   0.859 0.419 0.547 

Special education needs 0.315 0.027 0.201   0.384 0.041 0.216   0.433 0.077 0.274 

Non-Western immigrants 0.700 0.659 0.385   0.624 0.726 0.370   0.590 0.670 0.877 

Non-Western descendants 0.691 0.655 0.939   0.677 0.599 0.887   0.791 0.736 0.919 

Single mothers 0.706 0.731 0.462   0.735 0.659 0.421   0.896 0.472 0.557 

Mothers' age at birth (years) 0.653 0.416 0.215   0.766 0.474 0.326   0.921 0.508 0.452 

Mothers' income (DKK 10,000) 0.867 0.796 0.677   0.877 0.878 0.764   0.879 0.963 0.845 

Both parents, compulsory schooling 

only 0.895 0.356 0.326   0.935 0.268 0.262   0.759 0.405 0.276 

Both parents, no college degree 0.943 0.512 0.527   0.940 0.470 0.485   0.631 0.251 0.442 

Fathers' employed 0.779 0.678 0.870   0.825 0.852 0.988   0.960 0.708 0.748 

6th grade cohort: Teacher 

characteristics 
  

                    

Male 0.031 0.233 0.552   0.028 0.241 0.528   0.026 0.190 0.592 

Age 0.347 0.139 0.665   0.327 0.124 0.652   0.312 0.164 0.787 

Principal survey                       

Male 0.330 0.581 0.692   0.341 0.574 0.717   0.532 0.757 0.763 

Priorities: Which of the following 

three are the most important at your 

school?                       

Student's national test scores 0.637 0.090 0.240   0.637 0.090 0.240   0.595 0.086 0.243 

Inclusion of students with special 

needs in the ordinary classroom 

teaching 0.575 0.638 0.914   0.563 0.622 0.918   0.677 0.874 0.792 

Students' general wellbeing at school 0.444 0.230 0.686   0.435 0.222 0.681   0.494 0.329 0.782 

No. students 1,717 1,737 1,564   1,720 1,725 1,551   1,396 1,624 1,423 

No. schools 70 70 70  70 70 70  69 68 69 

Note: This table displays p-values from pairwise balancing tests of equal average characteristics. Balancing tests are performed by a 

series of t-tests from regressing each covariate on the treatment indicator with clustering at the school level. School level is 

determined by the student’s initial school allocation (August 2012). Student and parental characteristics are obtained from register 

data and survey data collected before the beginning of the intervention. Teacher and principal characteristics are from the principal 

pre-survey. Test scores are standardized in the population with mean zero and a standard deviation of one within each year, grade and 

subject. SDQ score ranges from 0–40. Missing data are imputed with the value zero. 
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FIGURE A1. DISTRIBUTION OF NATIONAL TEST DATES BY EXPERIMENTAL GROUP 

 

FIGURE A2. DISTRIBUTION OF SURVEY TEST DATES BY EXPERIMENTAL GROUP 
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FIGURE A3. DISTRIBUTION OF PREDICTED SCHOOL AVERAGE TEST SCORE  

BY EXPERIMENTAL GROUP 
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Appendix B. Additional Results 

TABLE B1. ROBUSTNESS OF THE AVERAGE EFFECTS, STUDENT ACHIEVEMENT 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Outcome: Reading                

Co-teacher w/degree 0.086*** 0.111* 0.088*** 0.091*** 0.087*** 0.092*** 0.117*** 0.087*** 

  (0.030) (0.065) (0.029) (0.030) (0.030) (0.030) (0.029) (0.029) 

Teaching assistant w/o degree 0.131*** 0.161** 0.125*** 0.136*** 0.126*** 0.136*** 0.153*** 0.132*** 

  (0.038) (0.068) (0.038) (0.038) (0.037) (0.038) (0.037) (0.039) 

Pre-test reading (4th grade) 0.745***  0.672*** 0.630*** 0.617*** 0.607*** 0.604*** 0.745*** 

  (0.012)  (0.013) (0.012) (0.012) (0.012) (0.013) (0.012) 

Pre-test, missing (0/1) 
–0.604*** 

 
–0.564*** –0.494*** –0.483*** –0.478*** –0.469*** 

–

0.597*** 

  (0.082)  (0.081) (0.080) (0.079) (0.079) (0.080) (0.082) 

No. students 5,018 5,018 5,018 5,018 5,018 5,018 5,018 5,018 

No. schools 105 105 105 105 105 105 105 105 

 

Outcome: Math 
  

 
            

Co-teacher w/degree 0.058 0.041 0.037 0.035 0.030 0.039 0.050 0.059 

  (0.050) (0.078) (0.045) (0.047) (0.047) (0.047) (0.046) (0.050) 

Teaching assistant w/o degree 0.043 0.089 0.034 0.035 0.023 0.034 0.029 0.043 

  (0.054) (0.096) (0.052) (0.052) (0.051) (0.051) (0.053) (0.054) 

Pre-test math (3rd grade) 0.567***  0.403*** 0.387*** 0.374*** 0.374*** 0.378*** 0.556*** 

  (0.019)  (0.020) (0.019) (0.019) (0.019) (0.018) (0.018) 

Pre-test, missing (0/1) 
–0.148*** 

 
–0.068 –0.051 –0.043 –0.053 –0.043 

–

0.137*** 

  (0.050)  (0.048) (0.048) (0.047) (0.048) (0.047) (0.048) 

No. students 4,996 4,996 4,996 4,996 4,996 4,996 4,996 4,996 

No. schools 105 105 105 105 105 105 105 105 

Includes:                

Randomization-strata fixed effects X  X X X X X X 

Pre-test and indicator if missing  X  X X X X X X 

Student national test scoresa  
 

 X X X X X X 

Student register datab 
  X X X X   

 
Student survey informationc  X  

 
      

Parental register datad 
      X X   

 
School register data and survey informatione 

     X  
 

  

Student mobility during interventionf 
      X    

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effects, and additional covariates as specified in the lower panel. Missing pre-test is imputed with zero and 

an indicator for missing added. Standard errors in parentheses are clustered at the school level. a National test scores include 3rd grade 

math score and 4th grade reading score, including indicators if missing. bStudent register data includes gender, age, information on 

birth outcomes, non-Western immigrant or descendent, ICD-10 diagnosis indicators (F, J, and I), number of visits to the emergency 

department, special education needs (SEN), average monthly absence during 5th grade, and the number of school moves, grade 

retention and special school enrollment during grades 1–5. cStudent survey information includes SDQ scores and indicators of “My 

parents cannot help with homework” and “I have trouble concentrating.” dParental register data includes age, family type, income, 

work experience, and six education-level indicators. eSchool register data includes number of students, classes, SEN, and diagnosed 

students at the 6th grade cohort. Principal survey information includes indicator of “I’m interested in data on student achievement” 

and “I’m interested in data on student wellbeing.” fStudent mobility during the intervention period include grade retention, transfer 

to segregated special education classes, and drop out of the school before (Aug. 2012–Sep. 2012) or during (Oct. 2012–June 2013) 

the intervention period. Register data and survey data collected before the beginning of the intervention. Missing data is imputed with 

value zero. 
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TABLE B2: EFFECT ON TEST SCORES BY TIME AFTER INTERVENTION START 

  (1) (2) (3) (4) (5) (6) 

        Parental education 

  All Boys Girls 
Compulsory 

schooling only 

No college 

degree 

At least one with 

college degree 

1 MONTH (GRADE 6)             

Outcome: Reading       

Co-teacher w/degree 0.044* 0.026 0.056* –0.018 0.051 0.035 

  (0.024) (0.031) (0.030) (0.086) (0.031) (0.031) 

Teaching assistant w/o degree 0.077*** 0.097*** 0.061** 0.119 0.120*** 0.007 

 (0.027) (0.037) (0.030) (0.097) (0.035) (0.033) 

No. students 4,859 2,487 2,372 438 2,793 2,066 

No. schools 104 103 104 98 104 103 

       

Outcome: Math             

Co-teacher w/degree 0.084** 0.076 0.094* 0.127 0.087* 0.078* 

  (0.042) (0.049) (0.048) (0.110) (0.049) (0.045) 

Teaching assistant w/o degree 0.056 0.065 0.050 0.130 0.055 0.034 

  (0.046) (0.052) (0.053) (0.136) (0.054) (0.046) 

No. students 4,824 2,466 2,358 427 2,789 2,035 

No. schools 104 103 104 97 103 104 

8 MONTHS (GRADE 6)             

Outcome: Reading             

Co-teacher w/degree 0.086*** 0.076** 0.094** 0.060 0.092** 0.073** 

  (0.030) (0.034) (0.038) (0.098) (0.037) (0.031) 

Teaching assistant w/o degree 0.131*** 0.135*** 0.132*** 0.223** 0.177*** 0.048 

  (0.038) (0.041) (0.049) (0.107) (0.047) (0.037) 

No. students 5,018 2,568 2,450 448 2,898 2,120 

No. schools 105 105 105 101 105 105 

       

Outcome: Math             

Co-teacher w/degree 0.058 0.050 0.066 0.259* 0.050 0.065 

  (0.050) (0.062) (0.052) (0.141) (0.056) (0.055) 

Teaching assistant w/o degree 0.043 0.056 0.025 0.120 0.043 0.010 

  (0.054) (0.062) (0.062) (0.149) (0.058) (0.063) 

No. students 4,996 2,562 2,434 445 2,879 2,117 

No. schools 105 105 105 101 105 105 

30 MONTHS (GRADE 8)             

Outcome: Reading             

Co-teacher w/degree 0.051 0.080* 0.013 0.095 0.068** 0.018 

  (0.031) (0.045) (0.036) (0.082) (0.030) (0.041) 

Teaching assistant w/o degree 0.029 0.025 0.032 0.207*** 0.055 –0.026 

  (0.037) (0.053) (0.037) (0.078) (0.038) (0.046) 

No. students 4,601 2,372 2,229 408 2,667 1,934 

No. schools 105 105 105 98 105 105 

       

Outcome: Matha             

Co-teacher w/degree 0.025 0.021 0.025 0.201** 0.021 0.015 

  (0.038) (0.049) (0.043) (0.094) (0.036) (0.053) 

Teaching assistant w/o degree –0.007 –0.023 0.004 0.191* –0.006 –0.018 

  (0.042) (0.056) (0.044) (0.112) (0.044) (0.051) 

No. students 4,648 2,386 2,259 415 2,706 1,942 

No. schools 105 105 105 97 105 105 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effects, and the pre-test. Standard errors in parentheses are clustered at the school level. The pre-test is 

imputed with the value zero and a missing-indicator equal to one added, if data on the pre-test is missing. The 1-month test scores are 

standardized with the population parameters from the mandatory grade 6 national tests. aThe 30-months test is a test in natural 

science (an average of scores in geography, biology, and physics/chemistry). 
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TABLE B3. CORRECTING FOR ATTRITION BIAS 

 (1) (2) (3) (4) (5) (6) 

  
 

 
 

Impute missing outcome 

  

From 

Table 6  

Inverse 

probability 

weighting 

Trimming sample Last 

observation 

carried 

forward 

with 5th/95th percentile 

  

below/above 

2.5pctile 

Worst  

case 

Best  

case 

Outcome: SDQ score 

 

 

  

  

Co-teacher w/degree –0.087 –0.151 0.008 –0.078 –1.105*** 0.635** 

  (0.167) (0.173) (0.175) (0.133) (0.368) (0.291) 

       

Teaching assistant w/o degree –0.153 –0.189 –0.172 –0.110 –1.087** 0.528 

  (0.179) (0.179) (0.184) (0.139) (0.463) (0.349) 

       

No. students 4,443 4,443 4,004 5,213 5,213 5,213 

No. schools 103 103 103 105 105 105 

 

Outcome: Wellbeing in class 

 

 

    Co-teacher w/degree –0.115 –0.131 –0.136* –0.110* 0.238* –0.348*** 

  (0.075) (0.084) (0.074) (0.059) (0.131) (0.101) 

       

Teaching assistant w/o degree –0.005 0.055 –0.003 –0.017 0.268 –0.240** 

  (0.079) (0.086) (0.082) (0.061) (0.164) (0.119) 

       

No. students 4,364 4,364 4,023 5,213 5,213 5,213 

No. schools 103 103 103 105 105 105 

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effects, and the pre-test. Missing pre-test is imputed with zero and an indicator for missing added. 

Standard errors in parentheses are clustered at the school level. Inverse probability weighting assigns each non-missing post 

observation weight equal to their inverse probability of being in the student survey sample, Probability weights are estimated using a 

logit model including all covariates from the attrition analysis in Table A4 in Appendix A. The last three columns impute missing 

outcomes with values from the pre-measure distribution. The last two columns are interpreted as lower and upper bounds on the 

treatment effects estimated by replacing missing outcomes the 95th or 5th percentile value, respectively. 
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TABLE B4. EFFECT ON BEHAVIOR BY SDQ SUBSCALE AND STUDENT GENDER 

  (1)   (2)   (3)   

  All   Boys   Girls   

Outcome: Above borderline cutoff on SDQ score           

Co-teacher w/degree –0.013   –0.016   –0.012   

  (0.012)   (0.015)   (0.015)   

  [–0.091*** ;0.005] [–0.090*** ;0.002] [–0.094*** ;0.007] 

Teaching assistant w/o degree –0.021*   –0.022   –0.019   

  (0.012)   (0.015)   (0.016)   

  [–0.093** ;–0.002] [–0.089** ;–0.002] [–0.095*** ;–0.003] 

Outcome: Above borderline cutoff on SDQ emotional problems         

Co-teacher w/degree 0.010   0.021**   0.001   

  (0.010)   (0.010)   (0.016)   

  [–0.081*** ;0.016*] [–0.073** ;0.020**] [–0.089*** ;0.011] 

Teaching assistant w/o degree –0.001   0.000   0.001   

  (0.009)   (0.010)   (0.016)   

  [–0.087** ;0.005] [–0.089** ;–0.001] [–0.082** ;0.011] 

Outcome: Above borderline cutoff on SDQ conduct problems         

Co-teacher w/degree –0.005   –0.010   0.001   

  (0.010)   (0.016)   (0.012)   

  [–0.087*** ;0.010] [–0.085*** ;0.008] [–0.087*** ;0.013] 

Teaching assistant w/o degree –0.013   –0.021   –0.007   

  (0.011)   (0.018)   (0.015)   

  [–0.089** ;0.001] [–0.089** ;–0.004] [–0.089** ;0.003] 

Outcome: Above borderline cutoff on SDQ hyperactivity            

Co-teacher w/degree –0.013   –0.001   –0.025   

  (0.015)   (0.021)   (0.017)   

  [–0.084*** ;0.013] [–0.067** ;0.025] [–0.101*** ;–0.000] 

Teaching assistant w/o degree –0.030*   –0.015   –0.046**   

  (0.016)   (0.021)   (0.018)   

  [–0.093*** ;–0.002] [–0.073** ;0.014] [–0.115*** ;–0.021] 

Outcome: Above borderline cutoff on SDQ peer problems           

Co-teacher w/degree –0.015   –0.002   –0.033**   

  (0.011)   (0.015)   (0.016)   

  [–0.095*** ;0.002] [–0.077** ;0.015] [–0.116*** ;–0.016] 

Teaching assistant w/o degree –0.009   –0.011   –0.010   

  (0.011)   (0.016)   (0.016)   

  [–0.083** ;0.008] [–0.077* ;0.011] [–0.091** ;0.003] 

Outcome: Above borderline cutoff on SDQ pro-social behavior           

Co-teacher w/degree –0.012   –0.027   0.004   

  (0.012)   (0.021)   (0.012)   

  [–0.095*** ;0.002] [–0.096*** ;–0.004] [–0.092*** ;0.008] 

Teaching assistant w/o degree –0.020   –0.031   –0.012   

  (0.012)   (0.019)   (0.013)   

  [–0.095*** ;–0.004] [–0.090** ;–0.003] [–0.102** ;–0.008] 

Control group mean:             

- Emotional problems 0.107   0.043   0.174   

- Conduct problems 0.136   0.169   0.101   

- Hyperactivity 0.208   0.223   0.191   

- Peer problems 0.182   0.197   0.166   

- Pro-social 0.140  0.191  0.085  

No. students 4,443   2,266   2,174   

No. schools 103  103  103  

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include constant, 

municipality fixed effects, and the pre-measure collected by the student pre-survey before the intervention period. Missing pre-

measure is imputed with zero and an indicator for missing added. Standard errors in parentheses are clustered at the school level. 

Lower and upper bounds on the treatment effects in brackets are estimated assigning missing outcomes the 95th or 5th percentile 

value, respectively. Three students are dropped due to missing gender information. The tests for equal coefficients on co-teacher and 

teaching assistant are only rejected (at the 10% significance level) for sub-dimensions emotional and peer problems. 
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TABLE B5. ROBUSTNESS OF THE AVERAGE EFFECTS, WELLBEING AND BEHAVIOR  

  (1) (2) (3) (4) (5) (6) (7) (8) 

Outcome: SDQ score                

Co-teacher w/degree –0.087 –0.193 –0.083 –0.025 –0.061 –0.038 –0.100 –0.088 

  (0.167) (0.324) (0.167) (0.163) (0.166) (0.160) (0.157) (0.168) 

Teaching assistant w/o degree –0.153 –0.482 –0.131 –0.249 –0.283 –0.244 –0.268 –0.158 

  (0.179) (0.314) (0.178) (0.183) (0.186) (0.185) (0.179) (0.179) 

Pre-test SDQ score 0.653***  0.636*** 0.631*** 0.591*** 0.627*** 0.626*** 0.652*** 

  (0.013)  (0.013) (0.013) (0.015) (0.013) (0.013) (0.013) 

Pre-test, missing (0/1) 7.513***  7.210*** 7.121*** 5.728*** 7.100*** 7.117*** 7.486*** 

  (0.504)  (0.484) (0.475) (0.593) (0.456) (0.439) (0.503) 

No. students 4,443 4,443 4,443 4,443 4,443 4,443 4,443 4,443 

No. schools 103 103 103 103 103 103 103 103 

Outcome: Wellbeing in class                

Co-teacher w/degree –0.115 –0.022 –0.114 –0.112 –0.087 –0.106 –0.095 –0.110 

  (0.075) (0.106) (0.074) (0.078) (0.076) (0.077) (0.075) (0.075) 

Teaching assistant w/o degree –0.005 0.051 –0.007 0.049 0.059 0.047 0.068 –0.005 

  (0.079) (0.107) (0.079) (0.086) (0.083) (0.086) (0.085) (0.079) 

Pre-test wellbeing index 0.530***  0.529*** 0.515*** 0.469*** 0.514*** 0.514*** 0.528*** 

  (0.021)  (0.021) (0.021) (0.022) (0.021) (0.021) (0.021) 

Pre-test, missing (0/1) 6.354***  6.355*** 6.218*** 5.041*** 6.196*** 6.192*** 6.362*** 

  (0.321)  (0.321) (0.318) (0.366) (0.320) (0.323) (0.321) 

No. students 4,364 4,364 4,364 4,364 4,364 4,364 4,364 4,364 

No. schools 103 103 103 103 103 103 103 103 

Including:                

Randomization-strata fixed effects X  X X X X X X 

Pre-test and indicator if missing  X  X X X X X X 

Student national test scoresa  
 

 X X X X X X 

Student register datab   X X X X   
 

Student survey informationc  X  
 

      

Parental register datad       X X   
 

School register data and survey informatione      X  
 

  

Student mobility during intervenitonf       X    

Note: *significant at the 10% level, **significant at the 5% level, ***significant at the 1% level. All models include a constant, 

randomization-strata fixed effects, and additional covariates as specified in the lower panel. Missing pre-test is imputed with zero and 

an indicator for missing added. Standard errors in parentheses are clustered at the school level. a National test scores include 3rd grade 

math score and 4th grade reading score, including indicators if missing. bStudent register data includes gender, age, information on 

birth outcomes, non-Western immigrant or descendent, ICD-10 diagnosis indicators (F, J, and I), number of visits to the emergency 

department, special education needs (SEN), average monthly absence during 5th grade, and the number of school moves, grade 

retention, and special school enrollment during grades 1–5. c Student survey information includes SDQ scores and indicators of “My 

parents cannot help with homework” and “I have trouble concentrating.” dParental register data includes age, family type, income, 

work experience, and six education-level indicators. eSchool register data includes number of students, classes, SEN, and diagnosed 

students at the 6th grade cohort. Principal survey information includes indicator of “I’m interested in data on student achievement” 

and “I’m interested in data on student wellbeing.” fStudent mobility during the intervention period include grade retention, transfer 

to segregated special education classes, and drop out of the school before (Aug.–Sep. 2012) or during (Oct. 2012–June 2013) the 

intervention period. Register data and survey data collected before the beginning of the intervention. Missing data is imputed with 

value zero. 

  



58    CHAPTER 1 

 

 

 

 

  



 

59 

 

2 TEACHER GENDER AND STUDENT ACHIEVEMENT 

 

Louise V. Beuchert, Aarhus University 

 

 

Abstract 

This paper investigates the relationship between teacher gender and student achievement in primary 

schools. The empirical strategy exploits unique registry and survey data that provides variation in 

teacher gender within-student across-subjects. My findings indicate that boys attain significantly 

higher academic achievement when taught by a male teacher compared to a female teacher. This 

could reflect the absence of male role models in schools largely dominated by female teachers and 

social educators. The paper discusses possible policy implications based on a sub-sample exposed 

to co-teachers 10 lessons per week. The results show that boys benefit when a male co-teacher, 

compared to a female co-teacher, is introduced in classrooms with female teachers. 

 

JEL classification: I21; I24; J16 

Keywords: Teacher quality; teacher gender; gender gap; test scores; teacher-student interactions; 

within-student variation 
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2.1 Introduction 

OECD (2015) documents that girls outperform boys in reading across all 64 OECD countries and 

partners, which has also been the case since Programme for International Student Assessment 

(PISA) 2000. The average gender gap for reading is equivalent to an extra year of schooling. Boys 

perform better in math and science, but this is reversing in many countries as well. OECD assesses 

students at age 15, i.e. around school leaving age. National and state testing programs document 

similar patterns in earlier stages of compulsory education.
32

 The gender gap is also present with 

regard to educational achievement and occupational choices (see, e.g., Goldin et al. 2006; 

Pekkarinen 2012; OECD 2015) and is thus a policy concern. 

This paper, which analyzes the relationship between teacher gender and student achievement in 

primary school, presents evidence that students, especially boys, attain higher academic 

achievement when taught by a teacher of their own gender. This result is in line with the newest 

evidence from student fixed effect models (see Dee 2007; Winters et al. 2013). Furthermore, the 

paper discusses possible policy implications based on a sub-sample exposed to co-teachers 10 

lessons per week, the flexibility of the policy allowing more students to interact with male teachers. 

Observable teacher characteristics, such as gender, are of importance as they represent a variable 

that policy makers and schools can manage when hiring and assigning teachers to students. Earlier 

literature fails to identify the causal effects of teacher gender on student achievement (see, e.g., 

Ehrenberg et al. 1995; Carrington et al. 2008). The literature developed when data matching teacher 

and students became available and allowed causal relationships to be identified from within-student 

across-teacher variation (Ladd 2008). Only a few studies, however, are able to match teachers and 

students at the student and subject levels. At the primary and lower secondary school levels, Dee 

(2007) and Winters et al. (2013) show that students appear to benefit from being taught by a teacher 

of their own gender. Winters et al. (2013) also show, however, that the importance of gender varies 

according to grade level, and is apparently stronger in the older grades (grades 6-10).  

This paper contributes to the literature by presenting unique data that links individual students with 

their subject-specific teachers in reading and math. In Denmark, students are divided into classes 

                                                 

32
 For U.S. achievement gaps see, e.g., Husain and Millimet 2008; Fryer and Levitt 2010; and Robinson and Lubienski 

2011. For international studies, see, e.g., Machin and McNally 2005 and Bedard and Cho 2010. In Denmark, national 

tests document gender gaps in achievement from the first tests in second grade and onwards (Beuchert and Nandrup 

2014). 
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when they enter grade zero and remain in that class until their compulsory schooling ends in ninth 

grade, which means students generally have the same set of classmates in each subject. The 

empirical strategy takes advantage of this setting and compares the academic achievement of the 

same student across different subjects taught by teachers of different genders.  

The empirical analysis shows that students taught by a teacher of the same gender attain higher test 

scores by a standard deviation (SD) of 0.055. When estimated separately for boys and girls, the 

positive effect is driven by boys. Boys improve their test scores by 0.088 SD if taught by a male 

teacher. I use a combination of teacher surveys and Danish registry data, with teacher background 

characteristics measured before teachers were assigned to students, to argue that these result are not 

only driven by gender-related patterns in the sorting of teachers to students or differences in male 

and female teaching strategies across subjects.  

The results from the empirical analysis suggest that boys will benefit from more male teachers in 

school. This could reflect the absence of male role models in schools largely dominated by female 

teachers and social educators. OECD (2015) discusses how the perception boys have of schooling is 

shaped early on and may explain later gender differences in education. Another possible mechanism 

is the gender bias of female teachers, e.g., favoring the behavior of girls in school (see e.g., Beaman 

et al. 2006). Both mechanisms point toward adopting a policy that accommodates more student 

interaction with male teachers. This paper explores a random subsample of schools that introduces 

co-teachers. The results shows that boys with a teacher/co-teacher pair comprising both genders 

attain significantly higher achievement compared to a teacher/co-teacher pair with two females. 

With respect to policy recommendations, it is also important to note that this effect does not hamper 

the academic achievement of girls. 

The remainder of this paper is structured as follows. First, related literature is discussed, including 

the potential mechanisms behind student-teacher gender interactions. Next, section 2.3 describes the 

institutional settings and available data, which are a key aspect of the empirical strategy. Section 2.4 

then presents the empirical strategy and discusses identification, while section 2.5 comprises the 

empirical analysis, which covers the heterogeneous effects, robustness tests, and a discussion of the 

policy experiment. Finally, section 2.6 concludes. 
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2.2 Related Literature 

Two characteristics of teachers are studied extensively: gender and teaching credentials. Earlier 

literature fails to confirm gender and teaching credentials as important determinants of student 

achievement (see, e.g., Ehrenberg et al. 1995; Hanushek 1997; Carrington et al. 2008; Ladd 2008). 

More recent literature, in contrast, finds that this conclusion is driven by the lack of student-teacher 

data and weak identification strategies. Ladd (2008) discusses this development in the teaching 

credential literature. 

Dee (2007), Cho (2012), Winters et al. (2013), and Antecol et al. (2015) link data on primary school 

children and their teachers in order to study the relationship between teacher gender and student 

achievement.
33

 Dee (2007), Cho (2012), and Winters et al. (2013) exploit within-student across-

subjects variation. Winters et al. (2013) find that a teacher of the same gender has an insignificant 

impact in primary school (grades 3) and does not become statistically or economically significant 

until middle school (grades 6-10). Dee (2007) also finds that eighth graders benefit from being 

taught by a teacher of the same gender. Specifically, boys benefit from having a male teacher, with 

an estimated effect of around 0.04 SD. In a study of OECD countries, Cho (2012) estimates effects 

of the same magnitude for boys in Canada, Spain, Japan, and Portugal.
34

 A study by Antecol et al. 

(2015), however, does not support the positive effects of a teacher of the same gender and shows 

that female teachers lower the math test scores of girls. However, they use a selected sample from 

the Teach for America program. 

Winters et al. (2013) hypothesize about how the various impacts of the teacher’s gender across 

grade levels may be a reflection of role-model effects. For example, teenagers become more aware 

of gender differences and stereotypes. Grönqvist and Vlachos (2014), whose results support 

heterogeneous gender effects in student-teacher interaction, consider the relationship between 

teachers’ cognitive and social abilities and student achievement in ninth grade, also in a within-

student framework, and find no general relationship. Their results, however, indicate that boys (both 

                                                 

33
 Studies on teacher gender in secondary and post-secondary education are ambiguous. For example, Bettinger and 

Long (2005) find that female college students benefit from female teachers, whereas Holmlund and Sund (2008) find no 

causal relationship. 
34

 In France, Greece, and Sweden there is a positive effect among girls taught by a female math teacher. For the 

remaining eight countries in the study, the estimates are small and insignificant, including for the U.S. (Denmark is not 

included). Cho (2012) does not find the evidence strong enough to support a universal effect from teachers of the same 

gender. 
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high and low performing) benefit from being taught by a teacher of their own gender to a larger 

extent than girls. 

The teacher’s gender may influence student-teacher interaction in the classroom through multiple 

channels, which can be affected by the perceptions of gender and schooling the teacher and student 

have (see e.g., review by Beaman et al. 2006). 

The student may respond to the teacher’s gender through positive role-model effects or negative 

stereotype threats (see, e.g., Beilock et al. 2010; Lavy and Sand 2015). There is evidence that same-

sex role models shape educational expectations (OECD 2015). On the other hand, stereotype threats 

may affect students negatively, for example, if girls fear being assessed by a female teacher who 

believes that boys are better than girls at math (see, e.g., Beilock et al. 2010; Antecol et al. 2013). 

Antecol et al. (2013) find some evidence that their results may be driven by female teachers with 

math anxiety and stereotype threats.  

The teacher’s own gender may bias the teacher’s assessment of student academic performance and 

behavior in class (see, e.g., Dee 2007; Lavy 2008; Mechtenberg 2009; Cornwell et al. 2013). 

Everyday teacher-student interaction, such as student feedback and encouragement in the 

classroom, may also show teacher bias. Systematic differences in teacher grading by student gender 

is documented in many countries (see, e.g., Lavy 2008 (Israel); Cornwell et al. 2013 (U.S.); Falch 

and Naper 2013 (Norway); and Rangvid 2015 (Denmark)).
3536

 Research on the consequences of 

teacher bias in grading examine the issue theoretically and empirically. Mechtenberg (2009), for 

example, sets up a principal-agent model in which grades represent how teachers signal student 

ability and introduce a bias in the signals. She shows that the biased signal results in a loss of 

information, which in turn has different implications for boys and girls because they internalize the 

signal concerning their ability differently. Empirically, Lavy and Sand (2015) present evidence that 

stereotypical gender bias among teachers in grading in primary school (6
th

 grade) has implications 

for test scores and later educational choices in high school. 

                                                 

35
 Rangvid (2015) compares internal and external exam grades and finds significant grading gaps against boys of the 

magnitude 0.1-0.2 SD. Beuchert and Nandrup (2014) report that Danish boys generally outperform girls in all other 

subjects but reading on national tests objectively measured in an online test system. This is in contrast to the general 

belief that girls do better than boys in school. Overall, it suggests a teacher bias in favor of girls in Danish schools. If 

boys acted like girls, they would perhaps obtain the same grades from teachers, conclude Cornwell et al. (2013) based 

on the ECLS-K cohort. 
36

 Hinnerich et al. (2011) find no evidence of teacher bias against boys in Swedish high schools.  
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Documenting teacher bias involving stereotypes that is present in everyday teacher-student 

interactions is difficult (see, e.g., Cornwell et al. (2013), who control for differences in non-

cognitive skills). In a Norwegian study, the gender grading gap is correlated with the share of 

female and experienced teachers on a school level, but they do not measure teacher-student 

interactions (Falch and Naper 2013). Behavioral differences between boys and girls, and how these 

are perceived by the teacher, are also related to this discussion. Dee (2007) finds that boys are more 

likely to be perceived as disruptive by female teachers. Kristoffersen et al. (2015) document gender 

differences in behavioral problems among Danish children, where girls with externalizing 

behavioral problems tend to get higher exam scores compared to boys with the same problems. The 

results are weaker using teacher-assessed behavior compared to parental assessments, which 

suggest that the teachers recognize and respond to behavioral differences among boys and girls. 

2.3 Institutional Settings and Data 

2.3.1 Danish Public Schools and Teacher Education 

Compulsory education in Denmark lasts ten years and is publicly financed. Compared to many 

other countries, tracking and sorting students is not allowed in Danish public schools. Children start 

school in August the year they turn six and are put into a class, generally independently of ability 

and parental background, and then remain in this class until ninth grade.
37

 

For illustrative purposes, consider the cohort of children born in 2000, 87% of whom enroll in a 

public school, 10% in a private or independent school, and 2% in a segregated special education 

school.
 38

 The average class size is 22 students. When children enter sixth grade, only 18% have 

moved school once and 3% have moved school more than once. This means that 80% of the 

students still attend the same school as where they began at age six. Changing class within a school 

is uncommon. The 2000 cohort, less than 2% of the children changed class from grades zero 

through sixth grade. This also includes grade retention.  

Danish teachers in public schools have a high degree of autonomy (OECD 2011). There is a set of 

common objectives for student learning, but the teachers choose their own teaching materials and 

                                                 

37
 Out of 1,360 public schools, students from 177 of them move to a larger school after sixth grade, which means they 

enter a new class. Since this paper focuses on students in sixth grade, this change is not a concern. 
38

 Grade zero (Kindergarten) is taught by a pre-school teacher, but first to ninth grade are taught by subject-specific 

teachers. 
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method of teaching (OECD 2011). Danish and math are both based on innovative teaching 

practices, student engagement, interactive group work, and promotion of students’ comprehensive 

development.
39

  

In Denmark, teachers have a four-year degree from a teachers college. Since 1966, the degree 

program has been centrally regulated by the public Teacher Education Act. Teachers are required to 

take courses in general education theory, psychology, and didactic methods but must also take 

courses in two or three main teaching subjects, e.g., Danish, math, history, English, physics, and 

physical education (Rambøll 2011). Students receive training at local schools to allow them to 

practice their teaching skills and methods. There have been a number of institutional changes in the 

teacher education in the last two decades.
40

 In 1997, a major reform expanded the degree from three 

to four years and more emphasis was put on the main teaching subjects and teacher training (EVA 

2003). For historical and ideological reasons, teachers are educated to teach at all grade levels and 

generally follow the same class from first to ninth grade.
41

 

2.3.2 Information about Students 

This paper uses a sample of sixth grade students in public schools in the 2012-2013 academic year. 

Student achievement is measured using their sixth grade national test scores. Student enrolment, 

background, and national test scores are available through registry data maintained by Statistics 

Denmark.  

Student enrollment and background 

The Danish student population registry contains yearly registrations of students with unique 

identifiers on students, schools, and class affiliations. Unique identifiers mean that it is possible to 

                                                 

39
 See collection of articles from the National Agency for It and Learning (UNI-C), emu.dk/omraade/gsk-laerer. 

40
 The first Public Teacher Education Act was introduced in 1954. Subsequent trends in legislation and institutional 

changes can be divided into six periods: 1954-1966 centrally regulated teacher education; 1967-1981 teacher shortage 

and increasing enrollment; 1982-1989 declining enrollment leading to institutional consolidations; 1990-1997 multiple 

political adjustments of the teaching degree and financial instruments; 1998-2005 declining completion rates and 

political battlefield; and 2006-2013 reform to strengthen teacher certification in Danish and math. These six periods will 

be used to define teacher entry and graduation cohorts. 
41

 In Danish, this teacher is called “Enhedslæreren” and receives strong support from the Danish Union of Teachers. 

During the last decade, however, schools have started to divide teaching staff by grade configurations, which means 

staff typically teach grades 1-3, grades 4-6 or grades 7-9 (EVA 2007). Age specialization did not formally become an 

integral part of the teaching degree program until 2013. 
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follow students and obtain student level information on school type (including public, private, and 

segregated special education schools), school moves, grade retention, special education needs, and, 

not least, students’ national test scores.  

Student identifiers are merged with the birth registry to get parental identifiers. The birth registry 

also contains other birth information, such as birth weight and birth order. Parental characteristics 

are then combined from yearly registries on level of education, income, and employment status. All 

background characteristics are measured the year the child turns five, which is the year before 

children officially start school. Registry data also contains yearly registration of marital status and 

residential address, indicating whether parents cohabitate. Table A1 in Appendix A lists available 

background characteristics and provides descriptive statistics for the sixth grade cohort.  

Student achievement  

Student achievement is measured using national test scores in reading and math. The national tests 

are mandatory in all public schools and completed in the second half of the school year. Reading 

tests are completed in grades 2, 4, 6, and 8, and math tests are completed in grades 3 and 6. An 

important advantage of the national tests, in addition to the fact that they are mandatory, is that they 

are adaptive and completed online.
 
This means that there is no teacher assessment of the test, 

reducing concerns about teacher bias in test results.
42

 

The Danish national tests provide formative assessment of students and are considered low stake 

tests.
43

 The test results are confidential and only available to the student’s teacher and parents. 

School authorities only have access to cohort-by-subject averages and are thus unable to use the 

national tests for accountability.  

                                                 

42
 The online test program is based on an adaptive algorithm that draws individual test questions for the student and 

simultaneously estimates the student’s test score. The student starts out with a test question of average difficulty and is 

then given questions based on the student’s ability to correctly answer the previous questions. The test results and 

difficulty of the test questions are measured on a Rasch-calibrated logit scale. The test process continues until the test 

score is estimated within a pre-determined standard error of measurement. Each test measures three cognitive domains. 

The reading test measures language comprehension, text comprehension and decoding, while the math test measures 

numbers and algebra, geometry, and applied math. For more details, see Wandall (2011). 
43

 The test is completed in an informal setting. Students are allowed to pause the test session and use the same set of 

aides they normally have access to. Students are not told the exact test score, which is transformed into five groups 

relative to the national norm. Less than 4% of the students had missing test results in 2012, 12% of which were legally 

exempted due to disabilities (Beuchert and Nandrup 2014). 
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Thus, compared to other studies based on teacher-assessed test results, or high stake tests, this 

measure of student achievement should be less plagued by teacher gender bias and hence strengthen 

the external validity of the analyses.  

In this paper, test scores are standardized with mean zero and an SD of one by test year, grade, and 

subject.
44

 

2.3.3 Information about Teachers 

The Danish registry data does not link teachers and classes or students directly. Data linking 

students and teachers is obtained from two large-scale experiments conducted in the sixth-grade 

school cohort for the 2012-2013 academic year. The linkage is possible since all students and 

teachers are registered with personal identifiers and unique class and school identifiers. The two 

experiments are the Danish Co-teacher Experiment (Andersen et al. 2016) and the Danish Teacher 

Supervision Experiment (Andersen et al. 2014). Pooling data from the two experiments results in a 

sample size of 183 public schools, including all of the schools’ sixth grade classes (henceforth 

referred to as the experiment sample).
45

  

In total, the experiment sample covers 397 classes, 250 of which were in one of two control groups. 

The control groups (henceforth referred to as the estimation sample) were not exposed to any 

interventions and constitute the main estimation sample of the empirical analysis. Table A2 in 

Appendix A shows that the experiment and estimation samples balance on an extensive set of 

school, teacher, and student characteristics.
46

 

Teacher and class identifiers 

Before the intervention groups are announced, the school principal registers all sixth grade students, 

classes, and the Danish and math teacher for each class, including the teachers’ social security 

numbers (from which we extract the teachers’ birth date and gender), name, and email address. The 

system assigns each school, class, and teacher a unique identifier. An email containing a teacher 

                                                 

44 
Data contains one test score for each cognitive domain of the test. Test scores are standardized with mean zero and an 

SD of one within each test year, grade, subject, and cognitive domain. The average is then calculated and standardized 

with mean zero and an SD of one. 
45

 Table A1 in Appendix A provides a set of balancing tests showing that the experiment sample is a representative 

sample of Danish public schools. Hence, the external validity of the study seems fair. 
46

 Before pooling the two control groups from the Danish Co-teacher Experiment and the Danish Teacher Supervision 

Experiment, I also confirm that they balance. See Table A2, column (4) in Appendix A.  
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survey is then sent to the teachers. In the survey, teachers must enter which classes and subjects 

they teach in the sixth grade cohort. This means there are two sources available to cross-validate the 

teacher, class, and subject assignments: the school principal’s initial registration and the teacher 

survey. Out of 397 classes, 94% of the Danish teachers and 92% of the math teachers reply to the 

survey. Importantly, the gender of the teacher is available based on the data from the principal when 

missing in the teacher survey. The teacher information is missing for only one Danish class and two 

math classes from both sources. 

Teacher gender, qualifications, and background 

The teachers’ personal identifiers link their survey information with registry data from Statistics 

Denmark. Survey information includes teacher credentials (years of teaching experience and type of 

teaching degree), teaching strategies (e.g., using small groups in the classroom), and teacher 

perceptions of the classroom environment (e.g., quiet and orderly).
47

 Registry data contributes with 

information on age, number of children, number of boys, income, high school grade point average 

(GPA), and high school study program. Table 1 provides the mean characteristics of the teachers. 

Table 1 shows that there are significantly more females teaching Danish than math. This may 

suggests some gender selection in the choice of subject certification. It is a potential concern with 

regard to the identification strategy (which assumes that the effect of teacher gender is the same 

across subjects) if teachers teaching Danish and math differ systematically in a way correlated with 

their gender and student outcomes. However, some of this may vanish since only about half of the 

students are taught by a subject-certified teacher. Table 1, columns (2) and (3), reveals that only 

63% of the Danish teachers and 53% of the math teachers are certified.
48

 

  

                                                 

47
 The gender and credentials teachers report are cross-validated with registry data. 

48
 This is slightly low, but not uncommon for Danish schools. UNI-C (2013) reports that the share of subject-certified 

sixth-grade teachers varies from 45% to 85% across municipalities. 
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TABLE 1. TEACHER CHARACTERISTICS 

  Means and proportions   P-values 

  
All  

teachers 

Danish  

teachers 

Math  

teachers 
  

 Danish teachers 

= 

 Math teachers 

Female 0.64 0.83 0.44   0.00 

Age 44.23 44.44 44.00   0.59 

Age, missing 0.01 0.01 0.01   0.23 

Has children (2005) 0.77 0.78 0.77   0.61 

Has boys (2005) 0.57 0.57 0.58   0.82 

No. children (2005) 1.67 1.65 1.69   0.59 

Yearly income (avg. 2003-2005), DDK 220,310 220,340 220,270   0.94 

Yearly income (avg. 2003-2005), DKK, missing 0.06 0.06 0.05   0.29 

HS performance           

HS GPA -0.11 -0.10 -0.12   0.73 

HS GPA above median  0.32 0.35 0.28   0.04 

HS GPA above 75th percentile 0.16 0.17 0.15   0.30 

HS GPA above 90th percentile 0.06 0.07 0.06   0.52 

HS, general (3 years)  0.47 0.48 0.46   0.50 

HS, general math (3 years) 0.26 0.15 0.37   0.00 

HS, general humanities (3 years) 0.21 0.33 0.08   0.00 

HS, higher preparatory examination (2 years) 0.13 0.14 0.12   0.33 

HS, business (3 years) 0.01 0.01 0.02   0.43 

HS, missing (graduated before 1978) 0.38 0.36 0.40   0.32 

Teacher credentials (survey data)           

Teaching experience 12.47 12.50 12.46   0.97 

Teaching experience, missing 0.14 0.14 0.13   0.82 

Teaching experience >10 years 0.56 0.56 0.56   0.98 

Teaching degree 0.87 0.87 0.88   0.78 

- Teaching degree, Danish certificate 0.39 0.63 0.12   0.00 

- Teaching degree, math certificate 0.30 0.09 0.53   0.00 

- Teaching degree, special education certificate 0.04 0.05 0.02   0.06 

Teaching degree, merit degree (2 years) 0.05 0.05 0.05   0.99 

Teaching practices (survey data)           

I use small groups in the classroom  0.27 0.30 0.25   0.11 

I use individual teaching strategies  0.45 0.47 0.43   0.30 

I use individual teaching materials  0.32 0.33 0.32   0.82 

I prioritize high-achieving students  0.27 0.26 0.28   0.41 

I prioritize low-achieving students  0.58 0.55 0.60   0.16 

I spend time developing materials for high-achieving students  0.37 0.40 0.34   0.07 

I spend time developing materials for low-achieving students  0.48 0.53 0.42   0.00 

Teacher perception of class environment (survey data)      

The class is quiet and orderly 0.57 0.61 0.53   0.03 

There are conflicts in the class 0.03 0.02 0.04   0.03 

There is sufficient time per student in the class 0.09 0.09 0.10   0.47 

There is a good social environment in the class 0.60 0.62 0.59   0.48 

Teacher survey, completed (0/1) 0.85 0.87 0.82   0.04 

No. teacher/class combinations 738 388 350   738 

Note. Data from the experiment sample (397 classes). Some teachers may teach both Danish and math, and more than one 

class. Information on teacher credentials, teaching practices, and teacher perceptions of the class environment are collected 

from survey data at the beginning of sixth grade. The proportions indicate the share of teachers who “agree” or “strongly 

agree” with the statement. Registry data is measured in 2005 (the year before students start school). Missing values are 

imputed with the value zero. P-values refer to a test of equal means. Avg.: average, GPA: grade point average, HS: high 

school.  
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Access to registry data measured before the teachers enrolled in teacher college is unique and 

allows us to observe and describe possible observable selection into specific teaching subjects. 

Table 1 shows that there are no significant differences between the abilities of Danish and math 

teachers measured by high school GPA. Moreover, 16% of the teachers in both groups placed in the 

top quartile of their high school cohort distribution and 6% were above the 90
th

 percentile. This 

supports the hypothesis that teachers’ general academic performance does not differ by subject. A 

larger proportion of math teachers (39%) complete a math degree compared to Danish teachers 

(16%) but there is no difference in the proportion with a higher preparatory examination. Table 1 

also shows no significant differences in the number of children including boys or other registry-

based information, such as teacher experience or income. These variables are measured in the year 

before the students entered grade zero because they too may influence teacher preferences and 

allocation, but this seems not to be the case. 

Table 1 shows that 27% of the teachers divide the children into small groups to teach them 

separately, and half of the teachers apply individual teaching strategies or teaching materials. Only 

60% of the teachers report having a quiet, orderly class, and less than 10% think they have a  

sufficient amount of time per pupil. Table 1 reveals only a few statistical differences between the 

teaching strategies of Danish and math teachers and their perception of the classroom environment. 

Section 2.4.2 will examine these by subject and teacher gender. 

Finally, consider the actual variation in teacher gender across students and subjects. Table 2 shows 

the sample selection and the resulting number of students with a female or male teacher by subject, 

as well as the within-student variation in teacher gender across subjects. As described earlier, I use a 

sample of students from two large-scale experiments and only students from the control groups 

(3,312 students in total). When students and teachers with missing gender are left out, there are 

3,216 students in the sample.
49

 After conditioning on one outcome (national test score) for each 

student and subject, the final estimation sample is 3,063 students. The items under Gender-subject 

teacher combinations at the bottom of Table 2 on the left show that 47% of the students have a 

female Danish teacher and a male math teacher and that 35% have both a female Danish and math 

                                                 

49
 I also exclude four classrooms (154 students) with a full-time teacher substitute since the gender of the substitute is 

unknown. 
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teacher.
50

 The items under Same-gender variation (SD) at the bottom of Table 2 on the right show 

that 37% of the students encounter different teacher genders in Danish and math (i.e., within-

student variation). The next section describes how to take advantage of this variation in the 

empirical strategy. 

TABLE 2. SAMPLE SELECTION AND WITHIN-STUDENT VARIATION 

 
Students 

% of 

estimation  

 sample 

Classrooms Schools 

Sample selection condition         

Experiment sample (6th grade) 8,235   160 74 

Control group with no exposure to interventions 3,312   160 74 

Student gender, non-missing 3,307   160 74 

Teacher gender, non-missing 3,293   159 74 

No teacher substitute in 6th grade 3,216   155 73 

Outcome, non-missing:         

Reading outcome, non-missing 3,090   155 73 

Math outcome, non-missing 3,101   155 73 

Estimation sample with two outcomes per student 3,063 100%   155 73 

          

Variation in estimation sample         

Teacher gender         

Danish teacher, female 2,521 82% 129 69 

Danish teacher, male 542 18% 26 22 

Math teacher, female 1,336 44% 69 46 

Math teacher, male  1,727 56% 86 52 

          

Gender-subject teacher combinations     Same-gender variation (SD) 

Female Danish, male math (mixed gender) 1,439 47% Overall 0.500 

Female Danish, female math 1,082 35% Between 0.334 

Male Danish, female math (mixed gender) 254 8% Within  0.372 

Male Danish, male math 288 9%     

Note. This table shows the selection of the estimation sample to be used in the empirical analysis. The final 

estimation sample includes two observations per student. The lower panel of the table illustrates the percentage of 

students with each of the four possible gender-subject teacher combinations and the resulting variation in having a 

same-gender teacher between and within students. Between and within variation in the full experimental sample is 

similar, i.e., unaffected by the sample selection (not reported). SD: standard deviation. 

 

  

                                                 

50
 The share of students with a mixed gender-subject combination varies between 27% and 71% across the 17 

municipalities included in the estimation sample and does not seem to be more common at certain geographic areas. 

Only one municipality (rural area) has no male teachers in the sixth grade cohort.  
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2.4 Empirical Strategy 

Ordinary least squares (OLS) estimation of the relationship between student achievement and 

teacher characteristics, such as the gender of the teacher, is generally plagued by omitted variable 

and selection bias.
51

 Although access to extensive registry data on schools, teachers, and students 

makes it possible to extend the conditioning set and thus reduce bias from omitted variables, 

estimates are most likely still affected by selection bias. The schools parents choose and where 

teachers choose to work are selective, e.g., through residential segregation. For example, if male 

teachers generally are more likely to reside and work at schools in more deprived neighborhoods, 

then it is difficult to disentangle the causal effect of the teacher’s gender from that of the teacher’s 

motivation to work at these schools. Furthermore, such schools are typically composed of students 

with less advantageous school outcomes. For example, Rivkin, Hanushek and Kain (2005) and 

Clotfelter et al. (2006) document extensive sorting of students in the U.S., both across and within 

schools.
52

 

To address the potentially non-random selection of students into schools, classrooms, and teachers, 

this analysis employs a student fixed effect model (student FE). As described in section 2.3.1, 

classes in Danish schools are established in the first year of school. The teachers are then assigned a 

classes and not individual students to different teachers. Moreover, the same teacher follows the 

class in consecutives school years and tracking is not permitted. This means that students have the 

same set of classmates in each subject and we expect very limited within-school sorting of teachers 

to specific students. The empirical strategy takes advantage of this and compares the achievement 

of the same student across different subjects, taught by teachers of different genders. By comparing 

the same student in two different subjects, the unobserved average student ability, such as general 

propensity for achievement or motivation for school and homework, is eliminated. Also, 

unobserved family, school, and classmate backgrounds are eliminated since the students had the 

same inputs (because students attend the same class) in both subjects. In other words, with student 

                                                 

51
 In economics, we generally think of teacher characteristics as one of multiple inputs in the education production 

function (Kruger 1999) and rewrite it to an equation to be estimated by OLS. Many papers elaborate on the estimation 

of teacher characteristics within the framework of the education production; see, for example, Kruger (1999). 
52

 Kane et al. (2011) also document sorting by teaching practices (externally observed) across schools. Within schools, 

the correlation between teaching practices and student achievement are reduced. 
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fixed effects, we control for unobserved average student ability and family background, which are 

constant across subjects. 

2.4.1 Model Specification 

I estimate the following main model with student FE. For each student i, in subject j, the 

relationship between student test scores and being taught by a same-gender teacher is: 

𝑇𝐸𝑆𝑇𝑆𝐶𝑂𝑅𝐸𝑖𝑗 = 𝛼 + 𝛽1𝑆𝐴𝑀𝐸𝐺𝐸𝑁𝐷𝐸𝑅𝑖𝑗
𝑇𝐸𝐴𝐶𝐻𝐸𝑅 + 𝛽2𝑀𝐴𝐿𝐸𝑖𝑗

𝑇𝐸𝐴𝐶𝐻𝐸𝑅 + 𝜇𝑖 + 𝜇𝑗 + 𝜀𝑖𝑗  (1), 

where 𝑆𝐴𝑀𝐸𝐺𝐸𝑁𝐷𝐸𝑅𝑖𝑗 is an indicator equal to one if the teacher in subject j is of the same gender 

as the student i; and, hence, 𝛽1 is the parameter of interest. 𝑋𝑗
𝑇𝐸𝐴𝐶𝐻𝐸𝑅 is a vector of other teacher 

characteristics of the teacher in subject j; 𝜇𝑖 is a student fixed effect; 𝜇𝑗 is a subject fixed effect; and 

𝜀𝑖𝑗 is an error term. 𝑀𝐴𝐿𝐸𝑖𝑗
𝑇𝐸𝐴𝐶𝐻𝐸𝑅 is a gender indicator equal to one if the teacher in subject j is 

male and zero otherwise. Model (1) is estimated separately for boys and girls since the relationship 

is expected to differ by student gender. The following discussion will take this into account. 

𝛽1  is identified from students who have a teacher of their own gender in subject 𝑗′ 

(𝑆𝐴𝑀𝐸𝐺𝐸𝑁𝐷𝐸𝑅𝑖𝑗=𝑗′ = 1) but not in subject 𝑗′′ (𝑆𝐴𝑀𝐸𝐺𝐸𝑁𝐷𝐸𝑅𝑖𝑗=𝑗′′ = 0). Table 2 confirms 

that there is sufficient within-student variation in teacher gender across subjects to perform this 

estimation. Table 2 also shows that most of the variation within students is from the gender of the 

math teacher (82% of the students have a female Danish teacher and about half of them have a male 

math teacher). The estimated effect is therefore expected to be driven by the effect of having a 

teacher of the same gender in math. 

The indicator variable 𝑀𝐴𝐿𝐸𝑖𝑗
𝑇𝐸𝐴𝐶𝐻𝐸𝑅 is included in the model to control for the average effect of a 

male teacher, compared to a female teacher.
53

 The main model specification does not control for 

other teacher characteristics besides gender. Since Danish and math teachers in Danish schools 

generally consecutively have the same class from year to year, other teacher characteristics, such as 

teaching experience, become endogenous. Hence, to avoid confounding effects, all teacher 

characteristics are measured before assignment of the teacher to a class of students, and preferably 

                                                 

53
 The male gender indicator is omitted from the model when the model is estimated separately for boys and girls, in 

which case it is perfectly collinear with SAMEGENDER. 
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even before sorting teachers according to teaching subjects.
54

 While the concerns about 

conditioning on teacher characteristics are valid, results are robust to including these variables. The 

empirical analysis in section 2.5.1 addresses this. 

The inclusion of 𝜇𝑖 in the model controls for all factors constant across subjects, including average 

student ability and observable and unobservable family background. Adding 𝜇𝑗 to the model takes 

differences across subjects into account – for example the fact that, on average, more males teach 

math. The subject fixed effect also controls for differences in the subjects’ test scores, for example, 

if obtaining a high math score is generally harder than obtaining a high reading score (Grönqvist 

and Vlachos 2014). Furthermore, the subject fixed effect is interacted with a student gender 

indicator to control for average gender differences in test scores across subjects (Dee 2007; Lavy, 

Silva and Weinhardt 2012).
55

  

There are two additional observations on the model specification in equation (1). First, there are no 

school or class fixed effects, or subscripts, in the model. The school fixed effect is omitted with the 

inclusion of the student fixed effect, as is the class fixed effect since each student takes all subjects 

in the same classroom and with the same set of classmates. 

Second, there is no teacher fixed effect, or subscript, in the main model specification. Results are 

robust to including a teacher fixed effect in the main model pooling boys and girls. In this case, the 

teacher fixed effect eliminates observable and unobservable teacher qualities shared by boys and 

girls in the same classroom, but where only either the boys or the girls also share the teacher’s 

gender.
56

 This is an improvement of the student FE model and shows that the effect of the teacher’s 

gender is not just driven by a higher quality teacher. We are interested, however, in estimating the 

model separately for boys and girls, in which case there are not enough teachers to contribute to 

identification of the teacher fixed effect. 

                                                 

54
 For the same reason, student characteristics, e.g., prior achievement, could be endogenous and are not included in the 

model specification. 
55

 In a student fixed effect model with two subjects per student (reading and math), the subject*student gender fixed 

effect is reduced to two indicators: Math*Girl and Danish*Boy. When the model is estimated separately for boys and 

girls, the subject*student gender fixed effect is reduced to a math indicator.  
56

 For each student i, taught by teacher t, in subject j, the student fixed effect model is then:  

𝑇𝐸𝑆𝑇𝑆𝐶𝑂𝑅𝐸𝑖𝑗𝑡 = 𝛼 + 𝛾1𝑆𝐴𝑀𝐸𝐺𝐸𝑁𝐷𝐸𝑅𝑖𝑡𝑗
𝑇𝐸𝐴𝐶𝐻𝐸𝑅 + 𝛾2𝑀𝐴𝐿𝐸𝑖𝑡𝑗

𝑇𝐸𝐴𝐶𝐻𝐸𝑅 + 𝜇𝑖 + 𝜇𝑗 + 𝜇𝑡 + 𝜀𝑖𝑡𝑗 (2), 

where 𝜇𝑡 is a teacher fixed effect. 
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To estimate the student fixed effect model with a teacher fixed effect for boys only, we need some 

boys who are taught Danish by the teacher and some boys (i.e., in another class) who are taught 

math by the same teacher. Then the teacher’s average ability or quality, which is constant across 

subjects, is taken into account and eliminated from the model, while variation in teacher gender 

across subjects remains. The available sample reveals too few teachers who teach at least two 

classes in different subjects. Thus, a teacher fixed effect is not included in model (1) but only in 

later robustness analyses. 

2.4.2 Identification and Descriptive Evidence 

Two assumptions are necessary for 𝛽1  to causally identify the effect of a teacher of the same 

gender. First, 𝛽1 is assumed to be constant across subjects, and second, there are no subject-specific 

factors that are correlated with both the student’s assignment to a teacher of the same gender and 

the student’s subject-specific outcome. The validity of the assumptions largely depends on the 

institutional context. In the following I will discuss, in turn, why they seem valid in the Danish 

context.  

Identifying assumption (i): The effect of a teacher of the same gender does not depend on the 

subject being taught. 

It is assumed that the effect of a teacher of the same gender (𝛽1) is the same across subjects. In this 

analysis, this is expressed as: The effect of a teacher of the same gender does not depend on the 

subject being taught. To relax the assumption, model (1) is estimated separately for boys and girls. 

Consider that the teacher gender channels (e.g., the role-model effects, stereotype threats, and 

teacher bias discussed in section 2.2) work in the same way across subjects. This means that the 

role-model effect is just as important for girls in Danish classes as in math classes. Or, that gender-

specific teacher bias is present in both Danish and math classes. For example, if female teachers 

generally see boys as more disruptive than girls, it does not threaten validity as long as that 

interpretation affects the females’ teaching practices in both subjects. The literature review revealed 

weak and mixed evidence on the mechanisms behind student-teacher gender interactions and 

whether they work differently depending on the subject. In some studies, teachers seem to assess 

students of their own gender more strictly (e.g., Lavy 2008 and Falch and Naper 2013). Dee (2007), 

in contrast, finds that female teachers are less likely to perceive girls as disruptive and inattentive 

compared to boys. Norway has a school culture similar to Denmark’s and a Norwegian study 
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concludes that greater teacher experience decreases the gender grading gap in math and English but 

increases the gap in Norwegian (Falch and Naper 2013). The above-mentioned studies, however, 

are unable to detect significant differences across subjects. 

Another way to think of the assumption is that the teacher of the same gender uses the same 

teaching technologies in both subjects. This assures that the impact on of a female teacher in Danish 

and not in math, compared to the opposite, is not driven by the female teacher applying other 

teaching practices in Danish than in math. One concern is that the education production function of 

math differs from other subjects, e.g., by being more instruction oriented.
57,58

  

As described in section 2.3.1, the teaching practices in Danish schools are generally less textbook 

and instruction oriented. Table 1 shows that teachers spend time developing their own teaching 

materials, which supports the notion that there is less textbook and instruction-oriented classroom 

teaching. Moreover, Table 1 shows no striking differences in observable background and 

qualifications when comparing Danish and math teachers. Figures 1 and 2 describe teaching 

practices by subject and teacher gender to support the assumption that teachers in Danish schools 

apply the same strategies across subjects. 

Figure 1 shows the teachers’ usage of three different teaching strategies: small groups in the 

classroom, individual teaching strategies (i.e., target one or more specific students), and individual 

teaching materials (i.e., materials target one or more specific students). The response distributions 

are similar across Danish teachers (black bars) and math teachers (grey bars), as well as by teacher 

gender, and thus support the assumption. 

Figure 2 shows that high-achieving students are equally prioritized across subjects and by female 

and male teachers. Moreover, female teachers seem to prioritize low-achieving students equally in 

math and Danish, about 40% agree and 8% strongly agree that they prioritize low-achieving 

students. The only significant difference is among male teachers; about 45% of the male math 

                                                 

57
 The evidence is mixed on this issue. Kane et al. (2011) have data on externally observed teaching practices. They find 

a positive and significant relationship, and of the same magnitude, between overall classroom management and test 

scores in math and reading. They also conclude that the more classroom teaching relative to instructional practice, the 

higher the math test scores.
  

58
 Unfortunately, only two subjects are available and it is not possible to test the sensitivity of the model to excluding 

one or more subjects from the model (see, e.g., Dee 2007 and Grönqvist and Vlachos 2014). Dee (2007) and Grönqvist 

and Vlachos (2014) perform this test and find that math is most critical; however, they keep math in the model. Cho 

(2012) compares test scores from math and science, which she argues more adequately removes unobservable student-

specific characteristics.  
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teachers agree or strongly agree that they prioritize low-achieving students, compared to only 30% 

among male Danish teachers. The latter should be kept in mind when interpreting the estimation 

results. 

FIGURE 1. TEACHING PRACTICES IN DANISH AND MATH BY TEACHER GENDER 

 

FIGURE 2. TEACHING PRACTICES IN DANISH AND MATH BY TEACHER GENDER 
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Identifying assumption (ii): Students are assigned teachers based on the same mechanism across all 

subjects (within the school). 

The second assumption is necessary to rule out remaining endogeneity in the model. As argued in 

section 2.4.1, student FE models eliminate unobservable student factors (that are constant across 

subjects) that may correlate with the student’s achievement in school. Implicitly, this controls for 

non-random sorting of students and teachers across schools. However, we also need to rule out 

sorting from gender-related patterns in the assignment of teachers to students within the school. 

Specifically, other subject-specific factors cannot exist correlated with having a teacher of the same 

gender and the student’s subject-specific outcome. Note that this only needs to hold within the 

school, since we implicitly include school fixed effect in the model.  

To clarify, consider potential threats to this assumption. One threat is if students are assigned to 

teachers in a way that the teachers’ gender is correlated with students’ subject-specific abilities 

(recall that average student ability is eliminated from the model). One obvious example is a tracking 

system in which low-achieving students systematically are assigned female math teachers. This is 

ruled out since tracking students is not allowed in compulsory education in Denmark. Two other 

examples are if high-achieving boys are moved to math classes with high-quality male teachers. Or, 

if low-achieving girls systematically are assigned female math teachers. The former relates to cream 

skimming, which is frowned upon in Denmark, while the latter relates to schools with classes split 

into groups based on gender or performance level.
59

 Even this is not allowed in any systematic way 

in Danish public schools. 

To investigate the assignment mechanism of students and teachers empirically, I run a set of 

auxiliary regressions.
 60

 Tables B1 and B2 in Appendix B regress teacher assignments (0/1) on the 

characteristics of boys and girls, respectively. All student and teacher characteristics are measured 

in the year before starting school to avoid confounders from having the same teacher for multiple 

years. Table B1, column 1, shows no indications of within school sorting of boys to a teacher of the 

                                                 

59
 If a student were to change class, it would be for all subjects, i.e., not subject specific. Registry data shows that less 

than 2% change class through grades zero to six.  
60

 The auxiliary regressions are based on the experiment sample. By using data from all teachers in the experiments, and 

not those in the final estimation sample, the power is increased and the probability of incorrectly accepting the null 

hypotheses is reduced. The experiment and estimation samples balance on teacher characteristics and should yield 

similar conclusions; see Appendix A. 
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same gender. For comparison, the same analysis is performed with the assignment to a teacher with 

a high level of teaching experience (columns 2-3) or a teacher in the top of the teacher ability 

distribution (columns 5-6) as outcomes, which also shows only weak associations between student 

characteristics and teacher assignments.
61 , 62

 F-tests support that variables measuring student 

characteristics, including birth information and ADHD or similar behavioral diagnoses, as well as 

parents’ background characteristics, are not jointly significantly associated with being assigned a 

teacher of the same gender (see bottom panel). The results are similar for girls; see Table B2 in 

Appendix B. 

Another threat to identification is if unobserved teacher or classroom characteristics are associated 

with teacher gender. For example, if female teachers are generally assigned classrooms with some 

type of parental bias. Following the discussion in Grönqvist and Vlachos (2014), the education level 

of the parents may reveal subject-specific or gender-related bias. Teacher gender stereotypes among 

parents may also differ by parental employment status. In order to rule out subject-specific sorting 

of students on the basis of the teacher’s gender, it is assumed that the assignment mechanism is the 

same across subjects. The above auxiliary regressions are thus extended with subject-specific 

interactions to allow for differences in Danish and math. Tables B3 and B4 in Appendix B reveal no 

significant correlations between the mother’s education level before starting school and assignment 

to a male teacher, or across subjects. F-tests support that the interaction terms are jointly 

insignificant. Girls of unemployed mothers seem to have a higher probability of being assigned a 

female teacher; however, the interaction terms across subject do not differ significantly. 

Overall, in comparison to school systems in previous studies, the identifying assumptions seem 

credible in the Danish context. It seems reasonable that students within a particular school and class 

are assigned Danish and math teachers by the same mechanism with respect to gender.
63

 It also 

                                                 

61
 The key assumption for identification, however, is that teacher-shopping is not based on the teacher’s gender. In 

addition, column 4 in Table B1 supports that boys’ background characteristics are not significantly associated with 

assignment to a male teacher with a high level of teaching experience. The results are similar for girls; see Table B2. 
62

 A high level of teaching experience is defined as i) age above 40 or ii) graduation from a teacher college before 1990. 

High teacher ability is measured by high school GPA in i) the top quartile or ii) the top decile of the teacher sample 

distribution. High school GPA is available for all high school graduates from 1978 to 2006. High school GPA is 

standardized with mean zero and an SD of one by graduation year (within the sample). 
63

 For example, Dee (2006; 2007) notes that it is common to group students by ability in eighth grade math and that is it 

not unlikely that female teachers are assigned the low-achieving students in math. In addition, Clotfelter et al. (2006) 

find evidence on teacher shopping in their fifth grade sample from in North Carolina. Clotfelter et al. (2006) and Lavy 
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supports the discussion that even the associations between student characteristics and teacher 

experience and ability (two margins where teacher-shopping would be expected more) are weak.  

2.5 Empirical Analysis  

2.5.1 The Effect of a Teacher of the Same Gender 

Table 5 presents the effect of a teacher of the same gender on student achievement. Column 1 

shows that students taught by a teacher of the same gender attain significantly higher test scores by 

0.055 SD.  

TABLE 5. THE EFFECT OF A TEACHER OF THE SAME GENDER ON STUDENT ACHIEVEMENT  

  (1) (2) (3) 

Model: Student FE Student FE Student FE 

Sample: All Boys Girls 

   
 

 

Teacher of the same gender 0.055*** 0.088** 0.022 

 

(0.023) (0.041) (0.043) 

    

Teacher, male 0.033   

 (0.035)   

Math  0.104*** -0.062 

  (0.034) (0.04) 

Math*Girl -0.062   

 

(0.040)   

Danish*Boy -0.104***   

 (0.034)   

Constant -0.032* -0.085*** 0.079** 

 

(0.018) (0.018) (0.040) 

Observations 6,126 3,118 3,008 

Students 3,063 1,559 1,504 

Note. Each regression includes student fixed effect, subject*student gender fixed effect, and teacher gender. In parentheses are robust 

standard errors clustered at the school level. Total sample size is 3,063 students (1,504 girls and 1,559 boys). Each regression 

includes two observations per student. *** p<0.01, ** p<0.05, * p<0.1. 

Previous research shows that the positive correlation between teachers of the same gender and 

student achievement is driven by boys performing better when taught by a male teacher (e.g., Dee 

2007). Table 5, columns 2 and 3, explicitly considers the relationship between having a teacher of 

the same gender and student test score by student gender. This allows for the role-model and/or 

stereotype effects to influence boys and girls differently. The results show that boys (column 2) and 

girls (column 3) attain higher test scores when taught by a teacher of their own gender, although this 

                                                                                                                                                                  

(2008; 2011) perform a set of independent chi-squared tests to support that students are as good as randomly distributed 

in classes. I exploit access to more extensive student and teacher characteristics to investigate assignments at the 

teacher-student level before starting school. 



2.5 Empirical Analysis 81 

   

is only significant for boys. For boys, the effect is 0.088 SD if taught by a male teacher. The 

magnitudes of the estimates are in line with those reported in Dee (2007), Cho (2012), and Winters 

et al. (2013). 

Since students normally have the same subject-specific teacher throughout their compulsory 

education, there could be an accumulated effect. Thus, allocating a male teacher to boys for one 

school year would not necessarily result in the same effect. I will discuss the policy implications of 

this in section 2.5.2. 

Heterogeneous effects of a teacher of the same gender 

Table 6 presents heterogeneous effects of a teacher of the same gender by student subgroups. One 

hypothesis is that the effect of a teacher of the same gender is even larger among boys who have 

been less exposed to a male role model. I operationalize two such subgroups by mother and father 

living apart in the year of birth and by being the mother’s first-born child. For first-born children, 

one example of a mechanism is the absence of older siblings, older siblings’ peers and caregivers at 

daycare centers. 

Section I of Table 6 shows that the average effect of a teacher of the same gender is twice as large 

among children whose parents were not living together in the year of birth, compared to children 

with parents living together (0.207 SD and 0.109 SD, respectively). The effect is 0.273 SD among 

boys; although, only borderline significant and not significantly different from the average effect 

among all other boys (p-value 0.139). The effect on girls is 0.141 SD and insignificant. Section II of 

Table 6 shows that the average effect on first-born children is 0.122 SD and significantly higher 

than for all other children (p-value 0.021). The effect on first-born boys is 0.150 SD and significant 

at the 5% level. 

Section III of Table 6 presents the heterogeneous effects by mother’s education level. Parental 

education level is generally found to determine children’s educational attainment. Here, parental 

education level is considered as a proxy for the potential parental bias against teacher gender that 

they may have projected to the child. The effect of a teacher of the same gender on girls may have a 

larger impact depending on parental bias or the girl’s fear of teachers stereotyping (see, e.g., Lavy 

and Sand 2015; OECD 2015). Moreover, teachers’ expectations may lead to a self-fulfilling 

prophecy (Beilock et al. 2010). It is important to note that this exercise cannot separately identify 

role-model or stereotype mechanisms and is thus only exploratory. For boys, the point estimates are 
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larger for those with mothers with vocational training or a college degree, although not statistically 

different. For girls, those with mothers with only a compulsory education have the largest effect 

(0.143 SD), which is also significantly different from the average effect among all other girls (p-

value 0.029); note however, that this is the only significant effect out of a total of nine pair-wise 

tests). 

TABLE 6. HETEROGENEOUS EFFECTS OF TEACHER OF THE SAME GENDER BY STUDENT SUBGROUPS 

  (1) (2) (3) 

Model:  Student FE Student FE Student FE 

Sample: Sample size All Boys Girls 

I. Parent’s civil status in the year of birth     

Mother and father living apart 221 0.207** 0.273* 0.141 

  (0.101) (0.141) (0.125) 

Mother and father living together 2,823 0.109*** 0.077* 0.015 

  (0.022) (0.039) (0.045) 

P-value  0.110 0.130 0.342 

     

II. Birth order     

First-born 1,296 0.122*** 0.150** 0.094 

  (0.042) (0.062) (0.066) 

Not first-born 1,730 0.002 0.043 -0.038 

  (0.026) (0.053) (0.045) 

P-value  0.021 0.200 0.059 

     

III. Mother’s highest education level     

Compulsory 525 0.084 0.026 0.143* 

  (0.058) (0.094) (0.076) 

P-value  0.556 0.307 0.029 

     

Vocational 1,124 0.036 0.122* -0.050 

  (0.044) (0.063) (0.059) 

P-value  0.59 0.485 0.132 

     

College 1,062 0.071* 0.106* 0.036 

  (0.042) (0.057) (0.069) 

P-value  0.678 0.679 0.817 

     

Note. Each row reports the coefficient (s.e.) on SAMEGENDER from a separate regression of eq. (1) condition on the respective 

subgroup. Each regression includes student fixed effect, subject*student gender fixed effect, and teacher gender (coefficients are 

omitted from the table due to space limitations). In parentheses are robust standard errors clustered at the school level. Total sample 

size is 3,063 students (1,504 girls and 1,559 boys). Subgroups’ total sample sizes are reported in the table. Each regression includes 

two observations per student. Parents are the students’ biological parents. Birth order is by the mother. The mother’s highest 

education level is measured in the year before starting school (year 2005). The p-value in italics refers to a Chi2-test of equal 

coefficients in the subgroup and reference group (the reference group is all other students). *** p<0.01, ** p<0.05, * p<0.1. 
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Robustness of the effect of a teacher of the same gender 

Other characteristics of the teacher have been left out of the main model specification, because they 

are likely to be endogenous. While the concerns about conditioning on teacher characteristics are 

valid, Table 7 shows that the results are robust to including these variables. Model I in Table 7 

replicates the estimated effects from the main model specification (Table 5); model II includes a 

teacher fixed effect and models III to VIII include observable teacher characteristics.   

Teacher fixed effect controls for other teacher characteristics that might be correlated with student 

test scores and teacher gender, such as the motivation to become a teacher or experience with 

disruptive students. In the pooled model (column 1), the teacher fixed effect is identified based on 

284 teachers who teach at least one class. Within one class, some students will share the gender of 

the teacher and others will not, i.e., there should also be enough variation to estimate the effect of 

having a teacher of the same gender. Table 7 shows that the estimated effect of the teacher of the 

same gender is 0.044 SD and statistically significant after including a teacher fixed effect in the 

model. This is only slightly smaller compared to the specification without the teacher fixed effect. 

There are not enough teachers in the sample to estimate the model with a teacher fixed effect 

separately for boys and girls.
64

 

As an alternative to the teacher fixed effect model, models III-VIII control for an extended set of 

pre-determined teacher characteristics. Models III and IV control for teaching experience by 

including age and teacher college entry cohort, respectively. Individuals may choose to enter the 

teaching profession at different ages, depending on time trends and teacher employment rates. 

Section 2.3.1 defined six entry cohort dummies and these are included in Model IV to capture 

institutional trends in the teacher education and qualifications. The average effect does not change, 

but the point estimate on boys deceases slightly to 0.081 SD. 

                                                 

64
 To identify a teacher fixed effect in the model estimated separately for boys and girls, while at the same time having 

variation left to identify the effect of the teacher’s gender, the same teacher will have to teach at least two different 

classes (i.e. two sets of boys) and two different subjects. Teaching only one class in two different subjects, the teacher 

fixed effect is identified, but there is no variation in the teacher’s gender across subjects. On the other hand, if the 

teacher teaches two classes, in different subjects, there may be sufficient variation in the teacher’s gender across 

subjects. If the teacher is a male, then the boys in the first class will have a math teacher of the same gender and the 

boys in the other class will have a Danish teacher of the same gender, but all other characteristics of the teacher will 

remain fixed. This is only the case for 26 teachers in the sample. This is not a sufficient number of teachers to 

contribute to identification of a teacher fixed effect in the model and it thus not reported in Table 7. 
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Table 7, model V, includes the teacher’s high school GPA, study program, and graduation year. 

Since these are measured before becoming a teacher – and even before the decision to enter a 

teachers college – they are appropriate measures to proxy teacher qualifications and ability. For 

boys, the point estimate reduces to 0.079 SD. For girls, the point estimate increases to 0.035 SD but 

remains insignificant.  

Table 7, model VI, controls for teacher’s education including certificate indicators for Danish, math 

and special education, teacher merit degree, and graduation year. Table 7, model VII, controls for 

the average income and years of work experience measured from 2003 to 2005, variables which are 

observable to the school principal before the students started school and were assigned the teacher. 

This leads to only minor changes in the point estimates. Model VIII includes all of the above jointly 

and only leads to a marginal change in the estimates.  

Overall, Table 7 shows that the average effect is robust at 0.055 SD and at 0.088 SD for boys. For 

girls, the estimated effect of a teacher of the same gender is more sensitive but small and 

insignificant across all models. The lack of impact on girls could reflect diminishing returns since 

they are taught by females in many other subjects as well. Below, I will elaborate further on the 

interpretation of the effect on boys. 
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TABLE 7. ROBUSTNESS OF THE EFFECT OF A TEACHER OF THE SAME GENDER 

  (1) (2) (3) 

Model: Student FE Student FE Student FE 

Sample: All Boys Girls 

Main student FE model       

I. No additional teacher controls 0.055** 0.088** 0.022 

  (0.023) (0.041) (0.043) 

Student FE model with teacher FE       

II. Teacher FE  0.044**     

  (0.023)     

        

Student FE model with teacher controls       

III. Teacher experience by age profile  0.055** 0.088** 0.015 

  (0.023) (0.041) (0.044) 

  0.007 0.000 0.001 

        

IV. Teacher experience by teachers college entry cohort  0.052** 0.081** 0.020 

  (0.022) (0.037) (0.045) 

  0.468 0.325 0.728 

        

V. Teacher high school performance 0.054** 0.079** 0.035 

  (0.022) (0.039) (0.045) 

  0.000 0.000 0.006 

VI. Teacher education and credentials  
0.050** 0.090** -0.001 

  (0.022) (0.038) (0.041) 

  0.012 0.224 0.021 

        

VII. Teacher average income and work experience, 2003-2005 0.055** 0.085** 0.026 

  (0.023) (0.040) (0.044) 

  0.060 0.000 0.003 

        

VIII. All of the above, including entry year cohort fixed effect  0.051** 0.088** 0.004 

  (0.022) (0.039) (0.046) 

  0.000 0.000 0.000 

Note. Models I to VII report the coefficient (s.e.) on SAMEGENDER from a separate regression of equation (1) including the 

specified teacher controls. Each regression includes student fixed effect, subject*student gender fixed effect, and teacher gender. In 

parentheses are robust standard errors clustered at the school level. In italics are p-values from F-tests of joint insignificance of the 

added teacher controls. Total sample size is 3,063 students (1,504 girls and 1,559 boys). Each regression includes two observations 

per student. Model III includes age, age squared, and missing indicator. Model IV includes six indicators to capture institutional 

trends in the teacher education: 1954-1966, 1967-1981, 1982-1989, 1990-1997, 1998-2005, and 2006-2013. Model V includes high 

school GPA, four degree indicators, math study program, graduation year, and missing indicator if graduation was before 1978. 

Model VI includes four certificate dummies (Danish, math, special education, and missing), merit degree, graduation year, and 

missing indicator. Missing teacher characteristics are imputed with the value zero and an indicator equal to one is added to the 

regression. 
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Interpretation of the effect on boys 

The results indicate that boys seem to gain higher academic achievement when taught by a male. 

Furthermore, the robustness tests supported that the estimated effect on boys was not solely driven 

by male teachers’ unobservable or observable teacher qualities. 

One concern remains that the positive effect of a male teacher is driven by overall well-functioning 

or high-achieving classrooms. To address this concern for selection bias, I perform a placebo test. In 

the placebo test, the students’ test scores in math are replaced with the students’ test scores in 

English one year later. Improved math skills are not expected to spillover to improved English 

skills. If the estimate on same gender is of the same magnitude, it indicates that something else is 

driving the effect, for example, that boys in general are high-achieving. A related mechanism is that 

male teachers of high quality stay with the same class for several years and the boys then generally 

perform better. The estimate from this exercise is close to zero and insignificant. As a result, high-

achieving boys to not seem to drive the positive effect of a teacher of the same gender (Table 5).
65

 

Possible mechanisms behind the estimated effects seem related to the gender interaction between 

boys and teachers in the classroom. The estimates are lower bound estimates if the mechanism is 

either through a role-model effect (disadvantaged boys respond positively to a male teacher) or 

through teacher quality (disadvantaged boys are assigned higher quality teachers). 

Another possible mechanism behind the results is that female and male teachers assess boys’ 

behavior differently. In Denmark, teachers have the option of referring students to a psychologist, 

who assesses whether there is a need for special education. If male teachers are better at 

acknowledging boys’ behavior, we may expect to see differences in the assessment of special 

education needs. I test this is in a simple model with the student’s assessment of special education 

needs as the outcome. The point estimate on male teacher is small and insignificant, which suggests 

                                                 

65
 The placebo test is replicated with other subjects. Replacing students’ sixth grade math scores with their eighth grade 

science scores results in an insignificant but small positive estimate. A small positive estimate is not unthinkable since 

we do expect positive spillover effects on science skills from improved math skills. Similarly, the estimate is 

insignificant after replacing students’ sixth grade reading scores with their eighth grade science scores. The results are 

available upon request. 
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that boys taught by male teachers are not significantly less likely to be assessed to have special 

education needs (results not shown).
66

  

2.5.2 Discussion: More Student Interaction with Male Teachers? 

It is well documented that boys lag behind girls in various educational outcomes. Fewer boys 

continue school after their compulsory education and enroll in upper secondary education. OECD 

(2015) also reports that boys are more likely to decide early on that school is just not cool or worth 

it.
67

 Two possible explanations are gender differences in non-cognitive skills, such as discipline and 

attention, and the return to higher education (see e.g., Jacob 2002). Moreover, the teacher and social 

educator professions are largely dominated by females. The hypothesis can be made that the lack of 

males, not just male teachers, but male role models in general on school staff contributes to these 

gender differences and feminization of schooling. 

One potential policy employs male co-teachers as a flexible policy to allow boys to interact more 

with males in schools. If the effect of a male teacher or role model is driven by exposure rather than 

dosage, we expect positive effects from just a few lessons per week with a male co-teacher in the 

classroom. Then male co-teachers from the current pool of teachers could interact in multiple 

classrooms, or even schools, during the week.  

A subsample of 35 schools in the data was exposed to co-teachers 10 lessons per week during the 

2012-2013 academic year. A co-teacher pair is defined as two teachers preparing and co-teaching 

the class together. The schools are randomly assigned the intervention as part of a social experiment 

in public schools.
 68,69

 Unfortunately, the gender (or other characteristics) of the co-teacher is not 

                                                 

66
 The result is from an OLS model on male teachers, the full set of student and teacher controls, and school FE. 

Standard errors are clustered at the school level. A similar model is estimated using the share of students with special 

education needs in the classroom as the outcome; however, the male teacher is not significantly associated with the 

classroom share either. Results are available upon request. 
67

 OECD (2015) recommends more awareness among teachers of their own gender bias, e.g., with regard to grading 

students. 
68

 All of the school’s sixth grade classes participate in the intervention. The co-teacher is required to have a teaching 

degree and to participate in at least 10.5 lessons/week/class. Co-teachers are in the classroom 11.6 lessons a week on 

average, with 4.5 lessons in Danish and three in math. The intervention period was from October 1, 2012 to June 26, 

2013. For more details, see Andersen et al. (2016). 
69

 See section 2.3.3 for a description of the experiment sample. Column 6 in Table A2 provides mean characteristics and 

balancing tests for the co-teacher sample. In addition, column 7 in Table A1 shows that the co-teacher sample is a 

representative sample of public schools.  
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randomly assigned and therefore it is not sufficient just to compare across students who have a co-

teacher with a different gender. Instead, I extend the above empirical strategy to exploit the 

variation within-student across-co-teacher pairs. Table 8 illustrates the variation in gender 

combinations of co-teacher pairs. In Danish, there are 17 co-teacher pairs consisting of a female 

teacher and a female co-teacher, and 49 pairs where the female teacher works with a male co-

teacher. Of primary interest is the share of students with a mixed gender co-teacher pair. In total, 

35% and 57% of the students have a mixed gender co-teacher pair in Danish and math, respectively. 

TABLE 8. SAMPLE SIZE AND VARIATION IN GENDER COMBINATIONS OF CO-TEACHER PAIRS  

Gender combinations of co-teacher pairs  Danish Math 

Female teacher with male co-teacher (FF) 17 co-teacher pairs 

(59% of students) 

8 co-teacher pairs 

(25 % of students) 

Male teacher with male co-teacher (MM) 3 co-teacher pairs 

(3% of students) 

12 co-teacher pairs 

(14% of students) 

Mixed gender co-teacher pairs   

Female teacher with male co-teacher (FM) 49 co-teacher pairs 

(20% of students) 

22 co-teacher pairs 

(9% of students) 

Male teacher with female co-teacher (MF) 12 co-teacher pairs 

(15% of students) 

39 co-teacher pairs 

(48% of students) 

Total 84 teacher pairs 84 teacher pairs 

Note. Data is from the Danish Co-teacher Experiment (Andersen et al. 2016). In total, 35 schools, including 84 classes and 1,814 

students, were initially assigned to the intervention with a co-teacher. This table illustrates the number of co-teacher pairs 

(percentages of students) in each of the four possible gender combinations and by subject. The percentage does not add up to 100%. 

The remainder is due to missing co-teacher gender. After applying the same sample selection criteria as in Table 2, the final 

estimation sample is 1,557 students (777 girls and 780 boys). 

The key for identification is that the different combinations of co-teacher pairs are assigned to 

classes on the basis of the students’ average ability, rather than on the students’ likely success in a 

specific subject. There are various insights about the experimental protocol that support this 

assumption. First, co-teachers were employed in all sixth grade classes at the schools, reducing 

selection concerning which classes to assign the co-teacher to. Second, students were not shuffled 

between classes prior to the intervention (Andersen et al. 2016). Third, the objective of the 

intervention (announced by the Danish Ministry for Children, Education and Gender Equality) was 

to improve general student achievement and well-being, i.e. a universal policy with co-teachers in 

all classrooms and not target specific groups of students, such as low-achieving or disruptive 

students. Moreover, the Danish Union of Teachers negotiated that the co-teacher should have a 

teaching degree and engage in preparing and teaching the class on equal terms with the regular 

teacher. Fourth, the schools complained that the time span available to search for and hire co-
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teachers was too short and that the pool of unemployed teachers too small. The intervention was 

announced in August 2012 during the first week of the new school year, and the intervention period 

began October 1, 2012. 

Despite the short time span and a general intervention objective, selection is presumably 

unavoidable when hiring co-teachers. We cannot rule out that some principals employed co-

teachers to ensure a mix of teacher gender in the classroom or other gender-related considerations. 

Hence, subject-specific factors for students or classes may be correlated with gender patterns in co-

teacher assignments and this is a critical threat to identification. The following results must be 

interpreted with this in mind and not as causal evidence. 

Table 9, column 1, shows a positive and significant coefficient (0.103 SD) on having a mixed 

gender co-teacher pair on average student test scores. In column 2, the mixed gender indicator is 

split into an indicator for each of the four possible gender combinations of co-teacher pairs (female 

teacher with female co-teacher is the reference group and left out of the model). The results in 

column 2 show the largest positive and significant coefficients on female teacher with male co-

teacher (0.183 SD) and male teacher with female co-teacher (0.150 SD). F-tests of equal 

coefficients confirm that these are significantly different from the effect of a female teacher with 

female co-teacher (p-values 0.06 and 0.02, respectively). The models are replicated for boys and 

girls in columns 3-4 and 5-6, respectively, and show the same pattern and relative magnitude of 

coefficients across combinations of teacher/co-teacher pairs. For boys, the coefficients are jointly 

different from zero (p-value 0.004). The results indicate that boys benefit statistically and 

economically significantly when the female teacher is complemented with a male co-teacher (0.269 

SD), and this is significantly higher than the effect if complemented with a female co-teacher (p-

value <0.01). With respect to policy recommendations, it is also important to note that this effect is 

achieved without harming the girls.
70

 

                                                 

70
 Table 9 controls for teacher and co-teacher gender. The effect of a mixed gender co-teacher pair is robust when 

including an extended set of teacher and co-teacher controls, such as academic performance in high school, teaching 

experience, and teacher credentials. To take into account unobservables of the co-teachers shared by multiple 

classrooms, I also estimate the models with a co-teacher fixed effect. For boys, the estimated effect of a mixed gender 

teacher/co-teacher pair decreases to 0.15 SD (significant at the 1% level) and 0.02 SD for girls (insignificant). The 

estimates on the three combinations of teacher/co-teacher gender pairs are more sensitive; however, the qualitative 

conclusions are similar. 
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TABLE 9. THE EFFECT OF A MIXED GENDER TEACHER/CO-TEACHER PAIR ON STUDENT 

ACHIEVEMENT 

  (1) (2) (3) (4) (5) (6) 

Model:  Student FE Student FE Student FE Student FE Student FE Student FE 

Sample  All All Boys Boys Girls Girls 

              

Mixed gender teacher/co-teacher pair  0.103**   0.161***   0.045   

  (0.041)   (0.044)   (0.051)   

Teacher, male 0.047   0.002   0.093*   

  (0.044)   (0.051)   (0.054)   

Co-teacher, male 0.080   0.108   0.043   

  (0.076)   (0.082)   (0.105)   

 

Combinations of teacher/co-teacher gender pairs              

Female teacher with female co-teacher (FF) (ref. group)             

 

Female teacher with male co-teacher (FM)   0.183*   0.269***   0.088 

    (0.094)   (0.097)   (0.123) 

Male teacher with female co-teacher (MF)   0.150**   0.164***   0.138 

    (0.061)   (0.053)   (0.085) 

Male teacher with male co-teacher (MM)   0.126   0.110   0.136 

    (0.090)   (0.095)   (0.136) 

              

Observations 3,114 3,114 1,560 1,560 1,554 1,554 

Students 1,557 1,557 780 780 777 777 

P-values from F-test of equal coefficients:             

FM = MF = MM   0.629   0.151   0.683 

FM = MF= MM=0   0.076   0.004   0.382 

FF = FM    0.062   0.009   0.480 

FF = MF   0.020   0.004   0.114 

Note. Each regression includes a student fixed effect, subject*student gender fixed effect, and gender of the teacher and co-teacher. 

In parentheses are robust standard errors clustered at the school level. Total sample size is 1,557 students (777 girls and 780 boys.) 

Each regression includes two observations per student. *** p<0.01, ** p<0.05, * p<0.1. 

 

2.6 Concluding Remarks 

The continuing interest in observable teacher characteristics, such as gender, is driven by the fact 

that these teacher characteristics are observable and manageable school inputs for policy makers, 

teaching institutions, and principals at the schools employing and assigning teachers to classes. This 

paper contributes to the literature by not only supporting the newest evidence on the relationship 

between teacher gender and student achievement but also by exploring a sub-sample of students 

exposed to co-teachers of different genders. 

This paper analyzed the effect of a teacher of the same gender on student achievement. I applied a 

within-student across-subjects analysis and compared how the outcome of the same student varied 

in two different subjects, taught by teachers of a different gender. The empirical results show that 

students taught by a teacher of the same gender attain higher test scores on average by 0.055 SD. 
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The positive impact is significant and driven by boys (0.088 SD). The impact on girls is only 

significant among girls of mothers who only have a compulsory education.  

The empirical strategy addresses non-random sorting of students to schools and teachers and is 

superior compared to most of the (non-experimental) previous literature on the relationship between 

teacher characteristics and student achievement (Ladd 2008). In recent studies, Dee (2007), Winters 

et al. (2013), and Grönqvist and Vlachos (2014) apply this empirical strategy. Moreover, the 

estimated effects was robust when controlling for teacher fixed effect and teacher characteristics 

measured before teachers were assigned to students, which suggests that the effect is not only 

driven by the quality of the male teacher. 

This paper also explored a random sub-sample of students exposed to co-teachers 10 lessons per 

week, the flexibility of the policy allowing more boys to interact with males during the school day. 

The hypothesis is that interaction with a male co-teacher in a class taught by a female will benefit 

the boys, e.g., through positive role model effects or differential teacher attention. The gender of the 

co-teachers was not randomized and hence these analyses are not as clearly identified. The results 

suggested that boys with a co-teacher pair of mixed gender benefit significantly more compared to 

having a co-teacher pair comprising two females. At the same time, the achievement of girls was 

not negatively influenced by the male co-teacher in the classroom. 

Future research should look more closely at this and attempt to understand the mechanisms behind 

the reduced form estimates. One interesting future step could be to replicate the experiment with 

randomization of the characteristics of teachers and co-teachers to eliminate selection in the 

matching decision. Allocating two teachers to co-teach the classroom gives the school principal the 

option of matching a teacher pair to complement their qualifications, e.g., experience, or gender. 
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Appendix A. Experimental Data 

TABLE A1. STUDENT CHARACTERISTICS: COMPARING PUBLIC SCHOOLS AND SAMPLE 

  Means and proportions   P-value from test of equal means 

  (1) (2) (3) (4)   (5) (6) (7) 

  Public 

schools 

Experiment 

sample 

Estimation 

sample 

Co-teacher 

sample 
  

Public= 

Experiment 

Public= 

Estimation 

Public= 

Co-teacher   

6th grade cohort: School characteristics                 

No. students 58.058 59.387 57.604 60.447   0.554 0.354 0.950 

No. students with special education needs 6.612 6.517 6.232 6.501   0.650 0.456 0.781 

Previous 6th grade cohorts:                 

Reading 6th grade, spring 2010 0.004 -0.014 -0.017 -0.005   0.440 0.552 0.811 

Reading 6th grade, spring 2011 0.003 -0.021 -0.029 -0.037   0.360 0.425 0.428 

Reading 6th grade, spring 2012 0.000 -0.013 -0.052 0.043   0.628 0.240 0.351 

Math 6th grade, spring 2010 -0.004 -0.023 -0.019 0.049   0.509 0.705 0.325 

Math 6th grade, spring 2011 -0.004 0.016 -0.012 0.034   0.546 0.853 0.557 

Math 6th grade, spring 2012 -0.003 0.006 0.007 0.050   0.764 0.840 0.427 

6th grade cohort: Student characteristics                 

Boy 0.505 0.510 0.509 0.509   0.858 0.838 0.789 

Boy, missing 0.010 0.005 0.005 0.004   0.000 0.001 0.000 

Age 12.144 12.078 12.091 12.097   0.010 0.059 0.031 

Firstborn 0.415 0.430 0.422 0.421   0.015 0.302 0.553 

Firstborn, missing 0.016 0.021 0.020 0.017   0.009 0.069 0.001 

Birthweight low 0.047 0.042 0.044 0.041   0.122 0.532 0.159 

Birthweight, missing 0.049 0.051 0.050 0.050   0.382 0.730 0.649 

Non-Western immigrant/descendant 0.093 0.115 0.121 0.106   0.061 0.136 0.500 

Reading 4th grade, spring 2011 0.012 0.013 -0.015 0.038   0.961 0.445 0.589 

Math 3rd grade, spring 2010 0.008 0.018 0.000 -0.019   0.668 0.819 0.587 

Took reading 4th grade, spring 2011 (0/1) 0.921 0.950 0.946 0.953   0.000 0.000 0.000 

Took math 3rd grade, spring 2010 (0/1) 0.826 0.862 0.849 0.870   0.006 0.254 0.096 

Student ability quartile 1 (avg. 3rd and 4th) 0.250 0.252 0.262 0.258   0.621 0.310 0.584 

Student ability quartile 2 (avg. 3rd and 4th) 0.206 0.213 0.215 0.207   0.063 0.156 0.703 

Student ability quartile 3 (avg. 3rd and 4th) 0.297 0.272 0.269 0.275   0.000 0.001 0.013 

Student ability quartile 4 (avg. 3rd and 4th) 0.248 0.262 0.254 0.261   0.078 0.563 0.369 

Special education needs referred in grade 5 0.122 0.092 0.093 0.092   0.000 0.006 0.007 

- Cause: Learning disabilities 0.065 0.046 0.046 0.053   0.000 0.018 0.250 

- Cause: Mental disabilities 0.008 0.003 0.005 0.002   0.000 0.107 0.000 

- Cause: Social disabilities 0.001 0.002 0.003 0.001   0.843 0.260 0.125 

- Cause: Physical disabilities 0.001 0.001 0.001 0.001   0.090 0.095 0.168 

- Cause: Other disabilities  0.047 0.041 0.039 0.035   0.290 0.239 0.121 

School move (grades 1-5) 0.250 0.188 0.179 0.196   0.000 0.000 0.016 

Grade retention (grades 1-5) 0.016 0.020 0.012 0.015   0.537 0.000 0.000 

6th grade cohort: Parental characteristics                 

Parent’s civic status in the year of birth:                 

Parents living together 0.900 0.884 0.893 0.885   0.922 0.295 0.972 

Parents living apart 0.089 0.092 0.085 0.094   0.387 0.589 0.503 

Mother’s age at birth 27.795 28.552 28.547 28.872   0.000 0.000 0.000 

Mother’s characteristics:                 

Income (10,000 DDK) 18.043 17.658 17.456 18.735   0.563 0.412 0.252 

Income, missing 0.036 0.040 0.037 0.033   0.045 0.064 0.001 

Edu.: Compulsory only 0.189 0.177 0.175 0.192   0.185 0.279 0.803 

Edu.: High school 0.073 0.076 0.075 0.076   0.277 0.716 0.620 

Edu.: Vocational 0.357 0.344 0.364 0.332   0.330 0.540 0.299 

Edu.: College 0.333 0.351 0.336 0.354   0.099 0.739 0.395 

Edu.: Missing 0.048 0.052 0.050 0.046   0.176 0.204 0.037 

Employed 0.750 0.746 0.751 0.758   0.834 0.649 0.533 
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Unemployed, insured 0.098 0.097 0.103 0.088   0.877 0.500 0.408 

Unemployed, uninsured  0.116 0.117 0.108 0.122   0.823 0.413 0.622 

Employment, missing 0.036 0.040 0.037 0.033   0.045 0.064 0.001 

Work experience in years 9.043 8.614 8.653 8.864   0.043 0.194 0.840 

Father’s characteristics: omitted                 

No. students 46,565 8,235 3,312 1,814 

 

8,235 54,800 1,814 

Note. (1) The public school sample includes all students enrolled in sixth grade at a public school in the 2012-2013 academic year. 

(2) The experiment sample includes all sixth grade students in the Danish Co-teacher Experiment and the Danish Teacher 

Supervision Experiment in the 2012-2013 academic year. (3) The estimation sample includes students allocated to one of the two 

control groups of the experiment sample (used in section 2.5.1). (4) Co-teacher sample includes all students allocated to the co-

teacher intervention (used in section 2.5.2). (5)-(7) tests equal means of public schools against each of the samples. P-values are 

adjusted for clustering of students in schools. Student ability quartiles are from the population distribution of national test scores 

(average of 3rd and 4th grades). Special education needs are assessed in grade 5. Parental characteristics are measured in year 2005 

(the year before school start). Father’s characteristics are omitted due to space limitations. 
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TABLE A2. STUDENT CHARACTERISTICS: COMPARING ESTIMATION SAMPLES 

  Means and proportions   P-values from test of equal means 

  (1) (2) (3)   (4) (5) (6) 

  
Experiment 

sample 

Estimation 

sample 

Co-teacher 

sample 

  Estimation sample: 

Control group 1= 

Control group 2 

Estimation= 

Experiment 

Estimation= 

Co-teacher 
  

  

6th grade cohort: School characteristics               

No. students 59.387 57.604 60.447   0.026 0.484 0.481 

No. students with special education needs 6.517 6.232 6.501   0.555 0.584 0.787 

Previous 6th grade cohorts:               

Reading 6th grade, spring 2010 -0.014 -0.017 -0.005   0.787 0.924 0.803 

Reading 6th grade, spring 2011 -0.021 -0.029 -0.037   0.679 0.784 0.890 

Reading 6th grade, spring 2012 -0.013 -0.052 0.043   0.514 0.216 0.126 

Math 6th grade, spring 2010 -0.023 -0.019 0.049   0.797 0.898 0.294 

Math 6th grade, spring 2011 0.016 -0.012 0.034   0.436 0.429 0.548 

Math 6th grade, spring 2012 0.006 0.007 0.050   0.618 0.992 0.588 

6th grade cohort: Teacher characteristics                

Female 0.608 0.625 0.558   0.049 0.458 0.164 

High teaching experience 0.374 0.372 0.377   0.316 0.897 0.919 

Male with high teaching experience 0.123 0.109 0.121   0.239 0.386 0.736 

Age 42.020 41.544 42.225   0.808 0.371 0.641 

Age above 40 0.561 0.554 0.579   0.754 0.759 0.665 

Has children 0.736 0.718 0.733   0.164 0.379 0.749 

Has children (boys) 0.541 0.502 0.598   0.570 0.087 0.049 

No. children 1.571 1.495 1.628   0.283 0.158 0.312 

Yearly income (avg. 2003-2005) 21.144 20.768 20.743   0.902 0.512 0.999 

Work experience in years (2005) 12.874 12.337 13.306   0.878 0.310 0.414 

HS GPA  -0.102 -0.096 -0.130   0.713 0.835 0.576 

HS GPA above median 0.315 0.299 0.294   0.229 0.484 0.923 

HS GPA above 75th percentile 0.160 0.171 0.123   0.224 0.544 0.176 

HS GPA above 90th percentile 0.062 0.048 0.059   0.677 0.196 0.622 

HS math study program 0.258 0.237 0.229   0.187 0.309 0.829 

HS graduate before 1978 0.349 0.377 0.364   0.205 0.276 0.818 

Teacher credentials               

Teaching degree 0.832 0.800 0.843   0.545 0.114 0.313 

Teaching degree, Danish certificate 0.381 0.379 0.365   0.582 0.894 0.732 

Teaching degree, math certificate 0.274 0.280 0.312   0.010 0.799 0.407 

Teaching degree, special education certificate 0.034 0.029 0.061   0.401 0.551 0.188 

Teacher College, entry cohort 1967-1981 0.136 0.171 0.125   0.492 0.131 0.279 

Teacher College, entry cohort 1982-1989 0.164 0.157 0.173   0.468 0.705 0.717 

Teacher College, entry cohort 1990-1997 0.103 0.062 0.112   0.799 0.001 0.087 

Teacher College, entry cohort 1998-2005 0.321 0.323 0.314   0.051 0.942 0.859 

Teacher College, entry cohort 2006-2013 0.067 0.066 0.068   0.151 0.972 0.942 

Teaching practices (survey data)               

I use small groups in the classroom  0.269 0.240 0.311   0.556 0.166 0.092 

I use individual teaching strategies  0.430 0.413 0.418   0.180 0.444 0.919 

I use individual teaching materials  0.308 0.331 0.286   0.138 0.315 0.395 

I prioritize high-achieving students 0.258 0.270 0.274   0.699 0.598 0.914 

I prioritize low-achieving students 0.557 0.573 0.569   0.221 0.519 0.946 

I develop materials for high-achieving students 0.364 0.404 0.458   0.542 0.083 0.296 

I develop materials for low-achieving students 0.460 0.474 0.525   0.333 0.602 0.351 

Teacher perception of the class environment 

(survey data)     

 

 

 

The class is quiet and orderly 0.528 0.517 0.567   0.030 0.611 0.344 

There are conflicts in the class 0.023 0.029 0.016   0.252 0.445 0.378 

There is sufficient time per student in the class 0.071 0.041 0.059   0.560 0.010 0.423 

There is a good social environment in the class 0.567 0.580 0.606   0.513 0.634 0.563 

6th grade cohort: Student characteristics               
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Boy 0.510 0.509 0.509   0.363 0.933 0.730 

Firstborn 0.430 0.422 0.421   0.996 0.389 0.850 

Firstborn, missing 0.021 0.020 0.017   0.328 0.889 0.194 

Student ability quartile 1 (avg. 3rd and 4th) 0.252 0.262 0.258   0.957 0.423 0.906 

Student ability quartile 2 (avg. 3rd and 4th) 0.213 0.215 0.207   0.941 0.863 0.589 

Student ability quartile 3 (avg. 3rd and 4th) 0.272 0.269 0.275   0.824 0.957 0.901 

Student ability quartile 4 (avg. 3rd and 4th) 0.262 0.254 0.261   0.942 0.389 0.722 

Special education needs referred in grade 5 0.092 0.093 0.092   0.996 0.909 0.884 

- Cause: Learning disabilities 0.046 0.046 0.053   0.715 0.875 0.579 

- Cause: Mental disabilities 0.003 0.005 0.002   0.470 0.136 0.162 

- Cause: Social disabilities 0.002 0.003 0.001   0.026 0.091 0.097 

- Cause: Physical disabilities 0.001 0.001 0.001   0.148 0.713 0.940 

- Cause: Other disabilities  0.041 0.039 0.035   0.915 0.614 0.746 

School move (grades 1-5) 0.188 0.179 0.196   0.414 0.601 0.633 

Grade retention (grades 1-5) 0.020 0.012 0.015   0.519 0.252 0.724 

6th grade cohort: Parental characteristics               

Parent’s civic status in the year of birth:               

Parents living together 0.884 0.893 0.885   0.933 0.194 0.549 

Parents living apart 0.092 0.085 0.094   0.590 0.141 0.382 

Mother’s characteristic:               

Edu.: Compulsory only 0.177 0.175 0.192   0.214 0.804 0.371 

Edu.: High school 0.076 0.075 0.076   0.281 0.612 0.842 

Edu.: Vocational 0.344 0.364 0.332   0.269 0.092 0.226 

Edu.: College 0.351 0.336 0.354   0.164 0.311 0.615 

Edu.: Missing 0.052 0.050 0.046   0.843 0.740 0.361 

Employed 0.746 0.751 0.758   0.746 0.691 0.803 

Unemployed, insured 0.097 0.103 0.088   0.315 0.405 0.263 

Unemployed, uninsured  0.117 0.108 0.122   0.437 0.247 0.393 

Employment, missing 0.040 0.037 0.033   0.360 0.553 0.203 

Father’s characteristics: omitted               

No. students 8,235 3,312 1,814 

 

3,312 8,235 5,126 

Note. (1) The experiment sample includes all sixth grade students in The Danish Co-teacher Experiment and The Danish Teacher 

Supervision Experiment in the 2012-2013 academic year. (2) The estimation sample includes students allocated to one of the two 

control groups of the experiment sample (used in section 2.5.1). (3) Co-teacher sample includes all students allocated to the co-

teacher intervention (used in section 2.5.2). (4) Tests equal means of the two control groups which are pooled in the estimation 

sample. (5) and (6) test the estimation sample against the experiment sample and co-teacher sample, respectively. P-values are 

adjusted for clustering of students in schools. Student ability quartiles are from the population distribution of national test scores 

(average of 3rd and 4th grades). Special education needs are assessed in grade 5. Parental and teacher characteristics are measured in 

year 2005 (the year before school start). Father’s characteristics are omitted due to space limitations. Information on teacher 

credentials, teaching practices, and teacher perceptions of the class environment are collected from survey data in the beginning of 

sixth grade. The proportions indicate the share of teachers who “agree” or “strongly agree” with the statement. 
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Appendix B. Teacher Assignment and Student Characteristics 

TABLE B1. TEACHER ASSIGNMENT ON STUDENT CHARACTERISTICS - BOYS 

   
Teacher's experience 

 

Teacher's  

High school GPA 

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

(5) (6) 

  

Male  

teacher 

Age  

above 40 

Graduate 

before 1990 

Male  

graduate 

before 1990 
 

Above 75th 

percentile 

Above 90th 

percentile 

Subject: Math 0.405*** -0.028 -0.006 0.145*** 
 

-0.009 0.026 

  (0.036) (0.039) (0.036) (0.027) 
 

(0.046) (0.034) 

Student birth information 
       

Firstborn 0.013* -0.005 -0.007 0.001 
 

0.003 -0.004 

  (0.007) (0.007) (0.007) (0.004) 
 

(0.011) (0.007) 

Birth order, missing -0.028 0.009 -0.025 -0.026 
 

0.096 0.043 

  (0.083) (0.084) (0.085) (0.060) 
 

(0.082) (0.062) 

Birthweight low -0.004 -0.002 0.021 0.003 
 

0.040* 0.022 

  (0.021) (0.019) (0.022) (0.013) 
 

(0.021) (0.019) 

Birthweight, missing -0.020 0.002 0.069 0.009 
 

-0.041 -0.000 

  (0.030) (0.060) (0.046) (0.025) 
 

(0.070) (0.012) 

Born premature -0.009 0.057 0.034 0.005 
 

0.021 0.020 

  (0.032) (0.050) (0.048) (0.022) 
 

(0.044) (0.031) 

Born premature, missing 0.017 -0.002 -0.063 -0.004 
 

0.052 0.010 

  (0.034) (0.058) (0.050) (0.028) 
 

(0.075) (0.014) 

Student characteristics (age 5) 
       

Mother's age at birth 0.002* 0.001 -0.000 0.000 
 

0.002 0.001 

  (0.001) (0.001) (0.001) (0.001) 
 

(0.001) (0.001) 

Mother's age at birth, missing 0.030 0.057 0.052 0.052 
 

-0.119 -0.091 

  (0.085) (0.082) (0.078) (0.059) 
 

(0.075) (0.062) 

Non-western immigrant -0.012 0.025* 0.012 0.001 
 

0.005 0.008 

or descendant (0.013) (0.015) (0.014) (0.009) 
 

(0.018) (0.011) 

Parents not living together -0.002 -0.023 -0.020 0.000 
 

-0.004 0.004 

  (0.013) (0.017) (0.014) (0.010) 
 

(0.019) (0.013) 

Mother single 0.005 0.016 0.022 0.005 
 

-0.009 -0.009 

  (0.015) (0.016) (0.014) (0.012) 
 

(0.018) (0.012) 

Age at school start -0.007 -0.019* -0.022** -0.012* 
 

-0.020** -0.001 

  (0.008) (0.011) (0.009) (0.007) 
 

(0.010) (0.006) 

Student behavior (age 5) 
       

ADHD or similar diagnosis 0.008 0.000 -0.047 -0.000 
 

-0.069* -0.018 

  (0.026) (0.034) (0.030) (0.027) 
 

(0.041) (0.033) 

Mother's characteristics (age 5) 
       

Education: High school -0.003 0.020 0.035** 0.015 
 

-0.012 -0.011 

  (0.014) (0.016) (0.015) (0.011) 
 

(0.016) (0.012) 

Education: Vocational -0.013 -0.005 -0.004 -0.004 
 

-0.037*** -0.021*** 

  (0.010) (0.012) (0.012) (0.007) 
 

(0.014) (0.008) 

Education: College -0.008 -0.021 -0.015 -0.009 
 

-0.033** -0.009 

  (0.012) (0.015) (0.014) (0.007) 
 

(0.014) (0.010) 

Education: Missing 0.016 0.018 0.036 -0.005 
 

-0.051 -0.007 

  (0.032) (0.035) (0.033) (0.029) 
 

(0.041) (0.029) 

Income (10,000 DDK) -0.000 0.001 0.001 0.000 
 

-0.000 -0.000 

  (0.000) (0.000) (0.000) (0.000) 
 

(0.001) (0.000) 

Income, missing -0.009 -0.033 -0.053 -0.020 
 

0.077 0.028 

  (0.047) (0.045) (0.039) (0.037) 
 

(0.056) (0.037) 

Unemployed, insured -0.023* 0.010 0.010 -0.017 
 

0.001 -0.000 

  (0.014) (0.017) (0.016) (0.011) 
 

(0.021) (0.015) 

Unemployed, uninsured  -0.012 -0.007 0.018 -0.003 
 

0.020 0.000 

  (0.012) (0.014) (0.015) (0.009) 
 

(0.019) (0.015) 

Father's characteristics (age 5) 
       

Education: High school 0.002 -0.016 -0.002 -0.001 
 

-0.002 0.008 

  (0.015) (0.023) (0.023) (0.015) 
 

(0.025) (0.015) 

Education: Vocational 0.006 -0.010 0.004 -0.000 
 

0.003 -0.001 
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  (0.010) (0.011) (0.011) (0.009) 
 

(0.014) (0.009) 

Education: College 0.007 -0.005 -0.004 -0.001 
 

-0.011 -0.012 

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

(0.015) (0.011) 

Education: missing -0.044 -0.022 -0.020 -0.035 
 

-0.044 -0.028 

  (0.027) (0.031) (0.034) (0.021) 
 

(0.040) (0.030) 

Income (10,000 DDK) 0.000 0.000 0.000 0.000 
 

0.000 0.000 

  (0.000) (0.000) (0.000) (0.000) 
 

(0.000) (0.000) 

Income, missing 0.029 -0.004 0.019 0.028 
 

0.028 0.018 

  (0.030) (0.042) (0.043) (0.026) 
 

(0.049) (0.034) 

Unemployed, insured 0.027 0.027 -0.025 0.001 
 

0.033 0.018 

 

(0.019) (0.022) (0.021) (0.015) 
 

(0.025) (0.018) 

Unemployed, uninsured  0.005 -0.029 -0.018 -0.008 
 

-0.006 -0.008 

  (0.015) (0.018) (0.017) (0.011) 
 

(0.019) (0.011) 

Constant -0.197*** 0.616*** 0.631*** -0.008 
 

0.437*** 0.317*** 

 

(0.065) (0.086) (0.076) (0.052) 
 

(0.089) (0.049) 

  
       

Adj. R-squared 0.393 0.330 0.335 0.314 
 

0.356 0.372 

  
       

P-values from F-test of joint insignificance 
      

 -All variables 0.148 0.216 0.008 0.066 
 

0.045 0.079 

 - Student birth information 0.655 0.922 0.438 0.997 
 

0.299 0.418 

 - Student behavior age 5 0.760 0.989 0.117 0.996 
 

0.095 0.588 

 - Mother's characteristics 0.449 0.281 0.073 0.124 
 

0.157 0.151 

 - Father's characteristics 0.272 0.521 0.566 0.618 
 

0.594 0.375 

 - Parent's characteristics 0.462 0.366 0.023 0.084 
 

0.191 0.287 

Observations 8,312 8,312 8,312 8,312 
 

5,290 5,290 

Schools 182 182 182 182 
 

162 162 

Note. Each model includes school and subject fixed effects. In parentheses are robust standard errors clustered at the school level. 

Missing values are imputed with value zero and an indicator for missing included in the model. High school GPA is only available 

for teachers graduating high school after 1978. If high school GPA is missing after 1978, the GPA is set equal to zero. Education 

reference category is compulsory education. Parental characteristics are measured in year 2005 (the year before school start).  

*** p<0.01, ** p<0.05, * p<0.1. 
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TABLE B2. TEACHER ASSIGNMENT ON STUDENT CHARACTERISTICS - GIRLS 

   
Teacher's experience 

 

Teacher's  

High school GPA 

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

(5) (6) 

  

Female 

teacher 

Age  

above 40 

Graduate 

before 1990 

Male  

graduate 

before 1990 
 

Above 75th 

percentile 

Above 90th 

percentile 

Subject: Math -0.404*** -0.030 -0.006 0.152*** 
 

0.006 0.022 

  (0.035) (0.037) (0.036) (0.026) 
 

(0.046) (0.032) 

Student birth information 
       

Firstborn 0.000 0.011 0.008 0.002 
 

-0.015 -0.003 

  (0.007) (0.010) (0.009) (0.006) 
 

(0.010) (0.006) 

Birth order, missing 0.018 -0.009 -0.000 0.013 
 

-0.030 0.027 

  (0.037) (0.055) (0.073) (0.036) 
 

(0.070) (0.023) 

Birthweight low -0.005 -0.035 -0.019 0.009 
 

0.001 0.010 

  (0.020) (0.022) (0.020) (0.016) 
 

(0.018) (0.010) 

Birthweight, missing 0.044 -0.059* 0.020 -0.005 
 

-0.118** -0.054 

  (0.039) (0.035) (0.039) (0.024) 
 

(0.060) (0.058) 

Born premature 0.031 0.007 -0.083* -0.044 
 

0.012 0.053 

  (0.048) (0.047) (0.047) (0.036) 
 

(0.056) (0.035) 

Born premature, missing -0.034 0.070* -0.036 -0.009 
 

0.101 0.035 

  (0.043) (0.041) (0.047) (0.028) 
 

(0.065) (0.060) 

Student characteristics (age 5) 
       

Mother's age at birth -0.000 0.001 0.001 0.000 
 

-0.001 0.000 

  (0.001) (0.001) (0.001) (0.001) 
 

(0.001) (0.001) 

Mother's age at birth, missing 0.012 -0.030 0.004 -0.018 
 

-0.027 -0.004 

  (0.053) (0.069) (0.078) (0.045) 
 

(0.074) (0.032) 

Non-western immigrant 0.012 -0.016 0.001 0.005 
 

-0.029* -0.017* 

or descendant (0.012) (0.015) (0.014) (0.010) 
 

(0.017) (0.010) 

Parents not living together 0.009 0.025* 0.019 0.005 
 

0.010 0.016 

  (0.010) (0.013) (0.012) (0.008) 
 

(0.018) (0.014) 

Mother single -0.009 -0.013 0.000 -0.001 
 

0.005 -0.006 

  (0.012) (0.015) (0.013) (0.010) 
 

(0.020) (0.014) 

Age at school start -0.005 0.013 0.010 0.003 
 

-0.004 -0.017*** 

  (0.008) (0.010) (0.009) (0.007) 
 

(0.012) (0.006) 

Student behavior (age 5) 
       

ADHD or similar diagnosis 0.026 0.034 0.048 -0.004 
 

0.029 0.001 

  (0.032) (0.047) (0.043) (0.032) 
 

(0.045) (0.024) 

Mother's characteristics (age 5) 
       

Education: High school -0.007 0.015 0.011 0.015 
 

0.004 0.017 

  (0.015) (0.018) (0.016) (0.011) 
 

(0.017) (0.014) 

Education: Vocational 0.017 -0.002 -0.009 -0.013* 
 

0.001 0.006 

  (0.012) (0.012) (0.013) (0.007) 
 

(0.013) (0.010) 

Education: College 0.010 0.005 -0.001 -0.009 
 

0.017 0.012 

  (0.011) (0.014) (0.012) (0.007) 
 

(0.014) (0.011) 

Education: Missing 0.032 0.046 0.051 0.025 
 

-0.007 0.003 

  (0.026) (0.034) (0.035) (0.025) 
 

(0.029) (0.025) 

Income (10,000 DDK) 0.000 -0.000 0.001 0.000 
 

-0.000 -0.000 

  (0.000) (0.000) (0.000) (0.000) 
 

(0.000) (0.000) 

Income, missing -0.019 0.014 0.011 -0.023 
 

0.046 0.019 

  (0.044) (0.055) (0.055) (0.038) 
 

(0.051) (0.041) 

Unemployed, insured 0.010 -0.007 0.033* -0.005 
 

0.016 0.014 

  (0.016) (0.019) (0.017) (0.013) 
 

(0.023) (0.016) 

Unemployed, uninsured  0.020 -0.024 0.021 -0.007 
 

0.011 0.007 

  (0.013) (0.016) (0.017) (0.010) 
 

(0.017) (0.013) 

Father's characteristics (age 5) 
       

Education: High school 0.002 0.002 -0.008 0.003 
 

0.037 0.027 

  (0.017) (0.018) (0.020) (0.016) 
 

(0.027) (0.017) 

Education: Vocational 0.002 -0.009 -0.002 -0.003 
 

-0.003 0.007 

  (0.010) (0.012) (0.011) (0.008) 
 

(0.014) (0.008) 

Education: College -0.000 0.009 0.007 0.003 
 

0.005 0.022** 

  (0.011) (0.014) (0.017) (0.011) 
 

(0.016) (0.010) 



Appendix B. Teacher Assignment and Student Characteristics 103 

   

Education: missing -0.042 -0.032 -0.055** -0.011 
 

0.062* 0.019 

  (0.029) (0.028) (0.027) (0.021) 
 

(0.035) (0.018) 

Income (10,000 DDK) 0.000 0.000 0.000 -0.000 
 

0.000 -0.000 

  (0.000) (0.000) (0.000) (0.000) 
 

(0.000) (0.000) 

Income, missing 0.058* 0.028 0.051 -0.007 
 

-0.036 -0.010 

  (0.032) (0.035) (0.034) (0.026) 
 

(0.045) (0.027) 

Unemployed, insured 0.022 0.023 0.030 0.011 
 

0.001 -0.003 

 

(0.020) (0.024) (0.027) (0.016) 
 

(0.024) (0.021) 

Unemployed, uninsured  0.012 0.032** 0.033** -0.003 
 

-0.017 -0.016 

  (0.014) (0.016) (0.016) (0.010) 
 

(0.023) (0.015) 

Constant 1.211*** 0.435*** 0.408*** -0.098** 
 

0.346*** 0.388*** 

 

(0.058) (0.071) (0.069) (0.048) 
 

(0.082) (0.042) 

  
       

Adj. R-squared 0.390 0.342 0.333 0.326 
 

0.365 0.363 

  
       

P-values from F-test of joint insignificance 
      

 -All variables 0.262 0.160 0.069 0.571 
 

0.017 0.051 

 - Student birth information 0.876 0.421 0.179 0.902 
 

0.361 0.188 

 - Student behavior age 5 0.421 0.468 0.265 0.900 
 

0.519 0.954 

 - Mother's characteristics 0.161 0.603 0.171 0.087 
 

0.702 0.561 

 - Father's characteristics 0.726 0.345 0.295 0.968 
 

0.195 0.184 

 - Parent's characteristics 0.103 0.460 0.095 0.342 
 

0.124 0.023 

Observations 8,090 8,090 8,090 8,090 
 

5,077 5,077 

Schools 182 182 182 182 
 

162 162 

Note. Each model includes school and subject fixed effects. In parentheses are robust standard errors clustered at the school level. 

Missing values are imputed with value zero and an indicator for missing included in the model. High school GPA is only available 

for teachers graduating high school after 1978. If high school GPA is missing after 1978, the GPA is set equal to zero. Education 

reference category is compulsory education. Parental characteristics are measured in year 2005 (the year before school start).  

*** p<0.01, ** p<0.05, * p<0.1.  
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TABLE B3. TEACHER ASSIGNMENT AND PARENTAL EDUCATION LEVEL AND EMPLOYMENT - BOYS 

  
Teacher 

gender 

Male 

Teaching experience   Teacher High school GPA  

  

Age  

above 40 

Graduate 

before 1990 

Male  

graduating 

before 1990 

  
Above 75th 

percentile 

Above 90th 

percentile 

I. Mother's education level               

Math 0.410*** -0.010 0.015 0.159***   0.005 0.035 

  (0.038) (0.041) (0.039) (0.031)   (0.051) (0.040) 

(ref. group: compulsory)               

High school 0.005 0.001 0.006 -0.006   -0.023 -0.005 

  (0.024) (0.028) (0.027) (0.017)   (0.029) (0.021) 

Vocational -0.011 0.009 0.013 0.008   -0.038* -0.031** 

  (0.017) (0.020) (0.022) (0.012)   (0.020) (0.014) 

College -0.005 -0.004 0.005 0.002   -0.010 0.012 

  (0.021) (0.024) (0.024) (0.014)   (0.024) (0.015) 

Interaction with math teacher:                

                

High school X Math -0.016 0.039 0.059 0.043   0.023 -0.011 

 

(0.040) (0.043) (0.046) (0.035)   (0.045) (0.030) 

Vocational X Math -0.005 -0.027 -0.032 -0.024   0.003 0.023 

  (0.030) (0.033) (0.033) (0.025)   (0.034) (0.022) 

College X Math -0.005 -0.034 -0.039 -0.023   -0.045 -0.041 

  (0.034) (0.040) (0.035) (0.028)   (0.040) (0.025) 

                

Adj. R-squared 0.393 0.330 0.335 0.314   0.357 0.373 

F-test: Interactions jointly zero (p-value) 0.985 0.383 0.081 0.088   0.317 0.042 

                

II. Mother's labor market attachment               

Math 0.403*** -0.028 -0.010 0.140***   -0.007 0.026 

  (0.038) (0.041) (0.038) (0.028)   (0.047) (0.035) 

(ref. group: employed)               

Unemployed, insured -0.039* -0.025 -0.006 -0.030   0.009 -0.003 

  (0.021) (0.027) (0.031) (0.018)   (0.030) (0.024) 

Unemployed, uninsured -0.009 0.023 0.012 -0.012   0.018 0.003 

  (0.021) (0.027) (0.025) (0.016)   (0.033) (0.020) 

Interaction with math teacher:                

Unemployed, insured X Math 0.054 0.035 0.047 0.054   0.024 0.008 

  (0.040) (0.043) (0.050) (0.036)   (0.041) (0.033) 

Unemployed, uninsured X Math -0.025 -0.028 -0.004 -0.009   -0.033 -0.006 

  (0.034) (0.041) (0.037) (0.027)   (0.040) (0.025) 

                

Adj. R-squared 0.393 0.330 0.335 0.314   0.357 0.371 

F-test: Interactions jointly zero (p-value) 0.181 0.320 0.454 0.107   0.496 0.877 

                

Observations 8,312 8,312 8,312 8,312   5,290 5,290 

Schools 182 182 182 182   162 162 

Note. In parentheses are robust standard errors clustered at the school level. Each model includes a constant, school fixed effects, and 

student background characteristics measured in year 2005 (the year before school start). Background characteristics include: gender, 

low birthweight, birth order, Non-Western imm./desc., living with both parents, single mother, and parents’ income, education, and, 

unemployment indicators. *** p<0.01, ** p<0.05, * p<0.1. 
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TABLE B4. TEACHER ASSIGNMENT AND PARENTAL EDUCATION LEVEL AND EMPLOYMENT - GIRLS 

  

Female 

teacher 

Teaching experience   Teacher High school GPA  

  

Age  

above 40 

Graduate 

before 1990 

Male 

graduating 

before 1990 

  
Above 75th 

percentile 

Above 90th 

percentile 

I. Mother's education level               

Math -0.429*** -0.011 0.031 0.200***   0.036 -0.000 

  (0.039) (0.040) (0.045) (0.031)   (0.051) (0.035) 

(ref. group: compulsory)               

High school -0.010 0.027 0.020 0.034*   0.002 -0.003 

  (0.026) (0.028) (0.029) (0.019)   (0.030) (0.023) 

Vocational -0.002 0.010 0.018 0.020   0.014 -0.015 

  (0.018) (0.020) (0.021) (0.013)   (0.022) (0.016) 

College -0.006 0.018 0.024 0.023*   0.043* 0.005 

  (0.019) (0.025) (0.023) (0.013)   (0.023) (0.016) 

Interaction with math teacher:                

                

High school X Math 0.007 -0.024 -0.018 -0.038   0.003 0.042 

  (0.044) (0.042) (0.047) (0.034)   (0.047) (0.032) 

Vocational X Math 0.038 -0.023 -0.053 -0.066***   -0.028 0.044 

  (0.030) (0.033) (0.034) (0.025)   (0.037) (0.027) 

College X Math 0.034 -0.027 -0.049 -0.063**   -0.055 0.015 

  (0.031) (0.041) (0.038) (0.024)   (0.043) (0.025) 

                

Adj. R-squared 0.390 0.341 0.333 0.327   0.365 0.363 

F-test: Interactions jointly zero (p-value) 0.601 0.866 0.429 0.036   0.568 0.235 

                

II. Mother's labor market attachment 
 

            

Math -0.392*** -0.042 -0.017 0.138***   0.001 0.024 

  (0.036) (0.040) (0.036) (0.026)   (0.047) (0.030) 

(ref. group: employed)               

Unemployed, insured 0.048** -0.048* -0.001 -0.041**   -0.002 0.012 

  (0.022) (0.025) (0.029) (0.016)   (0.029) (0.023) 

Unemployed, uninsured 0.027 -0.029 0.015 -0.027*   0.010 0.013 

  (0.021) (0.026) (0.027) (0.016)   (0.032) (0.023) 

Interaction with math teacher:                

Unemployed, insured X Math -0.055 0.048 0.045 0.066**   0.027 -0.010 

  (0.038) (0.042) (0.045) (0.029)   (0.045) (0.035) 

Unemployed, uninsured X Math -0.034 0.043 0.038 0.046*   0.012 0.001 

  (0.034) (0.037) (0.037) (0.027)   (0.039) (0.027) 

                

Adj. R-squared 0.390 0.342 0.333 0.327   0.365 0.363 

F-test: Interactions jointly zero (p-value) 0.315 0.386 0.494 0.059   0.824 0.958 

                

Observations 8,090 8,090 8,090 8,090   5,077 5,077 

Schools 182 182 182 182   162 162 

Note. In parentheses are robust standard errors clustered at the school level. Each model includes a constant, school fixed effects, and 

student background characteristics measured in year 2005 (the year before school start). Background characteristics include: gender, 

low birthweight, birth order, Non-Western imm./desc., living with both parents, single mother, and parents’ income, education, and 

unemployment indicators. *** p<0.01, ** p<0.05, * p<0.1. 
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Abstract 

We exploit variation stemming from school consolidations in Denmark from 2010-2011 to analyze 

the impact on student achievement as measured by test scores in grades 4 and 6. We find that school 

consolidation generally has adverse effects on student achievement in the short run and that these 

adverse effects are most pronounced for students exposed to school closings. Furthermore, students 

initially enrolled in small schools experience the most detrimental effects. The effects generally 

appear to weaken over time, suggesting that at least part of the effect is due to disruption.  
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3.1 Introduction 

In recent years, policy makers all over the world have imposed structural changes on schools and 

students to improve student achievement that encompass large and small changes in the students’ 

current learning environment and that range from major school consolidations to minor adjustments 

in the quantity or quality of inputs. In economics of education, school size, in addition to student-

teacher ratio, class size, and teacher qualifications, is considered one of many inputs in the 

educational production function. A growing literature exists on the causal impact of each of these 

policy instruments on student achievement in the medium and long term, but not much is known 

about the magnitude of the potential short-term disruption effect on the students’ learning 

environment while implementing the changes.  

In this paper, we estimate the short-term effect of school consolidation by exploiting a recent wave 

of school consolidations in Denmark. Our findings suggest that school consolidation adversely 

affects student achievement. In addition, at least part of the effect seems to be caused by a short-

term disruption effect. 

In North America and many European countries, including Denmark, policy makers are convinced 

that larger schools are less costly than smaller schools due to economies of scale (e.g. Leithwood 

and Jantzi 2009). Further, it is often argued that larger schools are better than smaller schools when 

it comes to teacher specialization, qualifications and course quality. As a result, school 

consolidations (school closings, expansions, and mergers) are spreading and primary school size 

trends upwards (Ares Abalde 2014). There is not much hard evidence, however, to support the 

supposedly beneficial effects of school consolidation, even though the impact of school 

consolidation and the closely related issue of the impact of school size have been studied 

intensively; see e.g. Kuziemko (2006), Berry and West (2010), Brummet (2014) and de Haan et al. 

(forthcoming).  

This paper examines the impact of school consolidation on individual student achievement by 

employing a difference-in-differences (DID) strategy on detailed, student-level data. In contrast to 

many previous studies, we are able to follow the development in individual student test scores 

throughout a school consolidation. For each student, we follow yearly enrollment and test scores 

one year prior to consolidation and then up to four years after. The consolidations we consider were 

the result of local school reforms that took place in Denmark in 2010 and 2011. During these two 
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years, 312 out of about 1,500 schools were closed, expanded, or merged, leaving approximately 

15% of all students affected by the consolidations. This led to an average increase in school size at 

the individual level that ranged from 70 students for schools that expanded to 230 students for 

schools that closed. For the remaining schools unaffected by the reforms, the average increase in 

school size was only about five students. In contrast to the typical school restructuring taking place 

in the U.S., e.g. as studied by Engberg et al. (2012), the closing or restructuring of schools was not 

primarily targeting low-performing schools. Hence, we are able to investigate heterogeneous effects 

that reflect more than just the effects for low-performing, ‘displaced’ students and better-

performing, ‘receiving’ students.
71

 This does not influence the internal validity of the estimates but 

it does possibly improve the external validity. 

We contribute to the existing literature by exploiting exogenous variation from school 

consolidations in a setting where the decision to consolidate schools is not dominated by 

performance measures. We are able to follow the development in individual student test scores 

across a period of school consolidation.  In addition, our rich student-level panel data allows for 

detailed heterogeneity analyses, which can be informative about the effects of consolidations for 

different types of students.   

We find that individual student test scores declined with consolidation and that the negative overall 

effect of consolidation appears to be driven by school closings, with student test scores decreasing 

by 5.9% of a standard deviation (SD). Furthermore, comparing the two- and four-year achievement 

gains, the results indicate that the detrimental effect of consolidations seems to diminish over time. 

Finally, we interpret the short-term negative effects as evidence that a disruption cost exists but that 

the magnitude is not larger than could be compensated for by, for example, smaller class sizes or 

having teacher aides. 

The remainder of this paper is structured as follows. First, section 3.2 discusses why school 

consolidation may affect student achievement. Section 3.3 then presents the relevant educational 

institutions and section 3.4 describes the data and the consolidations. Next, section 3.5 presents the 

                                                 

71
 We use the term ‘displaced students’ to describe students who were exposed to a school closing while students in 

expanding schools are labelled ‘receiving’ students. 
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empirical analysis as well as robustness checks. Finally, section 3.6 investigates potential 

mechanisms and section 3.7 concludes the paper. 

3.2 Why Should School Consolidation Matter for Student Achievement? 

School consolidation primarily affects schools by increasing school size and saving school costs, 

which is often the purpose of the merger. School consolidation, however, could also potentially 

impact the composition of the peer group, which may be another motivation for consolidation. In 

addition, it is likely that consolidation represents a structural change that exerts psychological costs 

on the students and teachers and therefore potentially distorts the learning environment. From the 

perspective of the student, a school transition has been hypothesized to lead to two main effects.
72

 

First, a school transition causes a disruption effect, which is a short-term effect – although it could 

potentially have long-lasting repercussions. Second, a school transition typically causes a change in 

school quality, e.g. school size and peer composition, which would possibly result in longer-term 

effects.   

Most previous studies on the effect of consolidations focus on school size and are based on data 

from the U.S. or the U.K. They generally expect larger schools to produce positive effects due to 

the increased specialization of teachers, a more heterogeneous teacher and student composition, 

and, based on economies of scale, improved opportunities for the school to recruit and attract high-

quality teachers, in addition to better time allocation between teaching and administrative work; see, 

for instance, Garrett et al. (2004), Leithwood and Jantzi (2009) and Ares Abalde (2014). On the 

other hand, researchers also recognize the possibility that smaller schools constitute a more intimate 

and safer environment, which may give teachers and students a more positive perception of 

schooling and thereby better support the learning environment. Thus, there are financial, 

sociological, and psychological arguments as to why the size of a school might affect student 

learning and achievement. To date, the empirical evidence on the signs of the effects is ambiguous. 

Leithwood and Jantzi’s (2009) survey, for example, arrives at two main conclusions. First, the 

empirical evidence generally favors small schools, both in terms of student test scores and social 

factors. Second, the more recent research indicates that cost-effectiveness and efficiency are not a 

justification for larger schools.  

                                                 

72
 See e.g. Hanushek et al. (2004) and Behaghel et al. (2015). 
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Recent attempts to identify the impact of school size based on quasi-experimental variation yields 

ambiguous results; this is clear from the recent review by Humlum and Smith (2015b). Schwartz et 

al. (2013) and Barrow et al. (2015) are based on instrumental variable methods exploiting variation 

in distance between the student’s home and the closest small high school as an instrument for 

school choice. They report favorable effects of attending a small high school on various outcomes. 

Because these studies draw upon distance to school as an instrument, they only identify the effect of 

interest under the restrictive assumption that the effect of school size is homogeneous. If effects are 

in fact heterogeneous, the instrument is invalid if there is a systematic relationship between the 

distance to a small school for those students opting for a small school and their expected return 

from attending a small school. Abdulkadiroğlu et al. (2013) also focus on the effects of attending a 

small high school but are able to use assignment lotteries to identify the causal effect. They find 

positive effects of small high school size on a range of outcomes, including course scores and 

college enrollment.  

While the previous authors investigated high schools, Kuziemko (2006), Berry and West (2010), 

Liu et al. (2010), de Haan et al. (forthcoming), and Humlum and Smith (2015a) study primary 

schools. Kuziemko (2006) uses exogenous variation stemming from aggregate school-grade data on 

school mergers, student background and outcomes, and implements an instrumental variable 

method. She finds that small schools are more favorable for student outcomes than large schools. 

Berry and West (2010) exploit variation in the timing of school consolidation across the U.S. and 

find that students educated in states with smaller schools obtain higher returns from education. On 

the other hand, Liu et al. (2010) study mergers occurring in China in 2002 and use DID and 

propensity score matching methods to document the absence of effects on test scores. De Haan et al. 

(forthcoming) consider a reform of the Dutch school system that implied a decrease in the number 

of schools and find positive effects on student test scores upon completion of primary school. Their 

empirical strategy compares the cohort completing primary education before the reform with the 

cohort enrolled and completing primary education after implementation of the reform. They 

investigate four potential mechanisms and conclude that the positive effect of consolidation is 

mainly driven by school size. A recent longitudinal panel study from Denmark supports the non-

negative impacts of increasing school size on long-term outcomes such as educational outcomes 

and earnings. To arrive at this conclusion, Humlum and Smith (2015a) exploit registry data on the 

total population and school catchment areas in order to apply multiple estimators and instruments. 

Combining the evidence from different identification strategies, studies by de Haan et al. 
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(forthcoming) and Humlum and Smith (2015a) seem to suggest that larger schools (in countries 

where the average school size is small) do not harm students. 

However, consolidation potentially affects students, teachers and schools in other ways than 

through school size. Consolidation often leads to the relocation of students and changes in their 

learning environment. As such, the effects of consolidation can be expected to be similar to what 

happens as a result of voluntary school moves. Of course, voluntary school moves are different in 

nature, just as the magnitude and direction of the effects on student academic performance may 

differ substantially. School moves are generally viewed as being associated with disruption costs 

and changes in school quality, see e.g. Hanushek et al. (2004) and Behaghel et al. (2015). 

Disruption costs may play a particularly important role when moves occur due to consolidation, 

which inherently affects multiple students simultaneously.  

Only a few of the above-mentioned studies, however, focus on the impacts of consolidation other 

than change in school size. Three recent articles (Liu et al. 2010, Engberg et al. 2012, Brummet 

2014) with an approach similar to the one in this paper analyze the short-term effects of 

consolidation on displaced and receiving students in particular. Liu et al. (2010) study the closure of 

small schools in remote areas of rural China. Engberg et al. (2012) examine school closings in an 

anonymous U.S. urban school district, while Brummet (2014) explores school closings in Michigan. 

They generally find that displaced students are hurt more by consolidation than receiving students. 

The policy for school closings analyzed in Engberg et al. (2012) directly targeted low-performing 

schools for closure. Brummet (2014) observes a dip in mathematics scores in schools prior to their 

closure, but state that the lowest-performing schools were not necessarily the ones in the district that 

were closed. Our paper contributes to this literature by exploiting exogenous variation from school 

consolidation in a setting where restructuring of the municipalities and rationalization triggered 

consolidation as opposed to low performance. 
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3.3 Institutional Environment 

3.3.1 Danish Schools and Educational System 

In Denmark, the period of compulsory education is ten years, during which students are not tracked. 

Generally, students are divided into classes when they enroll and stay in the same class throughout 

primary school. The maximum official class size is 28 students but varies considerably across 

schools and cohorts.  

The local authorities are responsible for compulsory education in Denmark and in 2010 comprised 

98 municipalities, each of which is divided into one or more catchment areas with one school each. 

The catchment area a child belongs to is determined by the parents’ residency and is where the child 

goes to school. Since 2006, however, parents have been allowed to freely choose which school to 

enroll their child in, thus allowing them to select a catchment area other than their own if an 

opening is available.
73

 Parents can also choose to enroll their child in a private or independent 

school, some of which have a religious or ideological foundation, though others are simply an 

independent alternative to public schools. Private schools receive substantial financial support based 

on the number of students enrolled (Ministry of Education 2012). In contrast to other countries, 

low-income parents are eligible for a voucher if they choose to send their child to a private school, 

thus making them accessible to more than just privileged children. Parents who choose a private 

school over a public school, however, may share other observable and unobservable characteristics.  

The average school size in Denmark is relatively small. In 2011 it was 374 students per public 

primary school (KORA 2012), making Danish schools much smaller than their counterparts in, for 

instance, the U.S. and the U.K., where 500-600 students is considered small (Berry and West 2010).  

3.3.2 National Tests 

The performance of Danish primary school children was not systematically evaluated until 2010, 

which is when the Danish Parliament introduced yearly systematic nationwide testing in 

compulsory education. Reading tests are administered every other year from second to eighth grade 

and math tests are given in third and sixth grade (Beuchert and Nandrup 2014). Since the tests are 

                                                 

73
 See the Danish Public School Act. 
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mandatory and students are tested in the same subject in different grades, they are ideal for 

analyzing achievement gains and learning progress during compulsory education. Each national test 

assesses three different cognitive areas per subject, known as a profile area. More specifically, 

reading tests measure: 1) language comprehension, 2) word recognition, and 3) text comprehension, 

while math tests measure: 1) numbers and algebra, 2) geometry, and 3) applied mathematics. 

The national tests are adaptive and they objectively estimate the student’s ability based on only two 

parameters: the difficulty level of the question and the student’s estimated ability based on the 

previous questions. The final measure of ability is estimated using a Rasch calibrated logit scale. 

Thus, the test score is not a measure of how many correct answers the student gets but an estimate 

of the student’s ability within the specific profile area.
74

  

3.3.3 School Consolidation 

On January 1, 2007 a large reform of the municipalities in Denmark was implemented. From the 

perspective of school policy, this was a large-scale school district consolidation. The number of 

municipalities was reduced from 271 to 98. The municipality is the local authority that delivers 

primary and lower secondary education in Denmark. This reform was probably one of the main 

reasons for the wave of school consolidations that followed. One of the arguments in favor of the 

reform was that larger municipalities could generate gains based on a reorganization of their school 

structure, see Strukturkommissionen (2004). For example, larger municipalities were hypothesized 

to have better opportunities for establishing large schools, limit per students costs, and adapt to 

demographic changes. School consolidations are, however, controversial and with local elections 

coming up in 2009, the topic was postponed in many municipalities. In a number of municipalities, 

the politicians decided to have major investigations of the future school structure, demography, and 

school costs by external consultants combined with public hearings among the local citizens. Part of 

the purpose of these activities which obviously delayed the consolidation process considerably may 

have been to mature decision and to help the politicians to implement unpopular decisions.
75

 

                                                 

74
 For more details, see Beuchert and Nandrup (2014). For a more technical description of the model, underlying 

assumptions, and the estimation, see Wandall (2011). 

75
 See http://www.folkeskolen.dk/509735/hver-femte-skole-er-vaek-til-sommer 
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In 2010, the Danish government initiated an enforced sanction regime on central government and 

municipalities (Budget Law). The Budget Law introduced binding multi-annual expenditure 

ceilings on actual spending and includes a broad range of public expenditures (KORA 2015).
76

 This 

initiated larger school restructurings. 

As a result, 59 of the 98 municipalities consolidated a large number of public schools during 2010 

and 2011. In total, 312 out of 1,479 schools were closed, expanded, or merged as a result of local 

school reforms. 

We define three types of school consolidation: 

i. School closings: The school is completely closed and the students are moved to either an 

existing school or a new school. 

ii. School expansions: The school expands by taking in students from one or more school 

closings.
 
 

iii. School mergers: The school merges administratively with one or more schools so they 

have a shared secretariat, principal, teachers, and some facilities; however, the students 

physically continue to attend their old school.  

Consolidation took place during the 2010 or 2011 summer holiday. The municipal board typically 

announced local school reforms with the financial budget negotiations in October. The main 

arguments raised were the Budget Law and declining trends in the number of school-aged children 

(Eurydice 2013). The financial budget is passed no later than March 1 the following year. The 

timing allows less than one school year for public hearings among school boards and the local 

citizens. The restructuring mainly affected small schools and schools in old buildings as well as 

schools located close to each other at either side of the old municipality borders.
77

 Since the 

consolidations appear to have been motivated primarily by economic challenges, consolidation 

should only to a lesser extent be related to student characteristics. In the data section, we describe 

the consolidations and affected schools in more detail. 

                                                 

76
 From 2009 to 2014, the municipal expenditures for the public schools at large were reduced by approximately 6.3% 

(KORA 2015). 
77

 Bækgaard et al. (2015) use the reform-induced variation in distances between schools to estimate the effects of school 

size on costs and find that school closures in Denmark from 2007-2011 have reduced costs by 3.9 percent. 
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3.4 Data 

3.4.1 Sample Selection 

Student enrollment is registered at the beginning of each school year for all students in Denmark, 

thus making it possible to individually track students, their school, and grades over time. The 

student registry covers all educational institutions in Denmark, including private schools, which 

means data is available on students who move to another school and the type of school. This 

information on schools is also merged with information from Statistics Denmark, which links 

students to their parents and extensive information on socioeconomic variables such as health status 

and employment status. 

The main sample used in the estimations consists of all second and fourth grade students who 

attended a public school and completed the national reading test during the 2009-2010 school year 

and again during the 2011-2012 school year, where they attended fourth and sixth grade, 

respectively. Hence, we follow two cohorts of students for three subsequent school years and focus 

on students who have been tested in reading, a subject that is tested more frequently than other 

subjects.  

Table 1 summarizes the sampling process. First, all second and fourth grade students attending 

public schools in the 2009-2010 school year were selected. Next, the sample was restricted to 

students who continued in the public school system in order to have a sample with both pre- and 

post-test scores. In other words, all students who left a public school to enroll in a private school or 

in special needs education were excluded for both of the school years under study. Since these 

students are dropped from the main sample, this potentially introduces selection bias. We address 

this issue in section 3.5. Finally, the sample was restricted to students with no missing test scores in 

2010 and 2012
78

, thus resulting in a final sample of 90,496 students. In our sample, 15.5% of the 

students were affected by school consolidation. 

 

                                                 

78
 About 15% (8%) of the students in the sample had missing test scores in 2010 (2012). The majority of missing test 

scores in 2010 were due to unsystematic technical breakdowns in the online test system (Wandall 2011). Due to missing 

pre-test scores, seven (three) of the schools that underwent consolidation in 2010 (2011) and 44 non-consolidated 

schools are not represented in the final sample, corresponding to approximately 3% of the schools. We did not find any 

systematic differences in missing pre-test scores based on consolidation status. 
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TABLE 1. SAMPLE SELECTION  

Sample selection process 
Total  

no. of students 

No. of students affected by 

school consolidation (%) 

Percentage of 

total sample 

All students enrolled in 2nd or 4th grade in a 

public school during the 2009-2010 school year 
114,875 16,994 (14.8%) 100.0% 

All students minus students who exit to special 

needs education 
114,248 16,740 (14.7%) 99.5% 

All students minus students who exit to private 

or independent schools 
110,389 16,277 (14.7%) 96.1% 

Pre- and post-test scores available 90,495 14,025 (15.5%) 78.8% 

Students in 2nd grade (age 8) 45,155 6,967 (15.4%) 39.3% 

Students in 4th grade (age 10) 45,340 7,058 (15.6%) 39.5% 

In order to observe pre-test scores in the data, we analyze school consolidations that took place no 

earlier than 2010. The tests in our study were taken by second and fourth grade students, typically 

aged 8 and 10 years, respectively, in spring 2010 (pre-test scores) and two years later in spring 2012 

when the students were in fourth
 
and sixth grade, typically aged 10 and 12 years, respectively (post-

test scores). We standardize the test scores by year, grade, and profile area, and then we calculate an 

average test score across the three profile areas and stardardize again. Table 2 reports the means of 

test scores before and after potential exposure to school consolidation. Students are grouped based 

on their predicted – not necessarily their actual – exposure in order to allow for endogenous student 

mobility. On average, students exposed to school closings and expansions performed slightly below 

the mean on the second and fourth grade pre-test. Students exposed to school mergers did not 

perform significantly differently compared to students at non-consolidated schools.  

TABLE 2. MEANS OF PRE- AND POST-TEST SCORES BY EXPOSURE TO SCHOOL CONSOLIDATION 

  
Type of school consolidation 

 

(1) 

Non-consolidated 

schools 

(2) 

Closings 

(3) 

Expansions 

(4) 

Mergers 

 
Mean SD Mean SD 

 
Mean SD 

 
Mean SD 

 
Pre-test: 

           
2nd grade 0.038 (0.975) -0.062 (0.992) *** -0.028 (0.979) *** 0.058 (0.969) 

 
4th grade 0.042 (0.962) -0.038 (0.979) *** -0.063 (0.984) *** 0.020 (0.954) 

 
Post-test: 

           
4th grade 0.055 (0.960) -0.082 (0.983) *** -0.014 (0.979) *** 0.076 (0.941) 

 
6th grade 0.071 (0.953) -0.092 (0.996) *** -0.045 (0.961) *** 0.015 (0.948) *** 

No. of students 76,471 3,900 
 

5,196 
 

4,928 
 

Note: *, **, *** indicate that the mean is statistically different from the mean of the non-consolidated schools at the 

10, 5, and 1 percent levels. SD: standard deviation. 
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3.4.2 Background Characteristics 

Since our estimation strategy effectively removes any time-constant individual variables, 

individual-level control variables are not central to our main analysis. However, the fact that we 

have rich information on the students and their parents allows us to describe the estimation sample 

and compare students from schools affected by consolidation with students from schools not 

affected by consolidation. 

Table A1 in the Appendix provides descriptive statistics for the estimation sample. In order to 

assess the degree to which school consolidation is determined by or correlated with student 

characteristics, we split the sample based on whether or not the student attended a school that was 

affected by school consolidation and the type of consolidation.
79

 Child characteristics include sex, 

immigration status, birth weight, and whether the child had been diagnosed with ADHD or any 

other mental or behavioral disorder
80

 or had special educational needs.
81

 With respect to child 

characteristics, the differences between consolidated and non-consolidated schools are not that 

pronounced. Students from closed schools, however, are more likely to be immigrants and have a 

slightly lower birth weight, while school expansion students are slightly more likely to have special 

educational needs. School merger students are less likely to be immigrants, less likely to have 

special educational needs, and more likely to be diagnosed with a mental or behavioral disorder. 

Parental characteristics include the type and amount in years of completed higher education, years 

of work experience, earnings, employment, attachment to the labor market as measured in 2009, age 

of the parents at birth, and whether the mother is a single mother. Based on parental characteristics, 

students in consolidated and non-consolidated schools clearly differ. This is especially the case for 

students in closing schools. Table A1 reveals that students affected by school consolidation have 

fewer favorable characteristics compared to others and that some of the differences are non-

negligible and statistically significant. Therefore, it is important that our approach allows for this. 

 

                                                 

79
 All characteristics are measured in 2009, i.e. prior to potential exposure to consolidations. 

80
 Identified based on the International Classification of Diseases (ICD-10) classification group F. In Denmark, a 

psychiatrist assesses psychiatric diagnoses. 
81

 Identified based on the ICD-10 classification group H. In Denmark, a pedagogical team employed by the municipality 

assesses special education needs upon request from the parent or school headmaster. 
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3.4.3 School Consolidation and School Size 

The official registry with information on all public and private schools in Denmark is maintained by 

the Ministry of Education and includes a unique identifier for each school and information on 

municipality, type of school, and the opening and closing date of the school. The ministry’s 

registration system allows multiple ways for a municipality to report school consolidation. In some 

cases, we have to supplement the official registry with information on consolidation from other 

sources. We collect and match information from the ministry’s registry, Statistics Denmark, the 

organization of public schools, municipalities, individual school websites, and notes from the 

school boards of the affected schools. Based on this comprehensive data collection, we identified 

three types of school consolidation, as defined in section 3.3. The school data is then merged with 

registry information from Statistics Denmark on national test scores and student enrollment. 

In Denmark, the majority of public schools enroll students in grade 0 through 9, i.e. primary and 

lower secondary at the same school. A number of public schools (344 out of 1,479) are only 

primary schools (grades 0-6), called feeder schools, after which the student continue compulsory 

schooling at another public school within the catchment area. We define the school size as the 

number of students attending grades 1 through 6. We chose this parameter to be able to include the 

feeder schools in the analysis. Furthermore, our analysis explicitly focuses on students attending 

primary school (specifically grades 2-4, prior to the local school reforms) and assumes that the size 

of the closest environment (grades 1-6) is more relevant for school outcomes than the size of the 

entire school. Teamwork and classroom teaching across different grades is especially common in 

the youngest grades (i.e., pooling grades 1-3 and grades 4-6), whereas the oldest students are 

generally more commonly separated to engage in other activities and may even be placed in a 

separate unit at the school.
82

  

Table 3 summarizes the number of schools, school size, and change in school size during the two-

year period from the beginning of the 2009-2010 school year to the beginning of the 2011-2012 

school year. During this period, there were two summer holidays in which consolidations took 

place. As a result, the number of public schools decreased by about ten percent. For schools not 

affected by consolidation, the average change in school size was positive, but the order of 

                                                 

82
 Our results are robust to the exclusion of feeder schools from the analysis, see Table 7. 
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magnitude was only about five students. For schools affected by consolidation, the average change 

in school size (from a student perspective) ranged from 69 students for school expansions to 230 

students for school closings. 

TABLE 3. SCHOOL CONSOLIDATION AND SCHOOL SIZE 

School year 2009-2010 2010-2011 2011-2012 

Total no. of 

schools for  

2009 to 2012 

Average 

(individual)  

change in  

school size 

All public schools                   

No. of schools at the beginning  

of the school year (average school size) 
1,479 (233) 1,458 (234) 1,351 (252) 1,479  (19) 

                   

Schools affected by consolidation  

the following summer 
42   270       312  (133) 

- School closings 24   110       134  (230) 

- School expansions 11   71       82  (69) 

- School mergers  7   89       96  (128) 

No. of schools remaining 18   160       178    

                   

Schools unaffected by consolidation  

the following summer 
1,437   1,188       1,167  (5) 

Newly opened schools 3   3       6    

No. of schools remaining 1,440   1,191       1,173    

                   

All public schools                   

No. of schools remaining 1,458   1,351       1,351    

Note: School size is defined as the number of students in grades 1-6.  

Next, Table 4 summarizes average characteristics for schools unaffected by consolidation (column 

1) and schools affected by consolidation by type of consolidation (columns 2 to 4). Asterisks 

indicate whether the average characteristics of the schools are significantly different from those of 

the schools unaffected by consolidation. From the school data, we are able to obtain information to 

classify schools based on size (number of students and feeder schools), location in a rural or urban 

municipality, and town size. Additionally, average student characteristics are measured one or two 

years prior to consolidation to get a picture of the enrollment patterns, school performance, and 

student background information available to the local authorities who would determine potential 

school restructuring. Overall, schools exposed to school closings appear to have been negatively 

selected based on performance, which is measured as test scores of previous cohorts, school grade 

point average (GPA), and parental background. Schools that underwent expansion also performed 

relatively poorly prior to consolidation in terms of test scores, while schools that were merged 

appear to be significantly smaller than non-consolidated schools. In general, consolidated schools 
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were more likely to be located in rural areas, while especially schools that closed were more likely 

to be small schools and located in small towns.  

Our analysis of the effect of school consolidation considers the heterogeneous effects based on the 

student characteristics and the characteristics of the school described above that the child was 

enrolled in prior to potential exposure to consolidation. The influence of consolidation on student 

learning may well differ due to the school context and environment prior to potential exposure to 

consolidation. For example, combining school and student enrollment data allows us to obtain 

information with which to classify schools based on size or the proportion of non-Western students 

or students with special education needs in the mainstream classroom. 
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TABLE 4. AVERAGE SCHOOL CHARACTERISTICS OF SCHOOLS AFFECTED BY CONSOLIDATION IN 2010 

OR 2011 AND BY TYPE OF CONSOLIDATION 

      Type of consolidation 

  

(1)  

Non-consolidated 

schools 

(2)  

Closings 

(3)  

Expansions 

(4)  

Mergers 

 

Mean SD Mean SD 

 

Mean SD 

 

Mean SD 

 School characteristics                       

Feeder school (grades 0-6) 0.206 

 

0.600   *** 0.110   ** 0.202     

School GPA (avg. 2002-2010) -0.024 (0.007) -0.109 (0.030) ** -0.058 (0.018)   -0.051 (0.032)   

School GPA in lowest quartile 0.107 

 

0.182     0.071     0.055     

Non-Western students, above 20% 0.116 

 

0.108     0.098     0.106     

Special education students, above 15% 0.138 

 

0.123     0.146     0.064   ** 

  

  

                  

One year before consolidation 

  

                  

No. of students, grades 1-6 257.0 (129.6) 108.0 (78.8) *** 248.5 (100.5)   204.6 (91.6) *** 

Transit to private school, grades 1-6 0.018 

 

0.147   *** 0.032     0.021     

Test score 2nd grade -0.012 (0.418) -0.122 (0.539) ** -0.051 (0.497)   -0.077 (0.392)   

Test score 4th grade -0.017 (0.381) -0.077 (0.449)   -0.086 (0.399)   -0.082 (0.379)   

Test score 6th grade -0.003 (0.396) -0.052 (0.471)   -0.066 (0.348)   -0.017 (0.401)   

  

  

                  

Two years before consolidation 

  

                  

No. of students, grades 1-6 246.7 (122.4) 115.2 (80.3) *** 237.3 (97.0)   203.7 (90.1) *** 

Transit to private school, grades 1-6 0.012 

 

0.026     0.009     0.015     

Test score 2nd grade -0.022 (0.417) -0.020 (0.528)   -0.086 (0.388)   -0.023 (0.412)   

Test score 4th grade -0.015 (0.354) -0.029 (0.453)   -0.171 (0.394) *** -0.057 (0.419)   

Test score 6th grade -0.011 (0.369) 0.024 (0.395)   -0.126 (0.378) ** -0.036 (0.379)   

  

  

                  

Average student background 

  

                  

Non-Western immigrant or descendent 0.077 

 

0.061     0.085     0.066     

Living with both parents 0.734 

 

0.761     0.728     0.731     

Mental or behavioral disorder 0.030 

 

0.028     0.034     0.032     

Single mother 0.195 

 

0.161     0.199     0.194     

At least one parent with an academic degree 0.377 

 

0.292   * 0.325     0.363     

Both parents, non-academic education 0.552 

 

0.648   ** 0.595     0.570     

Both parents, compulsory education only 0.110 

 

0.122     0.131     0.106     

At least one parent employed 0.911 

 

0.924     0.900     0.922     

Both parents unemployed 0.089 

 

0.076     0.100     0.078     

Both parents outside labor market 0.048 

 

0.040     0.056     0.040     

Mother’s income (DKK10,000) 22.887 (5.060) 20.829 (3.984) *** 21.063 (4.260) ** 23.083 (4.080)   

Father’s income (DKK10,000) 31.271 (8.509) 27.518 (6.423) *** 28.878 (6.667) ** 30.091 (7.103)   

  

  

                  

Municipality 

  

                  

Rural 0.445 

 

0.723   *** 0.646   *** 0.596   *** 

Urban 0.426 

 

0.215   *** 0.293   ** 0.287 
 
*** 

Capital area 0.129   0.062   ** 0.061   * 0.117 
 
  

 

Population of town school placed in 

Less than 300 0.038   0.085   ** 0.012     0.053     

300 – 999 0.195   0.377   *** 0.122     0.213     

1,000 – 2,999 0.186 
 

0.069 
 

*** 0.305 
 

*** 0.213 
  

3,000 – 4,999 0.069 
 

0.031 
 

* 0.146 
 

*** 0.021 
 

* 

5,000 – 9,999 0.075 
 

0.069 
  

0.110 
  

0.074 
  

10,000 – 49,999 0.203  0.108  *** 0.195   0.330  ** 

More than 50,000 0.234 
 

0.262   0.110  *** 0.096  *** 

Missing 0.068 
 

0.223  *** 0.024   0.074  
 

No. of schools 1,173 

 

134 

  

82 

  

96 

 

  

Note:  *, **, *** indicate that the mean is statistically different from the mean of the non-consolidated schools at the 10, 5, and 1 

percent levels, respectively. Average student and parental background are calculated based on all students enrolled in grades 1 to 6 at 

the respective school two years before consolidation for consolidated schools and in 2009 for non-consolidated schools. GPA: grade 

point average; SD: standard deviation. 
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3.5 Empirical Analysis 

3.5.1 Empirical Model and Assumptions 

We are interested in estimating the effect of school consolidation on student achievement. Consider 

the following simple model: 

𝑦𝑖𝑡 = 𝛽0 + 𝛽1𝐷𝑡 + 𝛽2𝐶𝑖𝑡 + 𝛼𝑖 + 𝜀𝑖𝑡      𝑡 = 0,1, 

where 𝑦𝑖𝑡 denotes the test score for student i in period t, 𝐷𝑡 is an indicator variable that equals one if 

𝑡 = 1 and zero otherwise, and 𝐶𝑖𝑡 is an indicator variable that equals one if student i is exposed to a 

school consolidation at time 𝑡 = 1. No students are exposed to a school consolidation in the first 

period, i.e. 𝐶𝑖0 = 0 for all i. 𝛼𝑖  is a student-specific effect and 𝜀𝑖𝑡  is the idiosyncratic error. The 

parameter 𝛽2 captures the effect of consolidation on student achievement. No individual-level time-

constant control variables are included since the inclusion of student fixed effects does not also 

allow for inclusion of time-invariant individual characteristics.  

The resulting estimate of 𝛽2 is a DID type estimate. Formally, we require the exposure to school 

consolidation to be strictly exogenous conditional on 𝛼𝑖 for consistent estimation of 𝛽2 (common 

trends assumption). In order to account for the fact that students are clustered within schools, which 

implies potential correlation of the 𝜀𝑖𝑡’s, we report standard errors clustered at the level of the 

school that the student attended prior to potential consolidation. 

The main problem in identifying the effect of school consolidation or that of any policy change that 

affects school inputs is the potential endogeneity of school resources and selection into, and out of, 

schools. For instance, if decisions about school closings are based on the previous performance of 

the school or an unfavorable peer composition at the school, comparing students who experience a 

school closing with students who do not, is likely to lead to downward biased estimates of the effect 

of experiencing a school closing on student performance. Another problem is that parents with 

certain types of characteristics are likely to sort their child into, or out of, consolidating schools if 

they believe consolidation to be important. For example, parents who already invest considerably in 

their child’s education may also be more likely to move the child to another school in the event of 

consolidation if they believe that this can increase the quality of the school the child attends.  
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To circumvent these problems, we employ the above DID strategy based on individual fixed effects. 

Thus, we compare the outcome of the individual student prior to potential exposure to consolidation 

with the outcome of the same student after the potential exposure. In this way, we implicitly control 

for all time-invariant individual characteristics, such as parental background characteristics. 

Specifically, we assume that whether or not an individual is exposed to school consolidation is 

independent of the time-varying error terms conditional on the student fixed effect. However, this 

implies that we are assuming that consolidation cannot be based on, e.g. the development in school 

performance over time. Students at consolidated and non-consolidated schools must have a similar 

performance profile up until the point of consolidation. One concern that remains is that of the 

external validity of the resulting estimates. If the effects of consolidation are heterogeneous and 

specific types of individuals are more likely to be exposed to consolidation, caution should be 

exercised when extrapolating to the remaining part of the population.  

3.5.2 Main Results 

The DID estimates of school consolidation and ordinary least squares (OLS) estimates for 

comparison are presented in Table 5.  

TABLE 5. DID ESTIMATES OF THE EFFECT OF SCHOOL CONSOLIDATION ON STUDENT ACHIEVEMENT 

   
Model I  Model II: Type of consolidation P-value 

Estimation 

Method 
Sample 

No. of 

students 
Consolidation  Closings Expansions Mergers 

closings = 

mergers = 

expansions 

OLS All 90,495 -0.082 ***  -0.154 *** -0.092 *** -0.019 
  

0.040 

   
(0.023) 

 
 (0.044) 

 
(0.034) 

 
(0.034) 

   
              

DID All 90,495 -0.025 
 

 -0.059 ** -0.017 
 

-0.007 
 

 0.322 

   
(0.015) 

 
 (0.029) 

 
(0.026) 

 
(0.021) 

 
  

DID 2nd graders 45,155 -0.011 
 

 -0.037 
 

0.001 
 

-0.002 
 

 0.708 

   
(0.022) 

 
 (0.038) 

 
(0.037) 

 
(0.032) 

 
  

DID 4th graders 45,340 -0.039 **  -0.082 ** -0.034 
 

-0.012 
 

 0.273 

   
(0.018) 

 
 (0.039) 

 
(0.027) 

 
(0.023) 

 
  

Note: Standard errors in parentheses are clustered at the level of the school that the student attended prior to potential exposure to 

consolidation. *, **, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by student 

test scores in reading in spring 2010 and 2012. P-value refers to an F-test of equal coefficients. DID: difference-in-differences; OLS: 

ordinary least squares.  

OLS estimates are based on a simple regression of student achievement (post-consolidation) on an 

indicator for being exposed to consolidation and a range of background variables. We report 

estimates from two different specifications for school consolidation. In the first specification, the 

three different types of consolidation are pooled (model I), whereas in the second, we estimate the 
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effects of the three types of consolidation separately (model II). The type of school consolidation 

(i.e. closings, expansions, mergers, or no consolidation) that a student experience is predicted based 

on the school that the student attended the year before the consolidation took place.  

The DID estimates show that the overall effect of school consolidation is negative, albeit 

insignificant. The estimated effect is -0.025, which means that being exposed to school 

consolidation decreases student test scores by about 2.5% of a SD, which is arguably not a large 

effect. Interestingly, we also see that the different types of school consolidation have different 

effects on student outcomes. At least the negative overall effect of consolidation appears to be 

driven by school closings, which have a statistically significant effect of -0.059 on student test 

scores. For school expansions, the estimated effect is negative but small and statistically 

insignificant. The numerically smallest effect is seen for school mergers. This was to be expected 

since the category of school mergers constitutes administrative mergers. Students are not physically 

relocated and are, as such, not exposed to increases in school size or given new class- or 

schoolmates. In comparison, a student who is exposed to a school closing would be forced to 

relocate to another neighborhood school, which is likely to increase school size, change peer group 

composition, and increase travel distance. One could argue that administrative mergers may 

generate many of the benefits of large schools while still maintaining some of the benefits of small 

schools. We observe, however, that school mergers only have a small, negative and insignificant 

effect. The outcomes that we consider are, of course, measured in the very short run, and it is 

entirely possible that some of the effects of, for example, an administrative merger, would not show 

up in the test scores for at least the first couple of years. An F-test of equality of the effects of the 

three types of consolidation cannot reject that the effects are equal at conventional significance 

levels. However, it may mask heterogenous effects across students and schools, which we will 

return to. Finally, we split the sample by grade and find stronger results for older students in grade 

4. The coefficient estimates are not statistically different, but the different point estimates suggest 

that learning among fourth graders (around 10 years) is more sensitive to disruption than among 

second graders (around 8 years). As a point of caution, our conclusions may not carry over to other 

grade levels; in particular not to high schools, which has been the main focus in this literature. 

To gain a deeper understanding of the effects of consolidation, we investigate the heterogeneous 

effects of being exposed to school consolidation. Tables 6 and 7 present DID estimates for different 

subgroups of students and schools, respectively. In Table 6, there appear to be no differences in 
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how boys and girls react to school consolidation. Interestingly, for students with a mental or 

behavioral disorder, the sign estimate for closures is unchanged (though insignificant), while 

expansions seem to exert a positive effect on test scores. Taken at face value, this suggests that 

consolidated schools cope better with the challenges of mentally disabled students. The point 

estimates for students with non-academic parents suggest that students with a disadvantaged family 

background are more affected by school consolidation than other students (although the differences 

are not significantly different).
83

 The overall effect becomes statistically significant for this 

relatively small group and the effect of school closings is larger than for the whole sample and still 

statistically significant. The group of non-Western immigrant students is fairly small and, maybe as 

a result of this fact, none of the estimates for this group are statistically significant. With a few 

exceptions, we cannot reject that coefficients are the same across subgroups and across types of 

consolidation. 

In Table 7, we look at schools which were initially particularly small (below 80 students). In this 

case, the point estimate of the detrimental effect of consolidation increases by a factor ten to reach a 

negative impact of 21% of a SD if exposed to a school closing and 12% of a SD if exposed to a 

school expansion. At slightly larger schools (below 150 students), the effect is still driven by the 

detrimental effect of closures. The same pattern across each type of school consolidation is 

observed looking at students initially enrolled in a feeder school and schools in rural areas. We 

observe no signs of heterogeneous effects when considering students initially enrolled at a low-

performing school.
84

 Considering other characteristics than school size, we cannot reject equality of 

coefficients across subgroups and types of consolidation. 

  

                                                 

83
 The pattern is similar for other disadvantaged groups including students growing up with a single mother and students 

with special educational needs (not reported). 

84
 We have classified schools as low-performing if the school is placed in the lowest quartile of the test score 

distribution of i) the school’s average national test score in reading in 2010 or ii) the school’s grade point average 

(average of cohorts completing ninth grade from 2002 to 2010). The pattern of results is similar when we classify 

schools according to the proportion of immigrants and the proportion of students with special education needs (not 

reported). 
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TABLE 6. DID ESTIMATES OF HETEROGENEOUS EFFECTS OF SCHOOL CONSOLIDATION ON STUDENT 

ACHIEVEMENT 

BY STUDENT CHARACTERISTICS 

  
 

Model I   Model II: Type of consolidation P-value 

Sample 
No. of 

students 
Consolidation Closings Expansions Mergers 

closings = 

mergers = 

expansions 

Boys 45,332 -0.025   -0.067 * -0.007   -0.011   0.335 

  
 

(0.018)   (0.035)   (0.032)   (0.024)     

Girls 45,163 -0.025   -0.052 * -0.027   -0.003   0.424 

  
 

(0.016)   (0.03)   (0.024)   (0.024)     

P-value 
 

0.975   0.594   0.395   0.688     

  
 

                  

ADHD or similar diagnoses 2,430 -0.008   -0.113   0.121 * -0.068   0.060 

  
 

(0.05)   (0.097)   (0.069)   (0.077)     

No ADHD or similar diagnoses 88,065 -0.026   -0.058 * -0.021   -0.005   0.332 

  
 

(0.016)   (0.03)   (0.026)   (0.022)     

P-value 
 

0.721   0.571   0.034   0.418     

  
 

                  

Non-Western immigrants 7,579 -0.02   -0.022   -0.042   -0.002   0.852 

or descendants 
 

(0.033)   (0.054)   (0.058)   (0.046)     

Western origin 82,133 -0.025   -0.064 ** -0.016   -0.007   0.302 

  
 

(0.016)   (0.032)   (0.026)   (0.022)     

P-value 
 

0.872   0.489   0.637   0.925     

  
 

                  

Non-academic parents 48,610 -0.020   -0.070 ** -0.003   0.005   0.127 

  
 

(0.017)   (0.031)   (0.026)   (0.025)     

At least one academic parent 36,445 -0.022   -0.035   -0.024   -0.012   0.843 

  
(0.019)   (0.036)   (0.036)   (0.024)     

P-value 
 

0.914   0.212   0.476   0.486     

           

Parental income below median 27,851 -0.030   -0.057 * -0.031   -0.006   0.491 

   (0.019)   (0.033)   (0.03)   (0.029)     

Parental income abow median 62,644 -0.022   -0.060 * -0.011   -0.007   0.369 

   (0.017)   (0.033)   (0.028)   (0.022)   
 

P-value 
 

0.666   0.936   0.489   0.982     

Note: Standard errors are clustered at the level of the school that the student attended prior to potential exposure to consolidation. *, 

**, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by student test scores in 

reading in spring 2010 and 2012. All student characteristics are measured in 2009, i.e. before potential exposure to school 

consolidation. Parental income is categorized based on the parent with the highest income. Below two subgroups, the p-value from a 

Chi2-test of equal coefficients across the subgroups is reported in italic. The test is based on simultaneous model estimation (using 

the stata suest command) and the teststatistic is calculated as: (b_subgroup - b_refgroup) / [(se_subgroup^2 + se_refgroup^2)^(1/2)]. 

The p-values in the last column refer to a F-test of equal coefficients. The coefficients on the post-indicator and constant are omitted 

from the table, due to space limitations. DID: difference-in-differences. 
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TABLE 7. DID ESTIMATES OF HETEROGENEOUS EFFECTS OF SCHOOL CONSOLIDATION ON STUDENT 

ACHIEVEMENT  

BY PRE-CONSOLIDATION SCHOOL CHARACTERISTICS 

    Model I   Model II: Type of consolidation P-value 

Sample 
No. of 

students 
Consolidation Closings  Expansions Mergers   

closings = 

mergers = 

expansions 

A. Initial school size                     

Very small (<80 students) 2,152 -0.187 *** -0.213 *** -0.12 ** 0.118   0.024 

    (0.070)   (0.075)   (0.050)   (0.106)     

All other (>80 students) 88,343 -0.015   -0.023   -0.016   -0.008   0.919 

    (0.016)   (0.032)   (0.026)   (0.022)     

P-value   0.015   0.019   0.066   0.243     

                      

Small (< 150 students) 12,069 -0.056   -0.111 ** 0.033   0.003   0.114 

    (0.036)   (0.046)   (0.063)   (0.077)     

All other (>150 students) 78,426 -0.017   -0.014   -0.030   -0.007   0.796 

    (0.017)   (0.038)   (0.028)   (0.022)     

P-value   0.330   0.100   0.354   0.902     

                      

Feeder school (grades 0-6) 10,844 -0.045   -0.086 * 0.043   -0.016   0.401 

    (0.040)   (0.047)   (0.102)   (0.063)     

All other (grades 0-9) 79,651 -0.022   -0.047   -0.025   -0.006   0.612 

    (0.017)   (0.038)   (0.026)   (0.023)     

P-value   0.584   0.524   0.522   0.884     

                      

B. Initial school area                     

Rural municipal 35,561 -0.039 * -0.070 * -0.052 * -0.004   0.306 

    (0.021)   (0.041)   (0.029)   (0.030)     

Urban municipal 54,934 -0.006   -0.043   0.023   -0.009   0.537 

  
 

(0.024)   (0.042)   (0.043)   (0.031)     

P-value   0.284   0.644   0.147   0.914     

                      

C. Initial school performance level                    

National test in lowest quartile 19,132 -0.018   -0.021   -0.047   0.010   0.481 

    (0.027)   (0.048)   (0.042)   (0.032)     

National test above lowest quartile  71,363 -0.041 ** -0.106 *** -0.013   -0.024   0.114 

  (0.018)   (0.038)   (0.031)   (0.024)     

P-value   0.478   0.164   0.521   0.392     

   
 

                

School GPA in lowest quartile 6,584 -0.025   0.104   -0.147   -0.004   0.440 

    (0.076)   (0.131)   (0.151)   (0.092)     

School GPA above lowest quartile  69,710 -0.015   -0.079 * -0.002   -0.014   0.376 

  (0.021)   (0.046)   (0.040)   (0.025)     

P-value   0.947   0.236   0.462   0.845     

Note: Standard errors in parentheses are clustered at the level of the school that the student attended prior to potential exposure to 

consolidation. *, **, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by student 

test scores in reading in spring 2010 and 2012. All school characteristics are measured in 2009, i.e. before potential exposure to 

school consolidation. Test for equal coefficients across subgroups in italics (for more details, see Table 6).DID: difference-in-

differences; GPA: grade point average. 
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3.5.3 Common Trends 

As discussed above, the validity of the DID estimator is based on the assumption that the 

underlying trends in the outcome variable, here fourth and sixth grade test scores, are the same for 

both consolidated and non-consolidated schools. The common trend assumption is not directly 

testable in this application due to lack of data on test scores prior to 2010. Ideally, we would 

compare the trends in value-added performance for students in consolidated and non-consolidated 

schools. Instead, we investigate possible time trends in school GPA as measured by the results from 

the ninth grade exit exams; see Figure A1 in the Appendix. The school GPA most likely reflects the 

primary performance measure available to local authorities in the period when they were making 

decisions about consolidation.
85

 Figure A1 shows that, although schools exposed to consolidation 

performed at a lower level, the trends in performance levels do not differ. Additionally, we do not 

observe a change in the trend in the outflow of students from schools until the year before the 

consolidation. During the school years 2007/8 and 2008/9 the transition out of schools was 11% at 

public schools which are later observed to be consolidated and 8% at other public schools. 

The common trend assumption has some implications for the assumed behavior of the involved 

agents. First of all, the assumption implies that the policy makers do not take into account the 

potential heterogeneous effects of consolidation on test scores when they decide on a new school 

structure. A second implication is that children and their parents do not respond to the new school 

structure based on the potential heterogeneous effects of consolidation. Table A2 presents the 

amount of the students that transfer to the school they are predicted to move to.
86

 Almost 90% of 

the students exposed to school consolidation move to the school they are supposed to; compared to 

95% of the students who are not exposed to school consolidation. Thus, we expect that 

approximately one in twenty students potentially violate the identifying assumption.
87

  

                                                 

85
 We investigate the school GPA of all ninth grade exit exams but also separately examine the ninth grade written exam 

that most closely reflects the material covered in the fourth and sixth grade national reading test. About 20% of the 

schools are feeder schools and thus excluded from this analysis. 
86

 As part of the school consolidations, some municipalities also restructured their special needs education, typically 

centralizing it by moving special needs students out of the mainstream schools and into one facility. The availability of 

registry data on the individual level allows us to identify these students, of whom there are very few. They are excluded 

from the predicted school size measures. 

87
 Unfortunately, we did not observe test scores for students who transferred to private schools, which prevents an 

interpretation of the effects as intention-to-treat effects. 
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3.5.4 Robustness Checks 

We replicate the analysis with math test scores as the outcome measure. The above results on the 

effect of school consolidation on achievement gains are generally robust to using achievement in 

math as the outcome measure (see Tables A3 and A4 in the Appendix). The test results in math are 

from an alternative sample of third grade students followed during the same period of school 

consolidations.
88

 For math, we again find adverse effects from school closings. The point estimates 

tend to be larger in absolute size but less precisely estimated due to the smaller sample sizes. And, 

interestingly for math scores, we also find evidence of adverse effects on students exposed to school 

expansions.
89

 Furthermore, tests of equality of coefficients show that the adverse effects of school 

closings and expansions are robust across subgroups of students. For merging schools, the results 

are still largely insignificant, with a few exceptions, which suggest some positive effects of mergers 

for low-performing schools. 

Overall, the conclusion is the same: on average students exposed to school consolidation achieve 

significantly less measured by the change in national test results before and after the consolidation 

compared to students not exposed to school consolidation in the same period. However, the 

robustness checks reveal scattered beneficial effects of mergers that will show important later. 

The description of the sample selection and the consolidating schools in section 3.4 gives rise to a 

set of specification and robustness checks, all presented in Table A5 in the Appendix. Panel A in 

Table A5 excludes students not exposed to school consolidation in order to compare only students 

who face uncertainty regarding future school restructuring at the time of the pretest (spring 2010). 

The coefficients on the closings and expansions are all insignificant (mergers is the reference 

group), supporting the above conclusions of only small negative effects from school consolidation. 

Panel B in Table A5 separately considers school consolidations in the summers of 2010 and 2011. 

These analyses mirror the above conclusions.  

Table 4 showed that, particularly the closing schools, seem to differ in terms of size and student 

composition. As a robustness check, we therefore include interactions between the post-indicator 

                                                 

88
 More specifically, all students enrolled in third grade and tested in math in the school year prior to exposure to school 

consolidation (spring 2010) and re-tested three years later in sixth grade (spring 2013). 

89
 Both of these results are consistent with Brummet (2014). 
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and initial school characteristics which based on Table 4 were correlated with the exposure to later 

consolidation. Such interactions control for the trend in test scores among students, e.g. at rural 

schools, regardless of whether they are exposed to a school consolidation or not. The estimates are 

robust to including interactions one-by-one and jointly. For space considerations, only the latter is 

shown, see Panel C in Table A5.  

Panels D and E in Table A5 address concerns of sample selection bias. As described in section 3.4, 

if students leave for private schools during the consolidation process, the students’ post-test scores 

are lost and hence the students are dropped from the sample. The mean of pre-test scores of movers 

is -0.33 (1.22 SD), which suggests that movers tend to be low performing, and that our main results 

underestimate the effect of consolidation on student achievement. Panel D addresses this by 

imputing missing post-test scores and estimate lower and upper bound estimates on the parameters 

of interest, while panel E implements inverse probability weighting on the non-missing sample.  

Panel D in Table A5 shows that if we assume that students who move to private schools are 

unaffected by the consolidation (i.e. impute their post-test score by their pre-test score) the 

estimated effects are of the same magnitude and the negative effect of school consolidation (2.4 % 

of a SD) is now borderline significant. If we assume the worst and best case about the missing post-

test scores of students who move to private schools after the announcement of the public school 

consolidation, we obtain rough lower and upper bounds on the estimates. In the worst case, we 

assume that students are affected by twice the estimated effect of consolidation and in the best case 

we assume they are positively affected. This bounding exercise supports that the estimates of the 

parameters of interest are in a narrow interval around the estimated effects.
90

 

Panel E in Table A5 shows that the estimated effects of consolidation and school closings are 

slightly larger after weighting each non-missing post test score observation with the inverse 

probability of having a post test score.
91

 

                                                 

90
 We have also imputed missing post test scores with students’ pre test scores +/- 0.25 SD and estimates range from 

being negative and statistically significant (if movers are systematically low performing) to small and statistically 

insignificant (if movers are systematically high performing). The results are available on request. 
91

 Probability weights are estimated using a logit model condition on school characteristics from Table 4, student 

characteristics from Table A1, and three consolidation type indicators. Standard errors are clustered at the level of the 

school that the student attended prior to potential exposure to consolidation. 
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To further understand who leaves for private school during the consolidation process, we separately 

estimate the main model including an indicator for missing post-test score and interaction terms 

with the types of consolidation.
92

 The results show consistent negative interaction effects with 

school closings, irrespectively of whether we assume they are in the high or the low end of the 

ability distribution, which again points towards the interpretation as a disruption effect. This 

exercise also supports that the effect of school closings may be slightly underestimated (i.e. the 

negative disruption cost may be even larger, when we take into account those students who leave 

for private school).  

3.6 Discussion of Mechanisms: Evidence of Disruption? 

To investigate whether part of the estimated effects can be interpreted as effects of disruption, we 

first look more carefully at the type of consolidation the students are exposed to. We see that the 

negative effect is driven by school closings. We expect that a student exposed to a school closure 

may experience a higher degree of disruption of the learning environment compared to a student 

who experiences a school expansion or merger. For school expansions, students continue at the 

same school but they are exposed to new classmates. For mergers, the disruption is even smaller, 

with only the administration changing. We find that our results described earlier suggest disruption 

effects as opposed to effects from changing school environment after consolidation.  

Furthermore, in this section we argue that if the negative short-term effect disappears in the years 

after consolidation, it supports the indicative evidence of a disruption effect. However, if the 

negative short-term effect persists, or even increases, it may be suggestive of mechanisms other 

than just the disruption.  

Annual national testing of students makes it possible to follow their achievement to determine if the 

seemingly disruptive effect on achievement persists or vanishes over time. More specifically, with 

test results from spring 2014, we compare the four-year achievement gains in reading of students 

exposed and unexposed to school consolidations.
93

 Table 8 presents the DID estimates and shows 

                                                 

92
 The results are available upon request. 

93
 Our second graders exposed to school consolidation will now be sixth graders and the fourth graders will be eighth 

graders. The 2014 reading test response rates are 94.3% and 88.7% for the second and fourth grade sample, 

respectively. 
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that the detrimental effect of school consolidation seems to diminish over time. However, we cannot 

reject equality of coefficients across years making it hard to draw any definitive conclusions. 

TABLE 8. DID ESTIMATES OF THE EFFECT OF SCHOOL CONSOLIDATION ON STUDENT ACHIEVEMENT 

TWO AND FOUR YEARS AFTER CONSOLIDATION 

Spring 2010 (pre-test)   Spring 2012 Spring 2014 

Sample No. of students 

 Percent exposed to 

consolidation in  

2010 or 2011 

Subject Coef./s.e. Coef./s.e. 

2nd graders 45,520 15.5% Reading -0.011   0.007 

 

 

  

 

  (0.022)   (0.026)   

4th graders 45,660 15.6% Reading -0.039 ** -0.026 

         (0.018)   (0.021)   

Note: Standard errors are clustered at the level of the school that the student attended prior to potential exposure to consolidation. *, 

**, *** indicates significance at the 10, 5, and 1 percent level, respectively. Achievement is measured by student test score gain in 

reading from spring 2010 to 2012 and 2010 to 2014, respectively, using the same sample of students. Coef./s.e.: coefficient/standard 

error; DID: difference in differences. 

Figure 1 presents the DID estimates on the two and four-year achievement gains in reading by type 

of consolidation. Panel A covers all students and panel B the subgroup of students initially enrolled 

in a small school, which was the group of students who experienced the most detrimental effect of 

school consolidation (see Table 7).
 94 

 

FIGURE 1: DID ESTIMATES OF THE EFFECT OF SCHOOL CONSOLIDATION ON STUDENT ACHIEVEMENT 

TWO AND FOUR-YEARS AFTER CONSOLIDATION  

BY TYPE OF CONSOLIDATION 

 

                                                 

94
 All DID estimates on achievement in reading from spring 2010 to 2014 are presented in Tables A6 and A7 in the 

Appendix and include subgroup estimates. 

A) All students B) Students from small, initial school 
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Looking at the difference in the four-year achievement gain in reading from 2010 to 2014, the 

students exposed to school closings are now less negatively affected. Furthermore, there are signs of 

a positive achievement gain among students exposed to school mergers.
95

 This gain may indicate 

that the intended beneficial effects from school consolidation are beginning to appear. It also makes 

sense that students exposed to mergers, who face the least interruption in their daily learning 

environment, harvest the positive effects of consolidation first. At the same time, however, students 

exposed to school expansion now experience a negative achievement gain, albeit still statistically 

insignificant for the main sample; see Table A6 in the Appendix. This may point toward an effect 

that works through other channels, for example, a change in peer composition.  

3.7 Conclusion 

We investigate the impact of school consolidation (closings, expansions and mergers) on individual 

student achievement by employing a DID strategy on detailed student-level data for Denmark. We 

find negative effects of school consolidation on student achievement in the short run. The variation 

in the point estimates across consolidation types and time suggests that at least part of the effect is 

due to disruption. 

The estimated effect of consolidation on student test scores in reading is about 2.5% of a SD. The 

effects differ by the type of consolidation, which indicate that more mechanisms are at play than 

just the school size effect. Specifically, the adverse effects of consolidation are greater for displaced 

students.  

Taking the characteristics of the school the student attended before potential exposure to 

consolidation into consideration, the loss in achievement ranges from 2-20% of a SD. Students from 

small schools (less than 150 students or feeder schools) are affected the most, which is also 

supportive of the effect being partly interpreted as a disruption effect since small schools face the 

largest changes in daily learning environment. When the observed period is extended to cover up to 

four years after the students have been exposed to consolidation, we see that the negative effect of 

school consolidation diminishes. Furthermore, we observe some evidence of the intended beneficial 

effect of school consolidations after four years. This, however, is only among students exposed to 

mergers, which involve the least disruptive consolidation process. 

                                                 

95
 This finding is consistent across most subgroups; see Tables A6 and A7 in the Appendix. 
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Although the structural changes imposed by policy makers have a negative short-term disruption 

effect on student learning, counteracting the generally small negative effect of consolidation should 

be possible. By targeting school resources during the actual implementation process, the negative 

effects could be compensated while achieving the positive long-term effects of school 

consolidation. De Haan et al. (2014) and Humlum and Smith (2015a), for example, find evidence of 

positive impacts on student achievement and long-term outcomes from school consolidation that 

reduce the public school supply and increase school size. 
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Appendix Figures 

 

Note: In total 344 out of 1479 schools are feeder schools (grades 0-6), and are not included in the figure. GPA: grade 

point average 

 

 

 

 

 

 

 

 

C) School mergers 

A) Pooling all types of consolidation B) School closings 

D) School expansions 

FIGURE A1. AVERAGE SCHOOL GPA AMONG SCHOOLS EXPOSED AND NOT EXPOSED TO 

CONSOLIDATION IN 2010 OR 2011; NINTH GRADE WRITTEN EXAM IN 2002-2010 
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Appendix Tables 

TABLE A1. MEANS OF (SELECTED) BACKGROUND VARIABLES BY EXPOSURE TO SCHOOL 

CONSOLIDATION 

   Type of consolidation  

 

(1) 

Non-consolidated 

schools 

(2) 

Closings 

(3) 

Expansions 

(4) 

Mergers 

  Mean SD Mean SD   Mean SD   Mean SD   

Child characteristics                       

Boy 0.501   0.502     0.504     0.494     

Non-Western immigrant or 

descendant 0.084   0.107   *** 0.085     0.067   *** 

Birth weight 3440 (777) 3416 (797) * 3433 (776)   3435 (792)   

Special education needs 0.056   0.051     0.062   * 0.043   *** 

Diagnosed with mental or 

behavioral disorder 

0.026  0.026   0.029   0.031  ** 

Diagnosed with ADHD 0.006   0.007     0.007     0.006     

Mother characteristics                       

Age at childbirth 29.7 (5.637) 29.1 (5.709) *** 29.3 (5.434) *** 29.5 (5.571)   

Single mother 0.197   0.183   ** 0.196     0.199     

Academic education 0.335   0.246   *** 0.288   *** 0.313   *** 

Non-academic education 0.642   0.733   *** 0.690   *** 0.665   *** 

Education missing 0.023   0.021     0.023     0.022     

Log earnings (DKK) 10.512 (4.549) 10.150 (4.752) *** 10.236 (4.728) *** 10.729 (4.316) *** 

Work experience (years) 12.214 (7.018) 11.304 (6.948) *** 11.988 (6.925) ** 12.531 (6.908) *** 

Employed 0.806   0.775   *** 0.788   *** 0.821   *** 

Unemployed, insured 0.077   0.093   *** 0.081     0.078     

Unemployed, uninsured 0.105   0.121   *** 0.122   *** 0.091   *** 

Data missing 0.011   0.011     0.009     0.010     

Father characteristics                       

Age at childbirth 31.1 (8.635) 30.8 (8.489) ** 30.9 (8.586) ** 31.2 (8.640)   

Academic education 0.240   0.143   *** 0.188   *** 0.204   *** 

Non-academic education 0.701   0.797   *** 0.750   *** 0.738   *** 

Education missing 0.060   0.061     0.061     0.058     

Log earnings (DKK) 10.455 (4.946) 10.074 (5.106) *** 10.349 (4.933)   10.383 (4.956)   

Work experience (years) 15.811 (8.405) 15.644 (8.361)   16.005 (8.327)   16.100 (8.293) ** 

Employed 0.825   0.810   ** 0.818     0.836   ** 

Unemployed, insured 0.058   0.072   *** 0.064   * 0.058     

Unemployed, uninsured 0.072   0.075     0.072     0.062   *** 

Data missing 0.045   0.044     0.045     0.045     

No. of students    76,471         3,900           5,196           4,928      

Note: *, **, *** indicate significant difference from the mean of the students at the non-consolidated schools at the 10, 5, and 1 

percent levels, respectively. All characteristics are measured in 2009, i.e. before potential exposure to school consolidation. SD: 

standard deviation 
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TABLE A2. TRANSITION RATES BY SCHOOL YEAR AND DESTINATION 

School year, primo  School year 2010-2011  School year 2011-2012 

No. of students  

(column percent) 

All 

schools 

Non-

consolidated 
Consolidated 

 All 

schools 

Non-

consolidated 
Consolidated 

Transit to predicted school 321,836 315,443 6,393  318,735 278,555 40,180 

 
(94.5%) (94.6%) (86.4%)  (93.5%) (94.2%) (88.5%) 

        

Transit not as predicted         

- Transit to public school 14,348 13,781 567  16,495 13,063 3,432 

 
(4.2%) (4.1%) (7.7%)  (4.8%) (4.4%) (7.6%) 

        

- Transit to private school 4,521 4,083 438  5,782 4,005 1,777 

 
(1.3%) (1.2%) (5.9%)  (1.7%) (1.4%) (3.9%) 

Total 340,705 333,307 7,398  341,012 295,623 45,389 

 
(100%) (100%) (100%)  (100%) (100%) (100%) 

Note: Comparing the proportion of non-consolidated and consolidated schools, all transition rates are significantly different at the 1 

percent level. Comparing the transition rates of ‘Non-consolidated’ and ‘Consolidated’with ’All’, respectively, only the transition 

rate of students moving to other public schools is not significantly different. 

  



138    CHAPTER 3 

 

 

TABLE A3. DID ESTIMATES OF HETEROGENEOUS EFFECTS OF SCHOOL CONSOLIDATION ON 

STUDENT ACHIEVEMENT IN MATH  

BY STUDENT CHARACTERISTICS 

    Model I   Model II: Type of consolidation P-value 

Sample 
 No. of 

students  
Consolidation Closings Expansions Mergers 

closings = 

mergers = 

expansions 

All       90,816  -0.075 *** -0.139 *** -0.085 ** -0.019   0.113 

    (0.026)   (0.039)   (0.04)   (0.044)   
 

Boys       45,540  -0.076 *** -0.126 *** -0.082 * -0.033   0.368 

    (0.029)   (0.047)   (0.043)   (0.049)     

Girls       45,276  -0.074 ** -0.151 *** -0.088 * -0.006   0.068 

    (0.029)   (0.044)   (0.048)   (0.047)     

P-value   0.941   0.603   0.888   0.472     

                      

ADHD or similar diagnoses         2,488  -0.122   0.025   -0.075   -0.311 * 0.360 

    (0.088)   (0.171)   (0.079)   (0.183)     

No ADHD or similar diagnoses       88,328  -0.073 *** -0.143 *** -0.083 ** -0.011   0.058 

    (0.026)   (0.038)   (0.041)   (0.043)     

P-value   0.560   0.304   0.928   0.077     

                      

Non-Western immigrants         7,566  0.084   0.016   -0.013   0.211 ** 0.163 

or descendants   (0.057)   (0.061)   (0.067)   (0.104)     

Western origin       82,500  -0.091 *** -0.156 *** -0.090 ** -0.043   0.141 

    (0.026)   (0.041)   (0.042)   (0.043)     

P-value   0.002   0.007   0.266   0.008     

                      

Non-academic parents       48,496  -0.075 *** -0.126 *** -0.089 ** -0.019   0.213 

    (0.028)   (0.043)   (0.045)   (0.046)     

At least one academic parent       36,970  -0.075 ** -0.170 *** -0.080 * -0.011   0.068 

 
  (0.031)   (0.050)   (0.045)   (0.050)     

P-value   0.990   0.383   0.827   0.834     

 

Parental income below median 
      27,970  -0.055 * -0.125 ** -0.045   -0.009   0.211 

    (0.030)   (0.049)   (0.045)   (0.051)     

Parental income abow median       62,846  -0.082 *** -0.140 *** -0.102 ** -0.020   0.152 

    (0.028)   (0.044)   (0.043)   (0.048)   
 

P-value   0.315   0.763   0.124   0.809     

Note: Standard errors are clustered at the level of the school that the student attended prior to potential exposure to consolidation. *, 

**, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by student test scores in 

reading in spring 2010 and 2012. All student characteristics are measured in 2009, i.e. before potential exposure to school 

consolidation. Parental income is categorized based on the parent with the highest income. Below two subgroups, the p-value from a 

Chi2-test of equal coefficients across the subgroups is reported in italic. The test is based on simultaneous model estimation (using 

the stata suest command) and the teststatistic is calculated as: (b_subgroup - b_refgroup) / [(se_subgroup^2 + se_refgroup^2)^(1/2)]. 

The p-values in the last column refer to a F-test of equal coefficients. The coefficients on the post-indicator and constant are omitted 

from the table, due to space limitations. DID: difference-in-differences. 
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TABLE A4. DID ESTIMATES OF HETEROGENEOUS EFFECTS OF SCHOOL CONSOLIDATION ON 

STUDENT ACHIEVEMENT IN MATH  

BY PRE-CONSOLIDATION SCHOOL CHARACTERISTICS 

    Model I   Model II: Type of consolidation P-value 

Sample 
 No. of 

students  
Consolidation Closings Expansions Mergers 

closings = 

mergers = 

expansions 

A. Initial school size                     

Very small (<80 students)         1,954  -0.347 *** -0.360 *** -0.598 *** -0.052   0.000 

    (0.079)   (0.082)   (0.059)   (0.121)     

All other (>80 students)       88,862  -0.056 ** -0.081 * -0.080 ** -0.019   0.497 

    (0.027)   (0.045)   (0.04)   (0.045)     

P-value   0.000   0.003   0.000   0.795     

                      

Small (< 150 students)       12,056  -0.161 *** -0.208 *** -0.088   -0.096   0.363 

    (0.050)   (0.061)   (0.092)   (0.087)     

All other (>150 students)       78,760  -0.045   -0.043   -0.080 * -0.016   0.589 

    (0.030)   (0.052)   (0.045)   (0.047)     

P-value   0.047   0.037   0.940   0.418     

                      

Feeder school (grades 0-6)       10,614  -0.210 *** -0.295 *** -0.114   -0.032   0.005 

    (0.055)   (0.061)   (0.134)   (0.066)     

All other (grades 0-9)       80,202  -0.049 * -0.052   -0.081 * -0.018   0.586 

    (0.029)   (0.050)   (0.042)   (0.048)     

P-value   0.009   0.002   0.817   0.860     

                      

B. Initial school area                     

Rural municipality       35,658  -0.093 *** -0.180 *** -0.075   -0.043   0.129 

    (0.033)   (0.055)   (0.053)   (0.048)     

Urban municipality       55,158  -0.038   -0.065   -0.084   0.033   0.483 

    (0.042)   (0.053)   (0.061)   (0.082)     

P-value   0.296   0.131   0.914   0.418     

                      

C. Initial school performance level                     

National test in lowest quartile       18,108  -0.009   -0.083   -0.160 * 0.201 ** 0.004 

    (0.055)   (0.065)   (0.085)   (0.084)     

National test above lowest quartile       72,708  -0.096 *** -0.159 *** -0.059   -0.089 * 0.292 

    (0.029)   (0.049)   (0.045)   (0.048)     

P-value   0.159   0.351   0.296   0.003     

 
  

 
                

School GPA in lowest quartile         6,227  0.177   0.074   -0.036   0.410 ** 0.234 

    (0.153)   (0.217)   (0.255)   (0.163)     

School GPA above lowest quartile       70,489  -0.063   -0.061   -0.122 ** -0.033   0.522 

    (0.039)   (0.111)   (0.061)   (0.051)     

P-value   0.090   0.054   0.936   0.009   
 

Note: Standard errors in parentheses are clustered at the level of the school that the student attended prior to potential exposure to 

consolidation. *, **, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by test scores 

in math in spring 2010 and 2013. All school characteristics are measured in 2009, i.e. before potential exposure to school 

consolidation. Test for equal coefficients across two subgroups in italic (for more details, see Table 6). The coefficients on the post-

indicator and constant are omitted from the table, due to space limitations. DID: difference-in-differences; GPA: grade point average. 
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TABLE A5. DID ESTIMATES OF THE EFFECT OF SCHOOL CONSOLIDATION ON STUDENT 

ACHIEVEMENT,  

ROBUSTNESS AND SPECIFICATION CHECKS 

  No. of  

students 

Model I    Model II: Type of consolidation 

  Consolidation    Closings Expansions Mergers 

Main model  90,495 -0.025    -0.059** -0.017 -0.007 

  
(0.015)    (0.029) (0.026) (0.021) 

        

A. Only students exposed to consolidations        

Students exposed to consolidation 14,025       -0.052  -0.010  

        (0.035) (0.032)   

B. Time of school consolidation 
 

           

Summer 2010 78,257 -0.043    -0.032 -0.168** -0.003 

  
(0.034)    (0.049) (0.069) (0.060) 

  
 

           

Summer 2011 
 

-0.022    -0.067* -0.007 -0.008 

 
88,709 (0.017)    (0.035) (0.027) (0.023) 

  
 

           

C. Interactions with Post indicator            

Add interactions w/ initial school char. (rural, 

feeder school, 5 school size indicators, school 

GPA, school GPA in lowest quartile) 

90,495 -0.022    -0.054* -0.020 -0.002 

 
(0.016)    (0.030) (0.028) (0.022) 

  
 

           

Add interactions w/ initial student char. (ADHD, 

SEN, non-Western origin, family income, parental 

education) 

90,495 -0.023    -0.056* -0.015 -0.006 

 
(0.015)    (0.029) (0.026) (0.021) 

  
 

           

Add interactions w/ initial school and student char. 

(all of the above) 

90,495 -0.022    -0.053* -0.020 -0.002 

 
(0.016)    (0.030) (0.028) (0.022) 

  
 

           

D. Impute missing post-test score 
 

           

Assume unaffected by school consolidations 

(imputed by student's pre-test score) 

96,638 -0.024*    -0.052** -0.016 -0.007 

 
(0.014)    (0.025) (0.024) (0.020) 

  
 

           

Lower bound 96,638 -0.025*   -0.057** -0.017 -0.007 

  (0.014)   (0.025) (0.024) (0.020) 

        

Upper bound 96,638 -0.022   -0.047* -0.016 -0.006 

  (0.014)   (0.025) (0.024) (0.029) 

        

E. Inverse probability weighting         

Sample weighted by the inverse probability  90,495 -0.026*   -0.060** -0.018 -0.007 

of having a post-test score  (0.015)   (0.029) (0.026) (0.021) 

        

Note: Standard errors are clustered at the level of the school that the student attended prior to potential exposure to consolidation. *, 

**, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by test scores in reading in 

spring 2010 and 2012. In panel C, all student characteristics were measured in 2009, i.e. before potential exposure to school 

consolidation (see Table 4). In panel D, lower and upper bounds are calculated by assuming that the student’s pre-test scores are 

negatively or positively affected by two times the estimated effect of consolidation, respectively (i.e. impute pre-test score +/- 

2*estimated effect of consolidation). In panel E, probability weights are estimated using a logit model condition on school 

characteristics from Table 4, student characteristics from Table A1, and three consolidation type indicators. The coefficients on the 

post-indicator and constant are omitted from the table, due to space limitations. 
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TABLE A6. DID ESTIMATES OF HETEROGENEOUS EFFECTS OF SCHOOL CONSOLIDATION ON 

STUDENT ACHIEVEMENT FOUR YEARS AFTER CONSOLIDATION 

BY STUDENT CHARACTERISTICS 

    Model I   Model II: Type of consolidation P-value 

Sample 
No. of 

students 
Consolidation Closings Expansions Mergers 

closings = 

mergers = 

expansions 

All  90,534 -0.009   -0.047   -0.048 * 0.055 * 0.025 

   (0.019)   (0.033)   (0.027)   (0.033)   
 

   [0.259]   [0.527]   [0.193]   [0.019]     

                     

Boys 45,352 -0.010   -0.047   -0.042   0.045   0.105 

   (0.022)   (0.041)   (0.032)   (0.035)     

   [0.374]   [0.415]   [0.211]   [0.062]     

Girls 45,182 -0.007   -0.046   -0.053 * 0.066 * 0.012 

   (0.020)   (0.031)   (0.029)   (0.034)     

   [0.256]   [0.778]   [0.296]   [0.014]     

P-value  0.849   0.980   0.687   0.402     

                     

ADHD or similar diagnoses 2,434 -0.003   -0.227 ** 0.098   0.048   0.011 

   (0.052)   (0.090)   (0.075)   (0.080)     

   [0.899]   [0.222]   [0.671]   [0.083]     

No ADHD or similar diagnoses 88,100 -0.009   -0.042   -0.052 * 0.056 * 0.025 

   (0.020)   (0.033)   (0.028)   (0.033)     

   [0.25]   [0.455]   [0.198]   [0.025]     

P-value  0.889   0.052   0.036   0.907     

                     

Non-Western immigrants 7,581 -0.016   -0.014   -0.115   0.055   0.16 

or descendants  (0.041)   (0.061)   (0.081)   (0.049)     

   [0.865]   [0.826]   [0.226]   [0.228]     

Western origin 82,169 -0.009   -0.055   -0.041   0.055   0.034 

   (0.020)   (0.036)   (0.027)   (0.034)     

   [0.274]   [0.64]   [0.288]   [0.029]     

P-value  0.873   0.541   0.357   0.984     

                     

Non-academic parents 48,635 0.007   -0.043   -0.024   0.075 ** 0.021 

   (0.02)   (0.035)   (0.028)   (0.033)     

   [0.081]   [0.225]   [0.443]   [0.01]     

At least one academic parent 36,458 -0.019   -0.039   -0.067 * 0.040   0.096 

 
 (0.024)   (0.038)   (0.036)   (0.038)     

   [0.824]   [0.961]   [0.117]   [0.107]     

P-value  0.134   0.884   0.145   0.137     

                     

Parental income below median 27,860 -0.004   -0.020   -0.059 * 0.055   0.056 

   (0.023)   (0.039)   (0.035)   (0.035)     

   [0.130]   [0.140]   [0.358]   [0.040]     

Parental income abow median 62,674 -0.011   -0.063 * -0.043   0.056   0.033 

   (0.021)   (0.035)   (0.029)   (0.036)     

    [0.485]   [0.985]   [0.202]   [0.034]     

P-value   0.724   0.183   0.630   0.956     

Note: Standard errors are clustered at the level of the school that the student attended prior to potential exposure to consolidation. *, 

**, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by student test scores in 

reading in spring 2010 and 2012. All student characteristics are measured in 2009, i.e. before potential exposure to school 

consolidation. Parental income is categorized based on the parent with the highest income. Below two subgroups, the p-value from a 

Chi2-test of equal coefficients across the subgroups is reported in italic. The p-values in the last column refer to a F-test of equal 

coefficients. The coefficients on the post-indicator and constant are omitted from the table, due to space limitations. DID: difference-

in-differences. 
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TABLE A7. DID ESTIMATES OF HETEROGENEOUS EFFECTS OF SCHOOL CONSOLIDATION ON 

STUDENT ACHIEVEMENT FOUR YEARS AFTER CONSOLIDATION  

BY PRE-CONSOLIDATION SCHOOL CHARACTERISTICS 

    Model I   Model II: Type of consolidation P-value 

Sample 
No. of 

students 
Consolidation Closings Expansions Mergers 

closings = 

mergers = 

expansions 

A. Initial school size                     

Very small (<80 students) 2,152 -0.075   -0.113   -0.011   0.465 *** 0.000 

   (0.084)   (0.089)   (0.078)   (0.128)     

   [0.022]   [0.046]   [0.009]   [0.038]     

All other (>80 students) 88,382 -0.001   -0.013   -0.048 * 0.051   0.057 

   (0.020)   (0.035)   (0.028)   (0.033)     

   [0.362]   [0.68]   [0.17]   [0.026]     

P-value  0.383   0.290   0.653   0.012     

                     

Small (< 150 students) 12,078 -0.033   -0.050   -0.019   0.027   0.753 

   (0.040)   (0.054)   (0.054)   (0.095)     

   [0.371]   [0.066]   [0.236]   [0.716]     

All other (>150 students) 78,456 0.002   -0.024   -0.052 * 0.056   0.051 

   (0.022)   (0.040)   (0.031)   (0.034)     

   [0.276]   [0.774]   [0.439]   [0.024]     

P-value  0.446   0.700   0.583   0.772     

                     

Feeder school (grades 0-6) 10,847 -0.026   -0.054   -0.048   0.096   0.364 

   (0.044)   (0.051)   (0.081)   (0.098)     

   [0.505]   [0.32]   [0.143]   [0.045]     

All other (grades 0-9) 79,687 -0.004   -0.034   -0.048   0.051   0.065 

   (0.022)   (0.044)   (0.029)   (0.034)     

   [0.280]   [0.641]   [0.367]   [0.045]     

P-value  0.640   0.770   0.991   0.660     

B. Initial school area                    

Rural municipality 35,576 0.018   0.001   -0.043   0.084 * 0.083 

   (0.028)   (0.05)   (0.035)   (0.048)     

   [0.009]   [0.012]   [0.743]   [0.036]     

Urban municipality 54,958 -0.028   -0.097 *** -0.041   0.033   0.045 

   (0.026)   (0.035)   (0.043)   (0.041)     

   [0.27]   [0.169]   [0.034]   [0.122]     

P-value  0.230   0.104   0.958   0.425     

C. Initial school performance level                    

National test in lowest quartile 19,143 -0.027   0.008   -0.129 ** 0.024   0.025 

   (0.031)   (0.053)   (0.053)   (0.031)     

   [0.761]   [0.479]   [0.116]   [0.612]     

National test above lowest quartile 71,391 -0.020   -0.110 *** -0.031   0.051   0.015 

   (0.023)   (0.038)   (0.032)   (0.042)     

   [0.229]   [0.991]   [0.518]   [0.029]     

P-value  0.870   0.072   0.109   0.631     

                     

School GPA in lowest quartile 7,226 -0.051   -0.119   -0.291 * 0.082   0.038 

   (0.080)   (0.118)   (0.155)   (0.068)     

   [0.696]   [0.105]   [0.367]   [0.249]     

School GPA above lowest quartile 72,936 0.015   -0.079 * -0.010   0.039   0.098 

   (0.027)   (0.041)   (0.038)   (0.038)     

   [0.151]   [0.331]   [0.676]   [0.084]     

P-value   0.510   0.753   0.095   0.420     

Note: Standard errors in parentheses are clustered at the level of the school that the student attended prior to potential exposure to 

consolidation. *, **, *** indicate significance at the 10, 5, and 1 percent levels, respectively. Achievement is measured by test scores 

in reading in spring 2010 and 2014. All school characteristics are measured in 2009, i.e. before potential exposure to school 

consolidation. Test for equal coefficients across two subgroups in italic (for more details, see Table 6). The coefficients on the post-

indicator and constant are omitted from the table, due to space limitations. DID: difference-in-differences; GPA: grade point average. 
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