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SUMMARY 
 

Residential segregation and neighbourhood effects are important, interesting, and topical issues both 

politically and theoretically, because our children and we live in neighbourhoods. 

Politically, residential segregation of income and ethnic groups can influence social cohesion. 

Social cohesion, in turn, is important for unifying different groups of a society and motivating them 

to trust and support each other. In this regard, factors like residential settlement patterns and influx 

of immigrants to a country can be a threat to social cohesion. Therefore, without attempts to make 

ties between natives and newcomers, social cohesion in highly developed welfare states like the 

Nordic countries might vanish. For this reason we can hear terms like “Parallel society”, “counter 

culture”, “mixed neighbourhoods”, and “meet each other on the cross” among the New Year’s Eve 

speech of the current Prime Minster of Denmark, Lars Løkke Rasmussen, in 2018. Nevertheless, this 

was not the first time that Danes hear terms like these. For instance, the government issued a report 

with the title “The Government’s strategy against ghetto”1 in May 2004. Additionally, according to 

the Public Housing Act, the Ministry of Transport, Building, and Housing has published annual lists 

of ‘ghettos’ (their term for socially deprived neighbourhoods) since 2010. In the latest “ghetto 

package”2 proposed by the Danish Government in the spring 2018, DKK 12 billion (about USD 1.8 

billion) will be allocated for improving the socioeconomic mix in the socially deprived areas through 

demolition of public housing units and construction of owner-occupied properties during the 2019-

2026 period (Regeringen, 2018). 

Theoretically, residential segregation of income and ethnic groups may create neighbourhood 

effects that exist if the initial action (good or bad) of one person in the neighbourhood affects the 

behaviour of neighbours, through endogenous (social multiplier) peer effects (Manski, 2003). Due to 

the methodological challenges in identification of peer influence on individual outcomes caused by 

“The Reflection Problem” (perfect correlation between the average behaviour of neighbours and the 

average background characteristics of neighbours) and location sorting (Manski, 1993; Tiebout, 

1956), few empirical studies provide rigorous evidence on neighbourhood effects (Angrist, 2014). 

                                                            
1 Regeringens strategi mod ghettoisering. 
2 Ghettopakke 
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While experimental studies and studies exploit natural variation in neighbourhood of residence to 

address sorting problems find no treatment effects on adult economic outcomes, they find that 

neighbourhood of residence affect youths’ outcomes. For example, Chetty, Hendren and Katz (2016) 

investigate the effect of the US Moving to Opportunity experiment on the long-term outcomes of 

children, and find that moving to a lower-poverty neighbourhood when young (before age 13) 

increases college attendance and earnings and reduces single parenthood rates, whereas moving as an 

adolescent has slightly negative impacts, perhaps because of disruption effects. Damm and Dustmann 

(2014) exploits quasi-experimental assignment of refugees to Danish municipalities and find that 

exposure to juvenile delinquents during childhood increases the likelihood of engagement in violent 

youth crime for boys, but not for girls. 

Considering the attempts by Danish Governments to improve the socioeconomic mix in residential 

areas and the observed negative associations between growing up in socially deprived 

neighbourhoods and children’s schooling outcomes, two questions arise. First, are the implemented 

policies by Danish Governments successful in decreasing residential segregation in Denmark? 

Second, does growing up in socially deprived neighbourhoods affect children’s schooling outcomes, 

which is the key determinant of their life in the future (Cunha and Heckman, 2008)? 

To answer the first question, one requires reliable individual data at the neighbourhood level 

instead of the level of large administrative spatial units. The reason is that administrative borders 

often change over time and that larger spatial units tend to erase residential differences. Furthermore, 

it is crucial that the neighbourhood data incorporates the actual spatial area, wherein people interact 

with each other, e.g. taking account of physical barriers like main roads. Therefore, the first chapter 

of this thesis, co-authored with Anna Piil Damm and Marie Louise Schultz-Nielsen, documents the 

procedures of construction of data for such neighbourhoods for Denmark. Particularly, based on 

Danish geo-referenced administrative housing register data, we first utilize the Thiessen polygon 

method to cluster adjacent housing units into preliminary neighbourhoods. Next, we link the housing 

register with the Population Register to construct the final macro- (micro-) neighbourhoods. The final 

neighbourhood clusters divide the 459,497 inhabited hectare cells of Denmark into 1,961 macro- and 

8,359 micro-neighbourhoods, which are homogenous in terms of housing and ownership types, as 

well as the number of households. 

The second chapter, written in collaboration with Anna Piil Damm and Marie Louise Schultz-

Nielsen, uses the constructed data for neighbourhoods to measure residential segregation of 

socioeconomic groups and non-Western immigrants and descendants by calculating annual 

Dissimilarity and Isolation indices for the country as a whole and for the 98 Danish municipalities 

over 1986-2016. Importantly, this period covers major reforms at the EU and national levels that may 
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have affected residential segregation, as well as the Financial Crisis that allows us to describe how 

sensitive residential segregation of socioeconomic groups to the business cycles. Beside, this chapter 

tests the hypothesis empirically that the decline in residential segregation of non-Western immigrants 

and descendants is due to a decline in segregation of public housing units over the period. The results 

show that residential segregation by socioeconomic status is low but increasing, whereas residential 

segregation of non-Western immigrants and descendants is moderate but has declined substantially 

over this period, especially after 2006, where both indices have declining trends. In addition, 

residential segregation of low- and high-income households, low-educated persons (albeit weak), 

inactive persons, and criminals have pro-cyclical behaviours. In this regard, the pro-cyclical 

behaviours for residential segregation of low-income and high-income households, and criminals 

emerge around 3 years after an income shock. A positive income shock decreases residential 

segregation of these groups, whereas a negative income shock increases it. Furthermore, results from 

regression analyses that only exploit the within-municipality variation in segregation of public 

housing units and residential segregation of socioeconomic and ethnic groups, show a strong positive 

statistical association between the level of segregation of public housing units and the level of 

residential segregation of non-Western immigrants and descendants. Similarly, there is a statistically 

significant and positive association between the level of segregation of public housing units and the 

level of residential segregation of low-educated individuals. By contrast, there is no statistical 

association between the level of segregation of public housing units in the municipality and the level 

of residential segregation of low- and high-income households, criminals, employed and individuals 

in their working-ages who are inactive in labour market. These results suggest that construction of public 

housing units in neighbourhoods with relatively low shares of public housing and demolition of public housing 

blocks in neighbourhoods with relatively high shares of public housing units have led to a considerable 

reduction in the level of residential segregation of non-Western immigrants and descendants and low-educated 

individuals in Denmark since the beginning of the 21st century. 

In the third chapter, to address the endogeneity problem in identifying the effects of living in public 

housing on children’s schooling outcomes, I exploit a Danish reform in 2004, which imposed a cap 

on construction costs of public housing. The imposed cap in the context of land price booms reduced 

the construction of public housing. Due to the existence of waiting list systems for allocation of public 

housing, such supply-side shock can be translated into longer waiting time, and hence shorter duration 

of living in public housing up to age 8 or 9 for children of low-income households, for whom housing 

options are limited to private and public rental housing. The results confirm existence of negative 

self-selection of low SES households to the public housing. Nevertheless, by addressing the 

endogeneity problem through exploiting exogenous variation from the 2004 reform, I find that while 

living one more month in public housing increases the probabilities of dropping out from the Danish 



x 
 

and Math tests in the second and third grades, conditional on participation in the tests, it does not 

affect test scores significantly. In contrast, it significantly and positively affects children’s scores in 

language comprehension (as one of the 3 subject areas of Danish test. Besides, living in public 

housing affects boys’ performance in Danish and Math tests positively, and non-Western students’ 

performance in Danish test negatively. Since living in public housing does not significantly affect 

boys’ (non-Western students’) drop out from the tests, the estimated positive (negative) and 

significant effect of living in public housing on boys’ (non-Western students’) test scores has 

implication for low-income households, who want to make informed decision about living in public 

housing instead of private rental housing. In view of the results of a study by Damm and Dustmann 

(2014), the negative effects of growing up in public housing found for pupils of non-Western origin 

may increase from teenage years, when children interact with their neighbours, especially if they live 

in a socially deprived neighbourhood. Consequently, it is important to follow the sample of these 

children in the future when they establish their networks in the neighbourhoods, and see the long-

term effects on college attendance, participation in labour market, and criminal behavior. 
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DANSK RESUMÉ 

 

Befolkningens bosætningsmønstre og nærmiljøeffekter er vigtige, spændende og aktuelle emner både 

politisk og teoretisk, fordi vores børn og vi selv bor i boligområder. 

Politisk kan boligmæssig adskillelse af socioøkonomiske og etniske grupper påvirke den sociale 

sammenhængskraft. Social sammenhængskraft er for sit vedkommende vigtig ift. at forene 

forskellige grupper af samfundet og motivere dem til at stole på og støtte hinanden. I denne henseende 

kan faktorer såsom befolkningens bopælsmønstre og tilstrømning af indvandrere til et land trueden 

sociale sammenhængskraft. Derfor vil den sociale sammenhængskraft i højt udviklede velfærdsstater 

som i de nordiske lande måske forsvinde, hvis man ikke gør et forsøg på at skabe bånd imellem de 

indfødte og tilflytterne. Af denne årsag hører man vendinger såsom “parallelsamfund”, “modkultur”, 

“blandede kvarterer” og “møder hinanden på kryds og tværs” i Statsminister Lars Løkke Rasmussens 

nytårstale 2018. Ikke desto mindre var det ikke den første gang, at danskerne hørte vendinger som 

disse. For eksempel udgav regeringen en rapport med titlen “Regeringens strategi mod ghettoisering” 

i maj 2004. Yderligere har Transport-, Bygnings- og Boligministeriet ifølge loven om almene boliger 

udgivet en årlig liste over ghettoer (deres betegnelse for socialt udsatte boligområder) siden 2010. I 

den seneste ghettopakke, som Regeringen foreslog i foråret 2018, vil 12 milliarder danske kroner 

(omkring 1,8 milliarder amerikanske dollars) blive tildelt til forbedring af den socioøkonomiske 

sammensætning i socialt udsatte boligområder gennem nedrivning af almene boliger og opførelsen 

af ejerboliger i løbet af perioden 2019 til 2026 (Regeringen, 2018). 

Teoretisk set kan boligmæssig adskillelse af indkomst- og etniske grupper skabe nærmiljøeffekter, 

der eksisterer hvis den initiale handling (god eller dårlig) af en person i boligområdet påvirker 

naboernes opførsel gennem endogene (sociale multiplikatorer) gruppeeffekter (Manski, 2003). På 

grund af de metodiske udfordringer i identifikation af gruppeindflydelse på individers udfald skabt af 

“The Reflection problem” (som skyldes fuldkommen korrelation mellem det gennemsnitlige udfald 

i gruppen og gruppens gennemsnitlige baggrundskarakteristika) og gruppers selv-selektion ind i 

boligområder (Manski, 1993; Tiebout, 1956), giver kun få empiriske studier omhyggelige beviser på 

nærmiljøeffeker (Angrist, 2014). Mens felteksperimenter og undersøgelser, der udnytter naturlig 

(eksogen) variation i beboersammensætningenls i individets boligområde til at undgå selv-

selektionsproblemet, ikke finder nogle effekter af nærmiljøet på voksnes økonomiske præstationer, 
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finder de i stedet, at nærmiljøeffekter på unges resultater. For eksempel undersøger Chetty, Hendren 

og Katz (2016) virkningerne af det amerikanske “Moving to Opportunity” felteksperiment på børns 

præstationer på lang sigt, hvor de finder, at flytning til et mindre fattig boligområde, når man er ung 

(før man fylder 13 år) øger andelen, der kommer på universitetet, samt deres indkomst og reducerer 

adelen, som bliver enlige forældre, hvorimod det at flytte som teenager har en anelse negative 

indvirkninger, givetvis pga. tab af netværk. Damm og Dustmann (2014) udnytter den kvasi-

eksperimentelle tildeling af flygtninge til danske kommuner og finder, at børn, som vokser op i et 

område med en forholdsvist høj andel ungdomskriminelle øger sandsynligheden for, at drenge bliver 

dømt for s ungdomskriminalitet (især vold), mens dette ikke gælder for piger. 

Når man tænker på den danske regerings forsøg på at forbedre den socioøkonomiske 

sammensætning i boligområderne og den observerede negative sammenhæng mellem at vokse op i 

et socialt udsat boligområde og børns udbytte af deres skolegang, melder to spørgsmål sig. For det 

første, fører Regeringens indsatser vellykkede til større socioøkonomisk mix i boligområderne? For 

det andet, påvirker det at vokse op i et social udsat boligområde børns udbytte af deres skolegang, 

som er en afgørende faktor i deres fremtidige liv (Cunha og Heckman, 2008)? 

For at kunne besvare det første spørgsmål, er der brug for troværdige data på individniveau med 

oplysning om individets boligområde i stedet for individets skoledistrikt, postnummer eller 

kommune. Årsagen hertil er, at de administrative geografiske enheder ofte skifter over tid, og at de 

større geografiske enheder udvisker forskellene i beboersammensætningen i boligområdet. Ydermere 

er det vigtigt, at data om boligområder inkorporerer de faktiske geografiske områder, hvori folk 

interagerer med hinanden; f.eks. skal man tage højde for de fysiske barrierer såsom hovedveje. Derfor 

dokumenterer det første kapital af denne afhandling, med Anna Piil Damm og Marie Louise Schultz-

Nielsen som medforfattere, procedurerne ved at sammensætte data for sådanne boligområder i 

Danmark. Baseret på danske geografisk baserede administrative boligregisterdata anvender vi først 

især Thiessen-polygon-metoden til at gruppere boligenheder, som støder op til hinanden ind i 

foreløbige boligområder. Derefter sammenkobler vi boligregisteret med Folkeregisteret for at 

konstruere de endelige makro-(mikro-) boligområder. De endelige boligområdegrupperinger inddeler 

de 459.497 beboede hektar celler i Danmark i 1.961 makro- og 8.359 mikro-nabolag, som er 

homogene mht. bolig- og ejerforholdsstype samt antallet af husstande. 

Det andet kapitel, skrevet i samarbejde med Anna Piil Damm og Marie Louise Schultz-Nielsen, 

bruger de konstruerede data for nabolagene til at måle den boligmæssige adskillelse af 

socioøkonomiske grupper og ikke-vestlige immigranter samt efterkommere ved at beregne årlige 

uligheds- og isolationsindeks for landet som helhed og for de 98 danske kommuner i årene 1986 til 

2016. Denne periode inkluderer store EU og nationale reformer, som kan have påvirket boligmæssig 

adskillelse, og Finanskrisen, som gør det muligt for os at beskrive, hvordan boligmæssig adskillelse 
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af socioøkonomiske grupper udvikler sig med konjunkturerne. Ydermere tester kapitlet empirisk 

hypotesen, at faldet i den boligmæssige opdeling af indfødte kontra ikke-vestlige indvandrere samt 

efterkommere skyldes et fald i den geografiske koncentration af almene boliger i perioden. 

Resultaterne viser, at den boligmæssige adskillelse af socioøkonomiske grupper er lav men stigende, 

hvorimod den boligmæssige adskillelse af ikke-vestlige indvandrere samt efterkommere er moderat 

men er faldet betydeligt i perioden, især efter år 2006 hvor begge indeks har faldende trends. 

Resultaterne viser desuden, at boligmæssig adskillelse af lav- og høj-indkomst husstande, 

lavtuddannede personer (dog lav korrelation), inaktive personer og kriminelle er konjunkturfølsom. 

Et indkomst chok til makroøkonomien ser ud til at have størst påvirkning på den boligmæssige 

adskillelse af høj- og lav-indkomst husstande og kriminelle 3 år efter indkomst chokket. Et positivt 

indkomst chok reducerer den boligmæssige adskillelse af disse grupper, mens et negativt indkomst 

chok øger den. Yderligere viser resultater fra regressionsanalyser, som udelukkende udnytter 

kommunal variation i omfanget af den geografiske spredning af almene boliger og boligmæssig 

adskillelse af socioøkonomiske og etniske grupper, en positiv statistisk sammenhæng mellem 

niveauet af adskillelsen af almene boliger og niveauet af boligmæssig adskillelse af lavt uddannede 

individer. Derimod er der ingen statistisk sammenhæng mellem omfanget af geografisk koncentration 

af almene boliger i kommunen og omfanget af boligmæssig adskillelse af lav- og højtindkomst 

husstande, kriminelle, beskæftigede og inaktive individer i beskæftigelsesalderen. Disse resultater 

antyder at, opførelsen af almene boliger i nabolag med forholdsvist lav andel af almennyttige boliger 

og nedrivningen af almene boligblokke i boligområder med forholdsvist høj andel af almennyttige 

boliger har ført til et betydeligt fald i niveauet af boligmæssig adskillelse af ikke-vestlige indvandrere 

samt efterkommere og lavt uddannede individer i Danmark siden begyndelsen af det 21. århundrede. 

I det tredje kapitel, udnytter jeg en dansk reform i 2004, som lagde et loft over anlægsudgifterne 

på almene boliger, for at adressere det problem med endogenitet, som forekommer i statistiske 

analyser af virkningerne af at bo i en almennyttig bolig på børnenes udbytte af deres skolegang. I en 

kontekst med voldsomme stigninger i grundpriserne reducerede det indførte loft antallet af nyopførte 

almennyttige boliger. Pga. eksistensen af et ventelistesystem for tildeling af almennyttig bolig, 

indebærer et sådan udbudschok længere ventetid og dermed kortere varighed af bopæl i almen bolig 

op til alderen 8 eller 9 år for børn i lavindkomst husstande, for hvem boligmuligheder er begrænset 

til sociale, private og offentlige lejeboliger. Resultatet bekræfter eksistensen af negativ selvselektion 

for husstande med lav socioøkonomisk status ind i almene boliger. Ikke desto mindre finder jeg ved 

at adressere endogenitets-problemet gennem udnyttelse af eksogen variation fra reformen i 2004, at 

mens en måned ekstra bopæl i en almen bolig øger sandsynligheden for ikke at tage de nationale test 

i dansk og matematik i 2. og 3. klasse, finder jeg, at betinget på deltagelse i testene, ingen effekt af 

en måneds ekstra bopæl i en almen bolig på testresultaterne. I modsætning hertil påvirker det 
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signifikant og positivt børnenes resultater i sprogforståelse (som er et af de tre emneområder i den 

nationale test i dansk i 2. klasse). Ydermere har bopæl i en almen bolig en positiv effekt på drenges 

præstationer i dansk og matematik, og en negativ effekt på ikke-vestlige elevers præstation i dansk. 

Eftersom bopæl i en almen bolig ikke påvirker drenges (ikke-vestlige elevers) sandsynlighed for at 

tage den nationale test, har den estimerede positive (negative) og signifikante effekt af varigheden af 

bopæl i en almen bolig på drenges (ikke-vestlige elevers) testresultater betydning for lav-indkomst 

husstande, som ønsker at foretage et informeret valg om boligform: almen eller privat lejebolig. I 

lyset af resultaterne af studiet af Damm og Dustmann (2014), kan de negative virkninger af at bo i en 

almennyttig bolig fundet for ikke-vestlige elever tænkes at stige i teenagealderen, når de unge omgås 

deres naboer mere, især hvis de bor i et socialt udsat boligområde. Konsekvensen heraf er, at det er 

vigtigt at følge stikprøven af disse børn i fremtiden, når de etablerer deres netværk i boligområderne, 

og undersøge de langsigtede effekter på deres universitetsuddannelse, deltagelse i arbejdsmarkedet 

og kriminelle adfærd. 
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Abstract: The aim of this study is to construct large (macro) Danish residential neighbourhoods 

which are clusters of adjacent housing units, delineated by physical barriers, homogenous in terms of 

housing type and house ownership, compact and have unchanged boundaries over 31 years (1986-

2016). Moreover, using the same clustering criteria, we construct small (micro) Danish residential 

neighbourhoods such that around 4 micro-neighbourhoods constitute a macro-neighbourhood which 

respects the boundaries of the micro-neighbourhoods. In terms of size and shape, our micro- (macro) 

neighbourhoods resemble the U.S. census blocks (block groups). On the basis of Danish geo-

referenced administrative housing register data, we first utilize the Thiessen polygon method to 

cluster adjacent housing units into preliminary neighbourhoods. Next, we link the housing register 

with the population register to construct final macro- (micro-) neighbourhoods which should have at 

least 600 (150) households in all years and be homogenous in terms of number of households. The 

final neighbourhoods can be visualized on a map using the grid of hectare cells by identifying the 

dominant neighbourhood for each hectare cell; the 459,497 inhabited hectare cells in Denmark are 

divided into 1,961 macro- and 8,359 micro-neighbourhoods. Micro-neighbourhoods consist of at least 

150 housing units (median of 270 and standard deviation of 110), while macro-neighbourhoods have 

at least 600 housing units (median of 1,173 and standard deviation of 394). 
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1. INTRODUCTION 

For many purposes, it can be useful to define residential neighbourhoods in Denmark, which are 

substantially smaller than municipalities, both in terms of area and population, and reflect social 

interaction between neighbours. For some purposes, existing administrative divisions of Denmark 

into postal districts, parishes and school districts may be useful, e.g. for analysis of the effects of 

merging school districts on the socioeconomic and ethnic mix of pupils in public schools.  

By contrast, measurement of residential segregation of socioeconomic and ethnic subgroups of 

the population and its causes and consequences requires well-defined residential neighbourhoods that 

are small, relatively homogeneous in terms of population size and area, and reflect social interaction 

between neighbours. Moreover, analyses of the evolution in such residential segregations over time 

necessitate the existence of data for residential neighbourhoods with unchanged boundaries over time. 

Otherwise, it is hard to evaluate the effectiveness of place-based policies in improving socioeconomic 

mix in neighbourhoods, because of change in boundaries of neighbourhoods. A related use of 

residential neighbourhoods for Denmark is for analyses of the effects of interventions into socially 

deprived neighbourhoods. In order to improve the socioeconomic and ethnic mix in the public 

housing sector, since 2010 the Danish Government has published an annual list of ‘ghettos’ (until 

2018 the Danish Government’s term for socially deprived neighbourhoods)1. Public housing 

associations on the list are eligible for large amounts of funds from ‘Landsbyggefonden’2 for social 

programs for their tenants, rent reductions and physical improvements of the neighbourhoods. Since 

the introduction of the latest ‘ghettopakke’ in the fall 2018 it is also required to reduce the share of 

public housing units for families to 40% before 2030 in public housing areas which have been on the 

annual government list of ‘ghettos’ for the last four years (Trafikstyrelsen, 2018; Transport-, 

Bygnings- og Boligministeriet, 2018; Lov nr. 1322 af 27/11/2018). In the Ministry’s analyses, a 

neighbourhood consists of adjacent public housing units. The direct effect on the socioeconomic mix 

in the neighbourhood of policies which try to improve the socioeconomic mix in ‘ghettos’ through 

densification of the housing stock and conversion of public housing units into owner-occupied 

housing cannot be measured using that definition of neighbourhoods, because the ministry’s analyses 

are only carried out for residents in public housing. Only immediate spillover effects of such policies 

on the socioeconomic and ethnic composition of residents in the public housing units in the 

neighbourhood can be measured using the Danish Government’s definition of neighbourhoods. 

Instead, one should use neighbourhoods with unchanged boundaries over time that reflect social 

                                                            
1 In 2018, the Danish Government introduced a definition of socially deprived neighbourhoods and started to reserve the 
term ‘ghetto’ for socially deprived neighbourhoods that have at least 50% non-Western immigrants and descendants. 
2 ‘Landsbyggefonden’ is an independent institution owned by public housing associations and set up by Danish law to 
facilitate self-financing of construction of public housing.  
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interaction between neighbours and are relatively homogeneous in terms of population size and area. 

In this paper, we describe how we have constructed such neighbourhoods using geo-referenced data 

and administrative register data.  

We construct residential neighbourhoods that satisfy the following criteria. First, a residential 

neighbourhood should correspond to the geographical area within which the individual interacts 

socially with other residents. Second, the boundaries of the neighbourhood should be unaltered over 

a long period of time, in order to allow for comparisons over time, and extend the period covered by 

the neighbourhoods constructed by Damm and Schultz-Nielsen (2008) with the period since 2004 

until the most recent year possible. This rules out the use of administrative divisions such as parishes 

and school districts. Finally, we should be able to link the residential neighbourhoods thus defined 

with administrative register data in order to construct annual information about the individual’s 

neighbourhood of residence over a long period of time. 

Our residential neighbourhoods have unaltered boundaries over the 1986-2016 period. While 

our clustering criteria are similar to the clustering criteria used in Damm and Schultz-Nielsen (2008) 

for construction of residential neighbourhoods in Denmark for the 1985-2004-period, our clustering 

approach is superior to that used in Damm and Schultz-Nielsen (2008). Whereas Damm and Schultz-

Nielsen (2008) clustered adjacent hectare cells using the National Square Grid to meet the clustering 

criteria, we cluster adjacent housing units using the Thiessen polygon method to meet the clustering 

criteria. This way we obtain residential neighbourhoods with an organic form with boundaries that 

respect physical barriers like large roads, railways, water and forests. According to our definition of 

residential neighbourhoods, residents who live in the same hectare cell may belong to two different 

residential neighbourhoods, e.g. if they live on each side of a major road.  

We argue that the optimal population size is probably around 150 households. Today, the rules 

of confidentiality of Statistics Denmark require a minimum of 100 households in each neighbourhood 

if the neighbourhood characteristics are used in a non-identifiable way (e.g. as a variable in regression 

analyses), and a minimum of 600 households if the neighbourhood characteristics are used in an 

identifiable way (e.g. its location illustrated on a map). Therefore, we construct micro-

neighbourhoods that have at least 150 households and macro-neighbourhoods that have a minimum 

of 600 households and comprise around 4 micro-neighbourhoods.3 

The paper is organized as follows. Section 2 describes the first version of Danish residential 

neighbourhoods that were constructed by Damm and Schultz-Nielsen (2008), and contributions of 

                                                            
3 The number of housing units in a given neighbourhood is at least as high as the number of households. The number of 
housing units include vacant housing units. 
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this version to the first version of neighbourhoods. Section 3 provides information about data sources, 

considered criteria for clustering residential properties, and the related stages that are followed to 

construct the neighbourhood clusters, as well as different characteristics of the final neighbourhood 

clusters. Section 4 illustrates advantages of the constructed neighbourhood clusters for measurement 

of residential segregation in Denmark over time. Section 5 concludes.  

 

2. DESCRIPTION OF OLD DANISH RESIDENTIAL NEIGHBOURHOODS FOR 1985-2004 

The first Danish neighbourhood measure based on geo-referenced data and administrative data is 

presented in Damm and Schultz-Nielsen (2008). The goal is to construct neighbourhoods for all 

residents in Denmark satisfying the following criteria: they should correspond to the geographical 

area within which an individual has contact with other residents, each neighbourhood should be 

geographically unaltered over time and it should be possible to combine neighbourhoods with 

administrative data. 

The geo-referenced data used is the National Square Grid assigning addresses in Denmark to 

squares or ‘hectare cells’ (100 m x 100 m). In all, 431,233 hectare cells include inhabited addresses 

on 1 January 1985 or 2004, the vast majority (86%) are inhabited both years. Only very few hectare 

cells include enough individuals to be considered as a neighbourhood.   

To meet confidentiality requirements from Statistics Denmark in 2006, each neighbourhood 

had to include at least 600 households (if being recognizable, e.g. shown on a map) and at least 150 

households (if included as a variable in an analysis). Hence two neighbourhood levels are constructed; 

micro-neighbourhoods comprising at least 150 households and macro-neighbourhoods comprising at 

least 600 households. Macro-neighbourhoods always respect the boundaries of micro-

neighbourhoods. 

Hectare cells are clustered into neighbourhoods using the following criteria (in order of 

priority): neighbourhoods are inhabited by at least 150/600 households, are unaltered over time, are 

delineated by physical barriers, comprise a contiguous cluster of cells, are compact, are homogeneous 

in terms of type of housing and ownership, are relatively small in terms of area, and are homogeneous 

in terms of number of inhabitants. Using these criteria, the hectare cells are clustered into 9,404 small 

and 2,296 macro-neighbourhoods. Micro-neighbourhoods include on average 227 and 264 

households in respectively 1985 and 2004, while macro-neighbourhoods (same years) include 929 

and 1,079 households.  

The data on the individual’s neighbourhood of residence constructed by Damm and Schultz-

Nielsen (2008) has been used in a number of urban economic studies using Danish administrative 
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register data as well as in reports written by the Danish Ministry of Cities, Housing and Rural 

Districts4 and has generally functioned very well. However, one problem that has emerged is that 

some addresses in administrative population data cannot be identified in the neighbourhood data. This 

is mostly a problem in earlier years; in 1986, 8.4 % of the population cannot be assigned to a 

neighbourhood, in 2004 it is only 0.2 % of the population. This problem of assigning neighbourhoods 

to ‘historical’ addresses has therefore been a point of special attention in the new construction of 

neighbourhoods.  

Besides, using hectare cell information for clustering may result in assigning housing addresses 

within the same hectare cells but in the opposite sides of a-say-river into one neighbourhood. Since 

physical barriers decrease the probability of social interaction among residents in opposite sides of 

the barriers, implementing the Thiessen polygon method relaxes dependency of clustering approach 

from administrative definitions like hectare cells, and clustering takes place using the boundaries of 

each property allowing neighbourhoods to have an organic shape. Therefore, benefiting from the 

Thiessen polygon method in the current version of neighbourhood construction improves social 

interaction among neighbours, which is one of the crucial conditions for construction of 

neighbourhoods.  

Moreover, construction of new roads and railways changes the number of physical barriers over 

time. As a result, while two residential properties may have been within the same physical barriers 

previously, construction of a new high way may split those from each other. To address this problem, 

the current neighbourhood clusters update the first version through considering the physical barriers 

in 2015 and including railways as another physical barrier in the clustering procedure. 

 

3. CONSTRUCTION OF NEIGHBOURHOODS 

This section is divided into four sub-sections. The first sub-section describes the data sources for this 

study. The second sub-section provides information about the seven criteria that we consider to 

construct micro-neighbourhoods, as well as the two considered criteria for construction of macro-

neighbourhoods. In order to implement the considered criteria in construction of neighbourhoods, 

and linking them to the Danish Administrative Registers, we follow eight stages, which are presented 

in the third sub-section. The last sub-section describes characteristics of the constructed 

                                                            
4 See e.g. Damm, Schultz-Nielsen and Tranæs (2006), Clark, Westergård-Nielsen and Kristensen (2009), Damm (2014), 
Knudsen (2014), Hviid (2015), Dustmann, Vasiljeva and Damm (forthcoming), Dustmann and Landersø (2018), 
Andersen (2015; 2017) and Ministeriet for By, Bolig og Landdistrikter (2014). 
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neighbourhood clusters from different dimensions, and compare those with the US census blocks and 

block groups.  

3.1. THE DATA FOUNDATION: ADDRESSES 

To construct neighbourhood clusters this study intensively benefits from several Danish high-quality 

registers. This subsection describes the registers that we use to construct Danish neighbourhood 

clusters: 

 Housing register (BBR): The Housing register provides us with annual information about 

different characteristics of housing units such as housing types, ownership types, whether a 

housing unit is occupied (by either owner or renter) or vacant, etc.  

 Population register (BEF): For the purpose of this study, the Population register contains 

information about unique housing addresses in the municipalities wherein inhabitants of 

Denmark live on 1st January of each year. Since the Population register records the occupied 

housing units, using the Population register would help us to exclude vacant housing units 

from this study. Therefore, each observed housing unit in the Population register resembles a 

household and we can use housing units in the Population register and households 

interchangeably. It is also possible to compute the number of inhabitants in each housing unit 

across years. Besides, we can link the Population register with the Housing register using the 

unique housing address in the municipality.  

 The National Square Grid – Denmark: This is a national system of grids, which divides 

Denmark’s land into cells (squares). Hectare cells (100m×100m) are the smallest available 

grids, and each cell has a unique name. Moreover, these grids are independent from 

administrative boundaries like postal districts and do not change over time. Since hectare cell 

information at the building level is available from statistics Denmark, one can compute 

different characteristics of residents at the hectare cell level through linking the Population 

and Housing registers to hectare cell information. However, to keep the identity of individuals 

confidential, Statistics Denmark sets minimums on the number of households in each hectare 

cell (or a group of hectare cells). The minimums vary depending on the amount of information 

that one wants to get at the hectare cells level. For instance, to get access to individual-level 

data at each hectare cell (or a cluster of hectare cells) for residential segregation analysis, the 

number of households in each hectare cell (or cluster of hectare cells) should be at least 150. 

Additionally, the minimum requirement increases to 600 households for descriptive analysis 

(Damm and Schultz-Nielsen, 2008). 

 Keys for converting old housing numbers to new ones after the 2007 municipal reform: By 

2007, the number of municipalities decreased from 271 to 98 through merging small 
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municipalities with larger ones (or with each other). Consequently, housing units in the 

affected municipalities changed their addresses (names) to new ones based on their new 

municipalities. Since neighbourhood clusters should be independent from administrative 

boundaries, changes in housing names and municipalities should not change the 

neighbourhood clusters of housing units. In this regard, we need to use two keys (NBPF and 

NOGF) to change the old names of municipalities, housing and building addresses to new 

ones after the 2007 municipal reform for the affected housing units. By doing so, we will have 

one address per housing unit and can assign one neighbourhood cluster for each housing unit 

across years. 

 

3.2. CLUSTERING CRITERIA 

A neighbourhood is a geographical area within which neighbours meet and socially interact with 

each other. Different studies show that the probability of social interactions among the residents of 

housing units decreases by distance between those housing units (Latané et al., 1995; Wellman, 1996; 

Butts, 2002). The optimal size of neighbourhoods is also an important factor. Empirical studies try 

to find the optimal size of neighbourhoods through conducting surveys and asking participants about 

the number of neighbours that they know. Results vary by different factors such as country and 

socioeconomic characteristics of participants. For instance, Campbell and Lee (1992) find that 

participants of their survey in the US know on average 15 neighbours, with variations between 0 and 

80. Another Canadian study by Wellman (1979) finds that on average respondents talk to 5 

neighbours regularly. It is also important to note that the neighbours known by an individual are not 

necessarily those within the closest proximity. As an example, Campbell and Lee (1992) show that 

social networks of low-income individuals are more localized than social networks of high-income 

individuals.  

Our criteria for clustering housing units to form micro- and macro-neighbourhoods are similar 

to the criteria used by the US Census Bureau to define census blocks and block groups. In particular, 

we consider seven criteria (listed in their order of priority) that are common among micro- and macro-

neighbourhoods, as well as two additional criteria for macro-neighbourhoods. 

1. Each micro- (macro) neighbourhood should consist of at least 150 (600) inhabited 

housing units in all years during the 1986-2016 period. Considering the social interaction among the 

neighbours, the negative association between distance and social interactions, optimal sizes of 

neighbourhoods found by different studies, and imposed minimums by Statistics Denmark, we set 

the minimum size of micro- (macro-) neighbourhoods at 150 (600) households. That is, our aim is to 

cluster housing units in a way to have the smallest possible number of households in each 
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neighbourhood during 1986-2016, which meet the confidentiality requirements of Statistics 

Denmark. 

2. Boundaries of neighbourhoods should not change over time. Changes in the boundaries 

of neighbourhoods result in change in the neighbourhoods wherein each housing unit-and hence 

residents of that housing unit-is located over time. Since the primary interest of this study is 

construction of neighbourhoods for evaluating ethnic and socioeconomic segregations in Danish 

residential areas across years, uniqueness of the defined neighbourhoods plays an important role. For 

instance, suppose that we have a public housing project with a high concentration of non-Western 

immigrants in a neighbourhood, which is adjacent to another neighbourhood with a very low 

concentration of non-Western immigrants. A change of the boundaries of the neighbourhood wherein 

this public housing project is located may increase the size of that neighbourhood and include adjacent 

neighbourhood with a low concentration of non-Western immigrants. As a result, the share of non-

Western immigrants and, hence, the segregation index in the new neighbourhood decreases, which is 

not because of geographical mobility of households in response to implementation of policies to have 

more mixed neighbourhoods. That is, the reason for such a decrease in the segregation index is change 

in the boundaries of neighbourhoods, and the current neighbourhood is not the same as the old 

neighbourhood.  

3. Neighbourhoods are formed by clustering inhabited residential properties based on 

physical proximity. This criterion is not the first priority because some islands in Denmark have too 

few housing units to constitute a neighbourhood that meets the confidentiality requirements of 

Statistics Denmark. In such cases, we try to cluster the inhabited housing units in the islands with the 

closest inhabited housing units in the mainland.  

4. Physical barriers are used as boundaries of neighbourhoods and should not intersect a 

neighbourhood. We assume that physical barriers like water (seas, inlets, and lakes), forests, roads 

and railways decrease the social interactions among residents in opposite sides of those barriers. 

Therefore, we try to cluster housing units within those barriers and use those barriers as boundaries 

of neighbourhoods. The advantage of using physical barriers as boundaries of neighbourhoods is that 

physical barriers like lakes do not change over time. As a result, they guarantee that the boundaries 

of neighbourhoods do not change over time. However, there are special cases where the number of 

inhabited housing units within those barriers do not comply with the most important criterion for 

clustering, which is imposed minimums by Statistics Denmark (locked-in condition). In those cases, 

we should cross the barriers and find partner housing units on the other side of the physical barrier. 

In this regard, we believe that the likelihood of social interaction among residents in the opposite 

sides of a road is higher than such likelihood for residents of the opposite sides of a big lake. As a 
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result, we need to prioritize physical barriers based on their importance in decreasing social 

interactions. Hence we classify the physical barriers listed in order of priority: 

 Large water barriers (seas, inlets, and lakes) 

 Roads (motorways, major roads of high importance, and other major roads) 

 Railways (not local railways) 

Another example of a locked-in condition is islands with less than 150 (600) inhabited housing units 

described above.  

5. Neighbourhood clusters should be formed to be as homogeneous as possible in terms 

of types and ownership of the housing stock. Based on a hypothesis by Becker (1957) and Bailey 

(1959), the race of the neighbours affects one’s preferences for place of residence. Therefore, we 

expect to see the highest social interaction among individuals who share the same socioeconomic and 

demographic characteristics. A higher concentration of minorities in specific areas of cities is 

evidence of households sorting into different neighbourhoods based on similarity in demographic and 

socioeconomic characteristics. One might argue that construction of homogeneous neighbourhoods 

through clustering housing units of residents with similar demographic and socioeconomic 

characteristics would guarantee the highest social interaction among the neighbours. However, such 

a clustering has two disadvantages. First, it would lead to overestimation of residential segregation 

of demographic and socioeconomic groups. Second, a goal of homogeneity in terms of attributes of 

residents would contradict our goal of residential neighbourhoods that are unaltered over time. Urban 

renewals, building repairs, rent reductions etc. may change the demographic and socioeconomic 

characteristics of residents without changing the housing stock in the neighbourhood. Consequently, 

if such housing policies are successful in increasing the mix of demographic and socioeconomic 

groups, neighbourhoods that were once homogenous in terms of demographic and socioeconomic 

characteristics of residents, become heterogeneous after some years, which means that we need to 

change boundaries of neighbourhoods over time. Since changing neighbourhoods is in contrast with 

the criterion of unaltered neighbourhood boundaries, we cluster housing units  based on homogeneity 

in terms of housing and ownership types of the housing units rather than demographic and 

socioeconomic characteristics of residents of those houses. This approach has two advantages. Firstly, 

and most importantly, stock, type, and ownership of housing units do not change too much over time, 

which guarantees to have unaltered neighbourhood boundaries across years. Secondly, households 

with similar demographic and socioeconomic characteristics sort themselves into neighbourhoods 

based on housing and ownership types available in those neighbourhoods. For instance, two 

individuals living in two apartments in opposite sides of a street are more likely to have the same 

demographic and socioeconomic characteristics than two individuals where one is living in an 
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apartment, while the other one is living in a detached house on the opposite side of the street. The 

same story is true for two individuals where one is living in a public housing, whereas the other one 

is living in an owner-occupied housing. Additionally, different types of housing are distributed across 

a local housing (labour) market. Such a distribution is exogenous (given) to the households’ decisions 

about sorting themselves to different areas of a local labour market.  

We divide housing units into four categories of housing type: 

Farmhouse or semi-detached houses Townhouses or small-story houses 

Large-scale dwellings Summer houses or other types 

 

We also divide housing units into four categories of ownership type:  

Owner-occupied Private rental 

Public housing and publicly rental Cooperative housing 

We can find housing and ownership types of each housing unit from the housing register annually, 

and assign that housing unit into one out of 16 possible combinations (hereafter “seed”) of housing 

and ownership types. Then, to find similar housing units around each housing unit, we need to give 

weight to housing type and ownership type. As argued by Damm and Schultz-Nielsen (2008), since 

our primary interest from construction of neighbourhoods is evaluating ethnic and socioeconomic 

segregation in Danish neighbourhoods across years, and more importantly socially deprived areas 

that have attracted lots of attention in recent years, we give a weight of 0.3 for housing type and a 

weight of 0.7 for ownership type. The reason for giving a higher weight for ownership is that the type 

of ownership is the main determinant of socially deprived areas in Denmark. While only a small 

fraction of public housing areas is socially deprived, socially deprived areas tend to be locations with 

a high concentration of public housing. Therefore, while it is possible to have variation in housing 

type in socially deprived areas, ownership is dominated by public housing. 

6. Neighbourhoods should be homogenous in terms of number of inhabitants and 

relatively small in terms of area. To evaluate ethnic and socioeconomic residential segregation, we 

will calculate isolation and dissimilarity indices (Damm and Schultz-Nielsen, 2008). For both of these 

indices, we need to calculate the share of minorities in a neighbourhood relative to the total number 

of minorities in a municipality or country. While the number of minorities in a municipality is 

constant, variations in the share of minorities can arise from two sources: number of inhabitants and 

number of minorities in a neighbourhood. Whenever we have heterogeneous neighbourhoods in terms 

of the number of inhabitants, we expect to see a higher number of minorities in a densely populated 

neighbourhood relative to a less densely populated neighbourhood. Therefore, it is hard to say 
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whether higher segregation in a neighbourhood is due to the number of inhabitants or to a higher 

concentration of minorities. To deal with this issue, we should have neighbourhoods that are 

homogenous in terms of the number of inhabitants. Moreover, a study by Bolster et al. (2006) shows 

that by increasing the number of inhabitants in a neighbourhood, the estimated neighbourhood effect 

decreases. Part of the reason may be due to a decrease in social interaction with geographic distance 

between the individuals. Heterogeneous neighbourhoods in terms of number of inhabitants and area 

may therefore lead to an imprecise estimation of neighbourhood effects, and large neighbourhoods 

are likely to underestimate the level of residential segregation of ethnic and socioeconomic groups. 

7. Neighbourhoods should be compact. Compactness means that other neighbourhood 

cluster(s) should not split a neighbourhood into two or several parts or surround that neighbourhood. 

Non-compactness of a neighbourhood decreases social interaction among inhabitants of the separated 

parts of that neighbourhood. While clustering based on a proximity criterion ensures the compactness 

of most neighbourhoods, as will be discussed later, we implement an additional stage for clustering 

housing units to maximize the share of compact neighbourhoods, given the six other criteria.  

Macro-neighbourhoods should satisfy two additional criteria. 

1. Each macro-neighbourhood should consist of a group of micro-neighbourhoods. By 

definition, a group of micro-neighbourhoods should form a macro-neighbourhood. That is, we 

construct macro-neighbourhoods through aggregating micro-neighbourhoods. 

2. Boundaries of macro-neighbourhoods should respect the boundaries of micro-

neighbourhoods. Each micro-neighbourhood should belong to one macro-neighbourhood over time. 

To meet this condition, macro-neighbourhoods should respect the boundaries of micro-

neighbourhoods and should not cross any of the encompassed micro-neighbourhoods.  

 

3.3. IMPLEMENTATION OF THE CLUSTERING ALGORITHM 

Our clustering algorithm consists of two parts and eight stages, which are presented in more detail 

below. In the first part, in order to make sure that the number of inhabited housing units in the 

constructed neighbourhoods is higher than the imposed minimums by Statistics Denmark (150 and 

600 households) in more than one year, and that neighbourhood boundaries do not change, 1986, 

2000, and 2015 are selected as pilot years. Then, based on the mentioned criteria and using the 

housing register (BBR), the clustering algorithm is written, executed, and tested in collaboration with 

the firm Geomatic. The first part consists of three stages and provides us with neighbourhood clusters 

in the mentioned three years.  
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The second part of clustering algorithm starts with linking the observed housing addresses in 

the population register (BEF) during 1986-2016 to the constructed neighbourhoods (hereafter 

“assigning cluster ID for the housing addresses”). However, due to existence of housing addresses 

that we cannot observe in the housing register in those 3 pilot years and some inconsistencies between 

housing and population registers, a group of housing addresses remain without cluster ID in the 

population register. In order to increase the number of housing units with cluster ID, stages four and 

five are implemented. At the end of the fifth stage, we have a group of micro-clusters (macro-clusters) 

with less than 150 (600) inhabited housing units in some years. Those clusters are treated in the sixth 

stage. After making sure that all the micro- and macro-clusters follow the imposed minimums by 

Statistics Denmark during 1986-2016, we try to split large neighbourhoods into two or more small 

neighbourhoods to improve the homogeneity in term of number of inhabitants in the seventh stage. 

Finally, in the eighth stage, a group of neighbourhoods that are not compact are identified and 

addressed.         

 

Stage 1: Clustering addresses using Thiessen polygons5 

As mentioned in the criteria section, each housing unit can take 1 out of 16 combinations of housing 

and ownership types (seed). One housing unit from each of those 16 seeds is selected at a randomly 

located area. The following process loops over the currently active seeds (hereafter clusters), and 

leads them to select one new address in each round. The address is checked for relevant barriers 

(water, motorway, railway). Intermediately, the point clusters are shaped as concave hulls. Therefore, 

the clusters grow as polygon in an amoeba-like fashion. To ensure that the clusters grow through the 

entire shape of the polygon rather than the last used point, distances between the new candidate points 

and the polygon are calculated as polygon-to-point. Therefore, the candidate point with the lowest 

distance is selected. 

The size of clusters (i.e. active seeds) are checked in each loop and set to inactive when they 

reach the minimum of 150 housing units. Whenever a cluster reaches the minimum number of 

housing units or cannot find more housing units within the barriers (locked-in condition), a new seed 

of the same combination is planted at a randomly located address. The script runs until there is no 

housing unit left to pick. 

                                                            
5 Thiessen polygons (also known as Voronoi polygons) were introduced by Alfred H. Thiessen (1911) in order to allocate 
the areas to the nearest whether stations. The idea behind this approach is dividing an area into smaller areas (polygons) 
based on available values at points in a way that any location within a polygon has the lowest distance to the reference 
point relative to the other points. The Thiessen polygon approach is applied for analysis of proximity and neighbourhoods, 
such as catchment areas of businesses. 
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Stage 2: Post-clustering of clusters (optimization step) 

At the end of the first stage, there are micro-clusters that have less than 150 inhabited housing units. 

The solution is clustering these small micro-clusters with the existing clusters. The most important 

factor in clustering the micro-clusters is proximity. Therefore, it is a prerequisite that all potential 

micro-clusters should be neighbours of the small micro-cluster (polygon neighbours, sharing a 

common border). Moreover, those neighbouring micro-clusters should not be separated from the 

small micro-cluster by physical barriers (within barriers clustering). For each of those neighbouring 

micro-clusters, a score consisting of the calculated distances in housing type and ownership type is 

assigned. These distances are weighted with “𝐻𝑜𝑢𝑠𝑖𝑛𝑔 𝑡𝑦𝑝𝑒 0.3 𝐻𝑜𝑢𝑠𝑖𝑛𝑔 𝑜𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝 0.7” 

and sorted from small to large (ascending). The micro-cluster with the smallest distance is chosen for 

clustering with the small micro-cluster. However, in cases where there are two or more candidate 

micro-clusters with similar and small distances, the micro-cluster with the smallest number of housing 

units is selected for clustering. This approach continues until all the micro-clusters reach the limit of 

150 housing units. However, some micro-clusters still could not find any partner within the 

boundaries (locked-in condition), which is treated in the third stage through crossing the barriers.  

The bottom-up creation of macro-clusters from micro-clusters works with the same principle 

as clustering small micro-clusters that are below the size limit: finished micro-clusters find suitable 

neighbours for clustering until the macro-cluster minimum size limit (600 households) has been 

reached. Clustering of micro-clusters to form macro-clusters can also reach a locked-in situation 

within the physical barriers. This situation is also solved using the cross-barrier method in the third 

stage.    

 

Stage 3: Cross-barrier clustering of clusters 

Some clusters are naturally locked-in by physical barriers and have no chance to reach their size 

threshold due to an insufficient number of housing units within the barriers. This can be case for both 

micro- and macro-clusters, and even more often among macro-clusters because of the higher 

threshold for the minimum number of households (600). The solution is to let clusters cross the 

physical barriers to look for potential partners, thereby reaching the size thresholds.  

The cross-barrier approach follows a set of rules. Firstly, there must not exist any other polygon 

between the current small cluster and the partner cluster. That is, the new cluster must be 

geographically coherent. Secondly, for crossing the barriers to find a partner cluster, there is a priority 

list (as mentioned in the clustering criteria section). For instance, a cluster choosing between a 
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potential partner that lies crossing a water barrier and a partner across a road will choose the partner 

on the opposite side of the road.  

Figures 1 and 2 show examples of the constructed micro- and macro-clusters at the end of the 

third stage of clustering algorithm. 

Figure 1. Constructed micro-neighbourhoods at the end of the third stage 

Notes: This figure shows the constructed micro-clusters at the end of the third stage. Each 
colour shows one micro-cluster. 
Source: Firm Geomatic 

 

Figure 2. Constructed macro-neighbourhoods at the end of the third stage 

 
Notes: This figure shows the constructed macro-clusters at the end of the third stage. Each 
colour shows one macro-cluster. 
Source: Firm Geomatic 
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Stage 4: Assigning cluster ID to the observed addresses in population registers 

At the end of the third stage, we have cluster ID for the observed addresses in the housing register 

(BBR) in 1986, 2000, and 2015. Since the aim of this study is to assign cluster ID to all the addresses 

that we observe in the population register (BEF), we try to link the addresses with cluster ID at the 

end of the third stage to the observed addresses in the population register using the unique housing 

addresses at municipality level.6 Using all of the available information in population and housing 

registers, we could assign cluster ID for 73,214,720 out of 75,711,527 address-years that we observe 

during 1986-2016 (success rate of 96.7%). In other words, at the end of the fourth stage, 2,496,807 

housing-years (or 238,328 unique addresses) remained without cluster ID during the mentioned 31 

years. To increase the number of housing units with cluster ID, we use the hectare cell information 

of housing units in the next stage. 

 

Stage 5: Assigning cluster ID to the observed addresses using hectare cell information 

At the end of stage 4, we have 2,496,807 addresses (238,328 unique housing addresses) without 

cluster ID during 1986-2016. To assign cluster ID for those addresses, we can use hectare cell 

information of addresses with cluster ID. However, since we use the Thiessen polygon method to 

cluster adjacent housing units, there are hectare cells with more than one cluster ID. In fact, there are 

438,821 hectare cells with cluster ID at the end of the fourth stage. Among those hectare cells, 

400,774 hectare cells have one cluster ID, while 38,047 hectare cells have 2-6 cluster IDs.7 

Since each address should have 1 cluster ID, we need to assign a “dominant” cluster ID for each 

hectare cell. As Figure 3 graphically illustrates, for each of those 400,774 hectare cells that are 

occupied by only one micro-cluster, we assign that micro-cluster as dominant cluster ID of the hectare 

cell. However, for each of the 38,047 hectare cells that are occupied by more than 1 micro-cluster, 

we count the number of housing addresses from each micro-cluster in that hectare cell, and assign the 

micro-cluster with the highest number of housing addresses in the hectare cell as dominant cluster ID 

of that hectare cell. For instance, in Figure 3, hectare cell P is occupied by two micro-clusters (i.e. 

                                                            
6 In fact, we use two variables of KOM and BOPIKOM to identify each housing unit. KOM represents the municipality 
wherein a housing unit is located, and BOPIKOM is an encrypted housing address, which consists of road number, house 
number, house letter, floor, and side/door within a municipality. Additionally, OPGIKOM is a shorter version of 
BOPIKOM, which gives information about road number, house number, and house letter within a municipality. 
Therefore, housing units in an apartment share a common OPGIKOM. We can observe KOM, BOPIKOM, and 
OPGIKOM for each housing unit in housing and population registers. Since housing units within an apartment receive 
one cluster ID, using OPGIKOM information of housing units with cluster ID would help us to assign the same cluster 
ID to other housing units without cluster ID. We use this approach for small number of housing units within a same 
building to improve the number of housing units with cluster ID. It is also important to note that there is not any 
BOPIKOM or OPGIKOM with more than one cluster ID. Moreover, hectare cell information of housing units is available 
at building (OPGIKOM) level. Hence, we need to use OPGIKOM to assign cluster ID for a group of housing units without 
cluster ID, as discussed in the fifth stage.   
7 More than 35,000 of those hectare cells have 2 cluster IDs, 20 hectare cells have 5 cluster IDs, and 1 hectare cell has 6 
cluster IDs. 
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Blue and Red). Since there are 5 housing addresses from Blue micro-cluster and 2 housing addresses 

from Red micro-cluster in hectare cell P, we assign Blue micro-cluster as dominant cluster ID for 

hectare cell P.     

 

Figure 3. Thematic explanation of assigning dominant cluster ID to hectare cells 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: This figure graphically demonstrates the procedure of assigning dominant cluster ID for each hectare cell. Each 
alphabet shows a hectare cell; each of the polygons resembles a micro-cluster, and each of the points show a housing 
unit. Housing units in a micro-cluster has the same caller as the micro-cluster (polygon) has.  

 

After finding a dominant cluster ID for all the observed hectare cells, we assign the dominant 

cluster ID of these hectare cells to the housing addresses in those hectare cells that do not have cluster 

ID. As a result, we assign cluster ID for an additional 1,801,964 housing addresses, while 694,843 

housing addresses remain without cluster ID. Most of these housing addresses are located in 20,676 

hectare cells without dominant cluster ID. Therefore, we can link these hectare cells to the adjacent 

micro-clusters using the minimum distance approach. In order to assign cluster ID for these 20,676 

hectare cells, we identify all of the hectare cells that are within the 3-kilometer distance from each of 

the hectare cells without dominant cluster ID (hectare cell X). Using dominant cluster ID of those 

438,821 hectare cells, we can find micro-clusters that are within the vicinity of hectare cell X. Then, 

average distances between hectare cell X and all of the hectare cells within each of those adjacent 

micro-cluster are computed. Later, hectare cell X is linked to the micro-cluster with the lowest 

average distance. Finally, the linked micro-cluster is assigned as the dominant cluster ID for hectare 

cell X. Having dominant cluster ID of these 20,676 hectare cells, we can assign cluster ID for 462,399 

additional housing units in these hectare cells.  
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Appendix Table A1 shows the observed housing addresses and persons with or without cluster 

ID in the population register during 1986-2016. As this table illustrates, we can assign cluster ID for 

99.69% of the inhabited housing addresses in the population register. Besides, 98.91% of housing 

addresses that we observe in the population register at least once (unique addresses) have cluster ID, 

while 34,622 unique housing addresses remain without cluster ID.  

Appendix Figure A1 exhibits the frequency of housing addresses without cluster ID by year. 

According to this figure, the number of housing units without cluster ID has a declining time trend. 

The reason for such a trend is increased precision and compatibility of housing and population 

registers in recent years.  

Moreover, 30% of housing units without cluster ID are located in large municipalities like 

Copenhagen, Aarhus, Odense, and Aalborg (Appendix Figure A2), and, as we expect, more than 50% 

of housing addresses without cluster ID belong to “other types or not identified” properties that are 

not regularly used for residential purposes. Additionally, close to 20% of housing addresses without 

cluster ID are among the housing types that one can see in rural areas (townhouses, detached single-

family houses, and cottages), and about 30% of those housing addresses have housing types that one 

can observe in urban areas, i.e. apartments, and row, chain, or double houses (Appendix Figure A3). 

With regard to the type of ownership, owner-occupied and private rental housing units form 

about 28% of housing units without cluster ID. Besides, 15% of housing addresses without cluster ID 

are public housing, and housing addresses with unidentified ownership form around 45% of those 

housing units (Appendix Figure A4).  

Table 1 shows characteristics of the constructed micro- and macro-clusters in 1986, 2000, and 

2015 at the end of this stage. The 459,497 inhabited hectare cells of Denmark are clustered into 8,240 

micro- and 1,851 macro-neighbourhoods. On average, there are 319 housing addresses (median 283) 

and 685 persons (median 601) in each micro-cluster in 2015. There are, also, 1,423 housing addresses 

(median 1,284) housing units and 3,047 persons (median 2,707) in each macro-cluster in 2015. With 

regard to the size of clusters, on average, each micro-cluster consists of 51 hectare cells (median 27), 

and each macro-cluster covers 228 hectare cells (median 127) in that year. 

Some points are worth taking into consideration. Firstly, the numbers of micro-clusters in 1986 

and 1987 are less than the other years. Increase in the number of micro-clusters from 8,350 to 8,359 

in years after 1987 is due to the construction of around 2,200 public housings and cooperative 

housings in Odense in 1988. Secondly, differences between mean and median in the number of 

housing addresses, inhabitants, and sizes are due to the existence of some clusters that need to find 

partners (housing addresses) from far distance in order to reach the minimums. Such clusters, which 

are mostly located in less populated areas, are detectable in the 95th percentile in Table 1 and the 

following tables. Thirdly, the reason for increase in the number of housing addresses and residents 
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over years is our second criterion for clustering, that boundaries of neighbourhoods should remain 

unchanged over time. Consequently, boundaries of neighbourhoods are formed in a way that they 

include all the housing addresses and importantly the constructed housing addresses during the 

following years. Therefore, new developments increase the number of housing units, inhabitants, and 

the number of the covered hectare cells by each micro- and macro-cluster.  

 

Table 1. Characteristics of the clusters after stage 5 

  Percentiles All 
  5% 25% 50% 75% 95% Mean Std. dev. Number 

Micro-clusters         

Housing 
addresses 

1986 164 191 241 313 454 264.2 98.7 8,230 
2000 169 209 266 348 514.5 295.1 123.6 8,240 
2015 168 215 283 375 597.5 319.7 159.3 8,240 

Inhabitants 
1986 307 465 568 734 1,044 614.9 234.3 8,230 
2000 313 464 581 764 1,149 643.2 279.6 8,240 
2015 315.5 464 601 808 1,303 684.6 359.2 8,240 

Size (ha)  
1986 2 8 26 58 175 47.1 56.7 8,230 
2000 2 9 27 63 182 49.6 59.8 8,240 
2015 2 9 27 68 185 51.3 61.51 8,240 

Too small micro-clusters       282 

Overly large micro-clusters       353 

Macro-clusters         

Housing 
addresses 

1986 687 865 1,095 1,403 1,959 1,174 409.5 1,851 
2000 739 952 1,204 1,583 2,254 1,313 491.2 1,851 
2015 758 993 1,284 1,730 2,539 1,423 588.6 1,851 

Inhabitants 
1986 1,353 1,941 2,478 3,313 4,857 2,734 1,108.0 1,851 
2000 1,389 1,997 2,566 3,459 5,242 2,863.4 1,220.3 1,851 
2015 1,442 2,048 2,707 3,693 5,776 3,047.9 1,404.4 1,851 

Size (ha) 
1986 10 42 117 329 655 209 223.2 1,851 
2000 10 41 123 345 698 220.3 235.7 1,851 
2015 11 43 127 360 712 228.0 241.9 1,851 

Too small macro-clusters       26 

Overly large macro-clusters      135 

Notes: This table shows characteristics of the constructed micro- and macro-clusters in terms of the 
number of housing addresses, inhabitants and size at the end of stage 5 in 1986, 2000, and 2015. The 
sources of this table are own calculations based on data from housing register, population register, 
hectare cell information of housing units, the constructed neighbourhood clusters, and information 
from firm Geomatic. “Percentile” columns show the characteristics at 5-95 percentile rank. “All” 
columns use all of the micro- and macro-clusters to compute average and standard deviation of each 
of the characteristics. Size (ha) means the number of hectare cells in which a micro-cluster (macro-
cluster) is dominant. Too small micro-clusters (macro-clusters) are micro-clusters (macro-clusters) 
with less than 150 (600) housing addresses in at least one year during 1986-2016. Overly large micro-
clusters (macro-clusters) present the number of micro-clusters (macro-clusters) with more than 450 
(1,800) housing addresses in all of the observed years during 1986-2016. 

 

Since all of the clusters should meet the imposed limits by Statistics Denmark, we need to 

identify and treat clusters that are too small. In this regard, we define a micro-cluster (macro-cluster) 

“too small” whenever that cluster has less than 150 (600) households in one or more years during 
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1986-2016. Table 1 shows that 282 micro-clusters and 26 macro-clusters are too small at the end of 

stage 5. We will solve this problem in stage 6. 

Besides, 353 micro- and 135 macro-clusters are three times larger than the minimum number 

of households (i.e. 150 and 600) in all the observed years, henceforth referred to as “overly large”. 

We will address the problem of overly large neighbourhoods in the seventh stage.  

 

Stage 6: Merging small clusters in terms of number of households to meet discretion criteria of 

Statistics Denmark 

In order to solve the problem with “too small” micro-clusters (below 150 housing addresses), we 

identify all the micro-clusters that belong to the macro-cluster wherein the “too small” micro-cluster 

is located. Then, we restrict the selected micro-clusters to those with more than 150 housing addresses 

in years where the “too small” micro-cluster has less than 150 housing addresses; such micro-clusters 

are potential partners for link.8 Next, we find hectare cells wherein “too small” micro-clusters and the 

potential partners for link are dominant. Finally, as Figure 4 shows, we calculate the average distance 

between all the hectare cells of the “too small” micro-cluster and hectare cells of each of the potential 

partners for link, and link the “too small” micro-cluster with a potential partner with the smallest 

average distance. In fact, this approach helps us meet our criterion of physical proximity of housing 

addresses, which is our third-most important criterion for clustering. 

 

Figure 4. Thematic explanation of calculating average distance between small micro-cluster and 
adjacent micro-clusters 

 

Notes: This figure graphically illustrates the approach of calculating average distance (AD) between small and each of 
the adjacent micro-clusters. Each of the arrows A-C show distance from one of the hectare cells of small micro-cluster 
to all of the hectare cells of the adjacent micro-clusters (the same for arrows D-F). And AD shows the formula for 
calculating average distance from a small micro-cluster to each of the adjacent micro-clusters. 

                                                            
8 Most of the “too small” micro-clusters are too small during 1986-1988 and not in the next years. Additionally, because 
of new constructions and urban renewals, some micro-clusters only exist from 1989. Since we do not observe these micro-
clusters during 1986-1988, we cannot link them to the micro-clusters that are too small during 1986-1988. As a result, we 
restrict the potential partners to those that exist in years where the too small micro-cluster has less than 150 housing 
addresses.  
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In practice, however, there are macro-clusters with more than one “too small” micro-cluster. In 

such cases, we calculate average distances between each of the “too small” micro-clusters and all of 

the potential partners for link. Then, we link one of the “too small” micro-clusters with one of the 

potential partners with which the average distance is minimum and form a new micro-cluster that is 

no longer too small. Later, we repeat the mentioned procedure to other “too small” micro-clusters 

until all of the “too small” micro-clusters within a macro-cluster are merged with one of the adjacent 

micro-clusters. 

For small macro-clusters, we identify all of the adjacent macro-clusters that have more than 600 

housing addresses in years where the small macro-cluster has less than 600 housing addresses. Then, 

average distances between hectare cells of the small macro-cluster and adjacent macro-clusters are 

calculated. Finally, we link the small macro-cluster to one of the adjacent macro-clusters with the 

lowest average distance.  

Table 2 shows characteristics of the neighbourhoods after merging small clusters with adjacent 

clusters based on proximity. In line with our expectations, the number of micro- (macro-) clusters 

decreases from 8,241 (1,851) to 7,979 (1,827). As a result, the number of housing addresses, 

inhabitants, and sizes of clusters increase. For instance, the average number of housing units in each 

micro-cluster in 2015 increases from 319 (median 283) to 330 (median 292). 

At the end of this stage, there is no micro-cluster (macro-cluster) with less than 150 (600) 

households in any of the years during 1986-2016. However, because of decrease in the number of 

clusters, the numbers of “overly large” micro- and macro-clusters increase to 387 and 138, 

respectively. The problem of “overly large” clusters is addressed in the next stage. 

 

Stage 7: Splitting large clusters in terms of number of households to obtain clusters, which are 

more homogenous in terms of number of households 

Since we give the highest priorities to meeting the minimum threshold of number of households in 

each cluster required by Statistics Denmark and unaltered boundaries of clusters over 31 years, the 

constructed clusters at the end of the sixth stage are larger than the imposed limits by Statistics 

Denmark. Therefore, in order to have clusters that are homogenous (as much as possible) in terms of 

number of households and size, we should define large clusters in a way that does not affect the 

criteria with higher priorities. Recall, that we call a cluster “overly large” whenever the cluster is three 

times larger than the imposed minimum threshold of 150 (600) for micro- (macro-)clusters in all the 

years we observe that cluster. As a result, a micro- (macro-) cluster is “overly large” whenever that 

cluster has more than 450 (1,800) housing addresses in all the observed years. According to Table 2, 

there are 387 (138) “overly large” micro-clusters (macro-clusters) at the end of the sixth stage.  
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Table 2. Characteristics of the clusters after merging the small clusters 

  Percentiles All 
  5% 25% 50% 75% 95% Mean Std. dev. Number 

Micro-clusters         

Housing 
addresses 

1986 167 197 248 321 469 272.8 101.1 7,970 
2000 172 214 275 359 535 304.7 127.6 7,979 
2015 172 220 292 388 622 330.2 164.9 7,979 

Inhabitants 
1986 333 480 583 754 1,078 635.0 236.2 7,970 
2000 331 478 601 791 1,186 664.2 284.5 7,979 
2015 336 480 619 830 1,341 707.0 367.0 7,979 

Size (ha) 
1986 2 9 27 60 180 48.7 57.9 7,970 
2000 2 10 28 66 186 51.2 61.0 7,979 
2015 2 10 28 70 188 53.0 62.6 7,979 

Too small micro-clusters       0 

Overly large micro-clusters      387 

Macro-clusters         

Housing 
addresses 

1986 699 878 1,110 1,418 1,975 1,190.4 407.0 1,827 
2000 755 965 1,217 1,604 2,267 1,330.2 494.5 1,828 
2015 773 1,003.5 1,297 1,744 2,565 1,441.4 594.3 1,828 

Inhabitants 
1986 1,430 1,970 2,515 3,345 4,885 2,770.2 1,100.0 1,827 
2000 1,454 2,028.5 2,602.5 3,514.5 5,266 2,899.4 2,602.5 1,828 
2015 1,499 2,083.5 2,731 3,748 5,787 3,086.2 2,731 1,828 

Size (ha) 
1986 11 43 119 336 669 212.0 224.8 1,827 
2000 11 43 125 353 708 223.1 237.4 1,828 
2015 11 45 128 370 718 230.8 243.7 1,828 

Too small macro-clusters       0 

Overly large macro-clusters      138 

Notes: This table shows characteristics of the constructed micro- and macro-clusters in terms of the 
number of housing addresses, inhabitants and size at the end of stage 6 (i.e. merging small clusters with 
adjacent clusters) in 1986, 2000, and 2015. The sources of this table are own calculations based on data 
from housing register, population register, hectare cell information of housing units, the constructed 
neighbourhood clusters, and information from firm Geomatic. “Percentile” columns show the 
characteristics at 5-95 percentile rank “All” columns use all of the micro- and macro-clusters to 
compute average and standard deviation of each of the characteristics. Size (ha) means the number of 
hectare cells in which a micro-cluster (macro-cluster) is dominant. Too small micro-clusters (macro-
clusters) are micro-clusters (macro-clusters) with less than 150 (600) housing addresses in at least one 
year during 1986-2016. Overly large micro-clusters (macro-clusters) present the number of micro-
clusters (macro-clusters) with more than 450 (1,800) housing addresses in all of the observed years 
during 1986-2016. 

 

To address the “overly large” micro-clusters’ issue, firstly, we identify all the hectare cells 

wherein an “overly large” micro-cluster is dominant and count the number of housing addresses from 

the “overly large” micro-cluster in each of those hectare cells. Secondly, we calculate the average 

distance between each of the hectare cells and other hectare cells within the “overly large” micro-

cluster and sort them based on average distance. Thirdly, the hectare cell with the highest average 

distance (i.e. the furthest hectare cell) is selected (hectare cell X) and the number of housing addresses 

in X is calculated. Fourthly, X is linked to its closest hectare cell (Y) and formed as a new sub-cluster. 

The number of housing addresses in the new sub-cluster is calculated, and the procedure of adding 
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the closest hectare cells to the new sub-cluster continues (loop) until the number of housing addresses 

in the new cluster reaches (about) the half of housing units in the large micro-cluster. 

For each “overly large” macro-cluster, we identify all of the included micro-clusters, number 

of housing units in each of the micro-clusters, and hectare cells wherein the micro-clusters are 

dominant. Then, we calculate the average distance between micro-clusters (i.e. average distance 

among hectare cells of a micro-cluster and hectare cells of the other micro-clusters within the “overly 

large” macro-cluster) and select the micro-cluster with the highest average distance (micro-cluster 

Z). Then, Z is linked to its closest micro-cluster (W) and formed as a new sub-cluster. Later, the 

number of housing addresses in the new sub-cluster is calculated, and the procedure of adding the 

closest micro-clusters to the new sub-cluster continues (loop) until the number of housing addresses 

in the new cluster reaches (about) the half of housing addresses in the “overly large” macro-cluster. 

Table 3 shows characteristics of the neighbourhoods after splitting the large clusters to smaller 

ones. After splitting the large clusters, the number of micro-clusters (macro-clusters) increases from 

7,979 to 8,359 (1,827 to 1,961). Besides, comparing the clusters at the end of stage 5 (Table 1) with 

clusters after splitting shows significant decreases in the averages and standard deviations of the 

number of housing addresses, inhabitants, and sizes in each cluster, while medians do not change 

importantly. The reason is significant changes in the right tails of the distributions of housing units, 

inhabitants, and sizes (95th percentile). In other words, the procedure of splitting mostly affects 

clusters that are in less populated areas. For instance, comparisons of clusters in 2015 at 95th 

percentiles show that the number of housing units (inhabitants) in micro-clusters decreases from 597 

to 548 (1,303 to 1,217), and the size of macro-clusters decreases from 712 to 636 hectare cells.        

 

Stage 8: Compactness of clusters  

As mentioned earlier, ‘compactness’ means that (an)other cluster(s) should not split a neighbourhood 

into two or several parts or entirely surround that neighbourhood. In order to check if neighbourhoods 

are compact, hectare cell information is assigned to each cluster.9 We then find the nearest hectare 

cells including housing addresses in cardinal (north, south, east, west) and inter-cardinal (northeast, 

southeast, southwest, northwest) directions. This information is used to check if each cluster consists 

of compact hectare cells. A cluster where all hectare cells can be combined through a nearest hectare 

cell belonging to the same cluster is considered 100% compact. If some of the hectare cells in a cluster 

are separated from the other part of the cluster, we calculate how large a share of the cluster that is 

non-compact. This is done by considering the largest part (measured by average no. of addresses 

1986-2016) as the compact part of the cluster and all other parts as non-compact. The compactness 

                                                            
9 This information includes all hectare cells that are inhabited at least once in the period 1986-2016, but most of the 
hectare cells are inhabited in all the years. 
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rate of a cluster in each year is calculated using the number of housing addresses within each cluster 

and their hectare cell location. 

 

Table 3. Characteristics of the clusters after splitting the large clusters 
   Percentiles All 
   5% 25% 50% 75% 95% Mean Std. dev. Number 

 Micro-clusters         

Housing 
addresses 

 1986 167 197 246 310 407 260.4 76.9 8,350 
 2000 172 215 271 344 467 290.9 101.3 8,359 
 2015 173 222 287 367 548 315.2 140.2 8,359 

Inhabitants 
 1986 329 472 571 717 978 606.1 197.2 8,350 
 2000 329 475 585 751 1,067 634.0 240.6 8,359 
 2015 336 476 605 789 1,217 674.9 322.7 8,359 

Size (ha) 
 1986 2 9 26 58 172 46.5 55.0 8,350 
 2000 2 9 26 63 179 48.9 57.8 8,359 
 2015 2 9 27 67.5 181 50.6 59.3 8,359 

Too small micro-clusters        0 
Overly large micro-clusters        27 

 Macro-clusters         

Housing 
addresses 

 1986 698 869 1,068 1,315.5 1,662.5 1,109.6 297.3 1.960 
 2000 754 955 1,174 1,477 1,899 1,240.0 375.2 1,961 
 2015 771 995 1,248 1,611 2,178 1,343.6 470.2 1,961 

Inhabitants 
 1986 1,418.5 1,949.5 2,448 3,103.5 4,198 2,582.2 838.1 1.960 
 2000 1,448 2,003 2,507 3,259 4,530 2,702.8 959.7 1,961 
 2015 1,503 2,058 2,640 3,464 4,929 2,876.9 1,133.5 1,961 

Size (ha) 
 1986 10 42.5 112.5 322 601 197.6 197.6 1.960 
 2000 10 43 120 336 627 207.9 207.9 1,961 
 2015 11 44 125 351 636 215.2 213.1 1,961 

Too small macro-clusters        0 

Overly large macro-clusters       8 

Notes: This table shows characteristics of the constructed micro- and macro-clusters in terms of the number of 
housing addresses, inhabitants and size at the end of stage 7 (i.e. splitting large clusters to smaller clusters) in 
1986, 2000, and 2015. The sources of this table are own calculations based on data from housing register, 
population register, hectare cell information of housing units, the constructed neighbourhood clusters, and 
information from firm Geomatic. “Percentile” columns show the characteristics at 5-95 percentile rank. “All” 
columns use all of the micro- and macro-clusters to compute average and standard deviation of each of the 
characteristics. Size (ha) means the number of hectare cells in which a micro-cluster (macro-cluster) is dominant. 
Too small micro-clusters (macro-clusters) are micro-clusters (macro-clusters) with less than 150 (600) housing 
addresses in at least one year during 1986-2016. Overly large micro-clusters (macro-clusters) present the number 
of micro-clusters (macro-clusters) with more than 450 (1,800) housing addresses in all of the observed years 
during 1986-2016. 

 

In particular, we calculate two different measures of compactness at micro- and macro-

neighbourhood levels. The following formula shows our first measure of the compactness ratio of 

cluster 𝑖 (micro or macro) in year 𝑡 (1986-2016), 𝐶𝑅 :  

 

𝐶𝑅𝑖𝑡

𝐵𝑂𝑃𝐼𝑖𝑡 ∑ 𝐵𝑂𝑃𝐼𝑃𝑅𝑂𝐵𝑖𝑗𝑡
𝐽
𝑗

𝐵𝑂𝑃𝐼𝑖𝑡
 (1) 
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where 𝐵𝑂𝑃𝐼𝑖𝑡 is the total number of housing addresses in that cluster, and 𝐵𝑂𝑃𝐼𝑃𝑅𝑂𝐵𝑖𝑗𝑡 is the 

number of housing addresses in that cluster, which are located in non-compact hectare cell 𝑗. 

Our second measure of compactness of each neighbourhood during 1986-2016 is the weighted 

average of the compactness ratio of that cluster i across all years t, 𝐶𝑅𝑖: 

 

𝐶𝑅𝑖
𝐵𝑂𝑃𝐼𝑖𝑡

𝐵𝑂𝑃𝐼𝑇𝑂𝑇𝑖

𝑇

𝑡

𝐶𝑅𝑖𝑡 (2) 

    
where 𝐵𝑂𝑃𝐼𝑇𝑂𝑇𝑖 is the total number of observed housing addresses in that cluster during 1986-2016. 

Hence, the overall compactness ratio for each cluster is found by weighting the yearly compactness 

ratios by the size of the cluster (number of housing addresses each year).    

These two measures of the compactness ratio help us check whether the constructed 

neighbourhoods respect the compactness criterion or not. Additionally, future users of these 

neighbourhoods can evaluate the robustness of their estimates by excluding (including) 

neighbourhoods that have compactness ratios below (above) a certain threshold. 

To investigate compactness, we first check the compactness rate of each cluster. As expected, 

we find that the compactness rate is lower in less populated areas than in cities, because the population 

density is lower, and the cluster areas are larger and more widespread. However, we also detected a 

minor number of clusters where compactness could be improved by moving a smaller share of 

addresses from one cluster to the adjacent cluster - without violating the minimum of 150 (600) 

households in each cluster. In all, we move 0.3 % of the addresses to an adjacent cluster. By including 

this adjustment, we finalize the clusters and make a final check of the compactness rate.  

The result is presented in Table 4 reporting descriptive statistics on the compactness rate of our 

micro- and macro-clusters. The average compactness rate is 98.7 among all 8,359 micro clusters, 

while the median is 100, which means that outliers in the right tail of distribution decrease the average 

compactness rate. The same is true for macro-clusters. The average compactness rate of micro-

clusters improves slightly from 99.7% in 1986 to 100% at 75th percentile. Not because 

neighbourhoods change their boundaries (which they do not), but rather due to new constructions 

after 1986 in the more populated cluster areas, where the compactness rate generally is higher. The 

average compactness of macro-clusters weighted across years is 98.6% and it is stable from 1986 to 

2015, while the standard deviation declines from 3.5 to 3.2.  
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Table 4. Compactness of final clusters 

  Percentiles All 
  5% 25% 50% 75% 95% Mean Std. dev. Number 

Micro-clusters 
  

 
 

      

%Compactness 
(Annual) 

1986 100 100 100 99.7 95.6 98.6 6.3 8,350 
2000 100 100 100 100 95.3 98.6 6.0 8,359 
2015 100 100 100 100 95.2 98.7 5.7 8,359 

%Compactness 
(Weighted across years) 100 100 100 99.8 95.5 98.7 5.7 8,359 

Macro-clusters         

%Compactness 
(Annual) 

1986 100 100 99.9 99.2 91.7 98.6 3.5 1,960 
2000 100 100 99.9 99.2 91.5 98.6 3.4 1,961 
2015 100 100 100 99.3 91.4 98.6 3.2 1,961 

%Compactness 
(Weighted across years) 100 100 99.9 99.2 91.5 98.6 3.2 1,961 

Notes: This table shows characteristics of the constructed micro- and macro-clusters in term of 
compactness at the end of stage 8 (i.e. final stage) in 1986, 2000, and 2015. The sources of this table are 
own calculations based on data from housing register, population register, hectare cell information of 
housing units, the constructed neighbourhood clusters, and information from firm Geomatic. “Percentile” 
columns show the compactness at 5-95 percentile rank “All” columns use all of the micro- and macro-
clusters to compute average and standard deviation of each of the characteristics. Compactness (annual) is 
calculated using formula (1), and compactness (weighted across years) is calculated using formula (2). 

 

Table 5 summarizes the characteristics of the final clusters after minor adjustments of clusters 

to construct more compact neighbourhoods.  

Comparing Tables 3 and 5, we see that the last stage (improving compactness) did alter the 

characteristics of clusters a bit. The improved compactness implies that there are now 37 “overly 

large” micro-clusters against 10 in Table 3. Since compactness of clusters has higher priority than the 

number of housing units in each cluster, it is reasonable to accept the cost of increased number of 

“overly large” micro-clusters by having compact neighbourhoods. However, it is important to note 

that compactness only changes homogeneity of clusters marginally, which can be seen by comparing 

the number of households at the 75th and 95th percentiles in Tables 3 and 5, where changes are small 

and, in some cases, even absent.   
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Table 5. Characteristics of the final clusters 

  Percentiles All 
  5% 25% 50% 75% 95% Mean Std. dev. Number 

Micro-clusters         

Housing 
addresses 

1986 167 197 246 310 408 260.4 77.2 8,350 
2000 172 214 271 343 468 290.9 101.6 8,359 
2015 172 221 287 368 548 315.2 140.3 8,359 

Inhabitants 
1986 328 472 571 718 979 606.1 197.8 8,350 
2000 328 472 585 751 1,067 634.0 241.2 8,359 
2015 336 475 605 789 1,218 674.9 322.7 8,359 

Size (ha) 
1986 2 9 25 58 172 46.5 55.2 8,350 
2000 2 9 26 62 179 48.9 58.0 8,359 
2015 2 9 27 67 181 50.6 59.4 8,359 

Too small micro-clusters       0 

Overly large micro-clusters       37 

Macro-clusters         

Housing 
addresses 

1986 698 870 1,069 1,316 1,662 1,109.6 297.0 1,960 
2000 754 955 1,174 1,476 1,900 1,240.0 375.1 1,961 
2015 771 996 1,248 1,611 2,178 1,343.6 470.1 1,961 

Inhabitants 
1986 1,421.5 1,947 2,447.5 3,100 4,189 2,582.2 837.7 1,960 
2000 1,454 2,005 2,505 3,262 4,532 2,702.8 959.7 1,961 
2015 1,503 2,058 2,636 3,472 4,929 2,876.9 1,133.2 1,961 

Size (ha) 
1986 10 46 113 322 601 197.6 197.7 1,960 
2000 10 43 121 336 626 207.9 208.0 1,961 
2015 11 44 124 351 635 215.2 213.2 1,961 

Too small macro-clusters       0 

Overly large macro-clusters       8 

Notes: This table shows characteristics of the constructed micro- and macro-clusters in terms of the 
number of housing addresses, inhabitants and size at the end of stage 8 (i.e. final stage) in 1986, 2000, 
and 2015. The sources of this table are own calculations based on data from housing register, 
population register, hectare cell information of housing units, the constructed neighbourhood clusters, 
and information from firm Geomatic. “Percentile” columns show the characteristics at 5-95 percentile 
rank. “All” columns use all of the micro- and macro-clusters to compute average and standard deviation 
of each of the characteristics. Size (ha) means the number of hectare cells in which a micro-cluster 
(macro-cluster) is dominant. Too small micro-clusters (macro-clusters) are micro-clusters (macro-
clusters) with less than 150 (600) housing addresses in at least one year during 1986-2016. Overly large 
micro-clusters (macro-clusters) present the number of micro-clusters (macro-clusters) with more than 
450 (1,800) housing addresses in all of the observed years during 1986-2016. 

 

 

3.4. FINAL CLUSTERS 

3.4.1. Descriptive characteristics of clusters 

The constructed neighbourhoods can be analysed from different dimensions. Table 6 shows average 

characteristics of the micro- and macro-clusters during 1986-2016. Each of 8,359 micro-clusters on 

average consists of 291 housing units (median 270), and 637 inhabitants (median 585). Additionally, 

there are 1,961 macro-clusters; each of those on average consists of 1,241 housing units (median 

1,173) and 2,717 inhabitants (median 2,520). Since standard deviations for housing units and 

inhabitants at in both levels of neighbourhood clusters are less than the halves of the means, and 
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means and medians are close to each other, we can say that the constructed neighbourhoods are 

homogenous in terms of the numbers of housing units and inhabitants. We will return to this claim 

later in the next sub-section, where we compare characteristics of neighbourhood clusters, 

municipalities, and postal districts with each other. 

However, the average size of each micro-cluster is 49 hectare cells, which is around twice as 

large as the median of 26 hectare cells. The same story holds for macro-clusters, where the mean and 

median are 208 and 121, respectively. The reason for such significant differences between means and 

medians is that we try to divide all the inhabited land of Denmark into neighbourhood clusters by 

respecting the criteria mentioned in Section 3.2. However, the density of inhabited land varies by 

urban/rural location. As a result, in order to meet the imposed minimums by Statistics Denmark, we 

should continue the clustering process until the number of housing addresses in each neighbourhood 

cluster reaches the minimum. It is easy for housing units in urban areas to find their partners in very 

close vicinity, while in rural areas distances between housing addresses are higher. Therefore, the 

main source of variation in the size of clusters stems from differences in the housing and population 

density across rural and urban areas. 

 

Table 6. Average characteristics of the final clusters during 1986-2016 

 Percentiles All 
 5% 25% 50% 75% 95% Mean 

Std. 
dev. 

Min. Max. Number 

Micro-clusters           

Housing addresses 171 213 270 324 474 291.3 109.3 150 2,690 8,359 

Inhabitants 326 427 585 752 1,068 637.4 256.9 160 6,356 8,359 

Size (ha)  <10 <10 26 63 179 48.9 57.7 <10 443 8,359 

Macro-clusters           

Housing addresses 742 945 1,173 1,474 1,930 1,241.6 394.0 606 4,922 1,961 

Inhabitants 1,440 1,994 2,520 3,278 4,564 2,717.2 992.4 868 11,590 1,961 

Size (ha) 10 43 121 338 624 207.9 207.2 <10 998 1,961 

Notes: This table shows average characteristics of the constructed micro- and macro-clusters in terms of the number 
of housing addresses, inhabitants and size at the end of stage 8 (i.e. final stage) during 1986-2016. The sources of this 
table are own calculations based on data from housing register, population register, hectare cell information of housing 
units, the constructed neighbourhood clusters, and information from firm Geomatic. “Percentile” columns show the 
characteristics at 5-95 percentile rank. “All” columns use all of the micro- and macro-clusters to compute average and 
standard deviation of each of the characteristics. Size (ha) means the number of hectare cells in which a micro-cluster 
(macro-cluster) is dominant.  
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On average each macro-cluster consists of 4.26 micro-clusters (median 4), and the standard 

deviation (1.27) is one third of the mean, which suggests that the macro-clusters are homogeneous in 

terms of the number of micro-clusters (Table 7).  

 

Table 7. Number of micro-clusters in each macro-cluster for the final clusters 

Year 
Percentiles All 

5% 25% 50% 75% 95% Mean Std. dev. Min. Max. Number 

1986 3 4 4 5 7 4.26 1.27 2 8 1,960 

2000 3 4 4 5 7 4.26 1.28 2 11 1,961 

2015 3 4 4 5 7 4.26 1.28 2 11 1,961 

Notes: This table shows the number of micro-clusters in each macro-cluster in 1986, 2000, and 2015. The 
sources of this table are own calculations based on data from housing register, population register, hectare cell 
information of housing units, the constructed neighbourhood clusters, and information from firm Geomatic. 
“Percentile” columns show the number of micro-clusters in each macro-cluster at 5-95 percentile rank. “All” 
columns use all of the macro-clusters to compute average and standard deviation of the number of micro-cluster 
in each macro-cluster.  

 

Since we use the Thiessen polygon method to cluster adjacent housing units, it is possible to 

have hectare cells that are occupied with more than one cluster ID. Perhaps physical barriers like 

rivers divide a hectare cell into two separate parts. In this case, while two housing addresses are on 

the opposite sides of a river in a hectare cell, existence of the river decreases the probability of social 

interactions among inhabitants of these housing units. Therefore, based on our clustering criterion, 

these two housing addresses are in different neighbourhoods. Appendix Table A2 shows that most of 

the hectare cells are occupied by only one micro-cluster. On average, each hectare cell belongs to 

1.09 micro-cluster (median 1), and the hectare cells in the 95th percentile are occupied by two micro-

clusters. To have more information, Appendix Table A3 shows the number of hectare cells that belong 

to one or more than one micro-clusters in 1986, 2000, and 2015. There are 422,049 inhabited hectare 

cells in 2015, among those, more than 91% belong to one micro-cluster, and extra 7% are divided 

between two micro-clusters. As a result, less than 2% of hectare cells are divided between three to 

five micro-neighbourhoods. Only one hectare cell is divided among six micro-clusters. This hectare 

cell is located in the north of Copenhagen and separate different apartment blocks with different 

ownership types (i.e. owner-occupied, cooperative, private rental, and public rental) by three streets. 

In addition, the last row of this table shows the number of micro-clusters in each hectare cell across 

31 years. Totally, there are 459,497 inhabited hectare cells during 1986-2016; 91% of those are 

occupied by only one micro-cluster. 
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Figure 5 (Figure 6) shows the dominant micro- (macro-) neighbourhoods of hectare cells for 

the same location as depicted in Figure 1 (Figure 2). Each colour illustrates one micro- (macro-) 

neighbourhood. Therefore, these figures show hectare cells wherein a micro- (macro) cluster is 

dominant. Since we use the Thiessen polygon approach to construct the neighbourhoods, it is possible 

that borders of neighbourhoods cross the hectare cells (in 8% of hectare cells, as mentioned in 

Appendix Table A3). In such cases, we assign the name of the neighbourhood with the highest number 

of housing units in that hectare cell as dominant neighbourhood of that hectare cell. As a result, having 

hectare cells with the same colour does not completely mean that those hectare cells perfectly belong 

to the same neighbourhood. This is an explanation for observing hectare cells that are not 

geographically coherent (i.e. a hectare cell from one neighbourhood is surrounded by hectare cells of 

adjacent neighbourhoods). It is also important to note that since we consider the inhabited hectare 

cells for construction of neighbourhood clusters, areas like forests, lakes, and non-residential 

properties do not have dominant neighbourhood cluster.  

 

Figure 5. Dominant micro-neighbourhoods of the inhabited hectare cells at the final stage 

 
Notes: This figure shows dominant micro-clusters of each hectare cell for exactly the same location in Figure 
1. Therefore, each colour shows clusters of hectare cells in which a micro-cluster is dominant. 

 

3.4.2. Comparison with municipality and postal districts 

A relevant question is what are the advantages of the constructed neighbourhoods relative to other 

definitions of neighbourhoods, such as municipalities and postal districts? To answer this question, 

firstly, to have neighbourhoods with the highest possibility of social interactions among the 

inhabitants, we have constructed the neighbourhoods based on proximity of housing units, physical 

barriers, and homogeneity in terms of housing and ownership type. However, municipalities and 
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postal districts are defined for administrative purposes and vary substantially in terms of the 

mentioned criteria across municipalities and postal districts. Secondly, Appendix Table A4 compares 

the number of housing units and inhabitants in municipalities, postal districts, and the constructed 

micro- and macro-clusters in 1986, 2000, and 2015. For brevity, we compare characteristics of these 

neighbourhoods in 2015; however, the same story holds for other years.  On average, there were 

26,632 housing units and 57,168 inhabitants in each municipality (medians of 17,885 and 42,601, 

respectively) with standard deviations that are (about) equal to the means. However, looking at 

minimums and maximums reveals very high variations in the number of housing units and inhabitants 

across municipalities, which documents that municipalities are heterogeneous in terms of the number 

of housing units and inhabitants. Furthermore, postal districts are even more heterogeneous in terms 

of number of housing units and inhabitants. Comparing means and standard deviations reveals that 

the standard deviation in the number of housing units and inhabitants is twice as large as the mean at 

postal district level. Besides, differences between minimum and maximum number of housing units 

(inhabitants) are significant. While there were postal districts with less than 10 housing units and 

inhabitants, there was a postal district with 60,665 housing units and 92,537 inhabitants in 2015. 

 

Figure 6. Dominant macro-neighbourhoods of hectare cells at the final stage 

 
Notes: This figure shows dominant macro-clusters of each hectare cell for exactly the same location in Figure 
2. Therefore, each colour shows clusters of hectare cells in which a macro-cluster is dominant. 

 

In contrast, variations in the number of housing units and inhabitants at micro- and macro-

cluster levels are less than the halves of the means. Additionally, minimums and maximums are 

moderately different from each other. That is, there is no micro- (macro-) cluster with less than 150 

(600) households, and the number of housing units varies between 150 and 2,432 (614 and 4,888). 
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Besides, important features like distances between housing units, physical barriers, housing types, 

and ownership types, which can decrease interactions among inhabitants of a neighbourhood, are 

systematically considered in clustering housing units.  

As a result, because of heterogeneity in the number of housing units and inhabitants at 

municipality and postal district levels, conducting studies about ethnic and socioeconomic 

segregation at these levels can be misleading. In other words, it is hard to say that the small magnitude 

of the segregation index is due to the small number of minorities that are evenly distributed across 

the municipality or postal districts, despite concentration of minorities in specific neighbourhoods, 

the large sizes of municipalities or postal districts underestimate the real magnitude of residential 

segregation (Damm and Schultz-Nielsen, 2008).  

 

3.4.3. Comparison with the first version of clusters 

Our current neighbourhood clusters have at least four advantages relative to the first version of 

neighbourhoods constructed by Damm and Schultz-Nielsen (2008). Firstly, instead of using hectare 

cells, current neighbourhoods benefit from the Thiessen polygon approach and consider boundaries 

of each inhabited housing unit for clustering. This approach would help us to put any kind of 

administrative definition aside and consider boundaries of properties and physical barriers as 

boundaries of neighbourhoods. Secondly, we use all the occupied housing addresses during 31 years 

(1986-2016) rather than two years of 1985 and 2004 to make sure that all clusters respect the imposed 

minimums by Statistics Denmark across several years, and boundaries of neighbourhood are well 

defined for such a long period. In other words, we assign cluster ID for each housing unit that we 

observe in the population register (i.e. inhabited housing unit) at least once during 1986-2016. It is 

also possible for us to assign cluster ID to new residential properties in the future by using hectare 

cell information of those housing units. Thirdly, we identify the neighbourhood for almost 100% of 

the housing units in all calendar years over the 1986-2016 period, whereas Damm and Schultz-

Nielsen (2008) have a problem of identifying the neighbourhood for historical addresses. Finally, the 

current neighbourhood clusters update the first version through considering the physical barriers in 

2015 and including railways as another physical barrier in the clustering procedure.  

Appendix Table A5 compares the first and current versions of micro- and macro-

neighbourhoods in terms of the number of housing units, inhabitants, and size in 198610 and 2004. 

To begin with, the current version clusters 459,497 inhabited hectare cells of Denmark into 8,359 

                                                            
10 Since the start year of clustering in the first version was 1985, we compare characteristics of the first version in 1985 
with the characteristics of the current version in 1986. 
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micro- and 1,961 macro-clusters, while the first version clustered 431,233 inhabited hectare cells into 

9,086 micro- and 2,295 macro-clusters. The increase in the number of inhabited hectare cells is due 

to new constructions in years after 2004, as well as not considering inhabited housing units during 

1985-2004 in the first version. Perhaps, there were some unoccupied housings in 2004, which were 

occupied in other years. Because of decrease in the number of neighbourhood clusters, we expect the 

current neighbourhoods to be larger than in the first version. For example, on average, there were 296 

housing units and 642 inhabitants in each current micro-clusters in 2004, while those numbers were 

272 and 555 in the first version of micro-clusters, respectively. Besides, the average number of 

hectare cells in the current version of micro-clusters is marginally larger than that average in the first 

version of micro-clusters (48.9 vs. 47.5). However, comparing the ratio of standard deviations relative 

to means reveals that the variations in the number of housing addresses, inhabitants, and size in the 

current micro-clusters are slightly smaller than in the first version. The same story holds for macro-

neighbourhoods in the second panel of Appendix Table A5. Therefore, the current neighbourhood 

clusters are marginally more homogeneous than the first version of neighbourhoods in the mentioned 

terms.  

Finally, according to the last two rows of Appendix Table A5, the number of micro-clusters in 

each macro-cluster is slightly higher in the current version relative to the first version of 

neighbourhood clusters (4.2 vs. 4.0). Since the decrease in the number of macro-clusters (from 2,295 

to 1,961) is greater than the decrease in the number of micro-clusters (from 9,086 to 8,359) in the 

current the version of neighbourhood clusters, the higher number of micro-clusters in each macro-

cluster in the current version is as expected.  

 

3.4.4. Comparison with US census blocks and block groups11 

As mentioned in Section 3.B, the criteria that we use to construct neighbourhoods through clustering 

housing addresses are similar to those used by the US Census Bureau to define Census blocks and 

Block groups.  

Census blocks are relatively small and permanent geographical entities within counties. 

Boundaries of census blocks follow visible features and governmental boundaries. Census blocks are 

also relatively homogeneous in terms of the population characteristics, economic status, and living 

conditions of inhabitants. The optimum number of inhabitants in each census block is 4,000 persons. 

Census blocks, in turn, are divided into Block groups with an average population of 600 to 3,000 

                                                            
11 All of the definitions are from “Geographical Areas Reference Manual” section of United States Census Bureau 
website: https://www.census.gov/geo/reference/ 
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persons. Block groups are formed from the smallest geographical units, which are Census blocks. 

Census blocks are defined using visible features (streets, roads, railways, etc.) and non-visible 

boundaries (school districts, counties’ limits, etc.). For the 2010 Census, more than 11 million census 

blocks were identified in the US, among those, (about) 4.8 million census blocks were uninhabited. 

As a result, the number of inhabitants vary based on the location of census blocks: urban or rural area.  

In terms of the average number of inhabitants, the constructed micro-clusters in Denmark 

compare with the US census blocks. Additionally, the constructed Danish macro-clusters are 

comparable to the US block groups.  

 

4. RELEVANCE OF NEIGHBOURHOODS FOR MEASUREMENT OF SEGREGATION AND MEASUREMENT 

OF THE EFFECTS OF INTERVENTIONS INTO SOCIALLY DEPRIVED NEIGHBOURHOODS  

According to the Public housing Act, the Ministry of Transport, Building, and Housing has published 

annual lists of ‘ghettos’ (their term for socially deprived neighbourhoods) since 2010. In order to 

define an area as a ghetto, the Ministry considers different ethnic and socioeconomic characteristics 

of neighbourhoods. These characteristics and their thresholds are subject to change over time, and in 

2018 the Danish Government introduced a definition of socially deprived neighbourhoods and started 

to reserve the term ‘ghetto area’ for socially deprived neighbourhoods that have at least 50% non-

Western immigrants and descendants. Since 1st December 2018, the Ministry defines socially 

deprived neighbourhoods and ‘ghetto areas’ on the basis of the following five criteria that apply only 

to physically adjacent housing units owned by public housing associations, which have at least 1,000 

residents (Lov nr. 1322 af 27/11/2018: Lov om ændring af af lov om almene boliger m.v., lov om leje 

af almene boliger og lov om leje, Section 61 a): 

1. The proportion of residents aged 18-64 years, who are neither attached to the labour market 

nor enrolled in education, exceeds 40 per cent, calculated as an average across the latest two 

years. 

2. The share of persons convicted for violations of the Penal Code, the Weapons Act or the Drugs 

Act constitutes at least three times the national average, calculated as the average across the 

latest two years. 

3. The proportion of residents aged 30-59, who only have primary education, exceeds 60 per 

cent.12  

                                                            
12 Since 2018, only education taken or approved in Denmark is included. The information on educational attainment can 
therefore be drawn without measurement error from the Education administrative register. Presumably due to disregard 
of education obtained abroad since 2018, the Ministry has increased the threshold from 50 to 60 per cent compared to the 
definition for 2017. 
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4. The average gross income of taxable residents between the ages of 15 and 64, excluding 

residents enrolled in education, constitutes less than 55 per cent of the average gross income 

for the same group in the region. 

5. The proportion of immigrants and descendants from non-Western countries exceeds 50 per 

cent. 

A ‘socially deprived area’ meets at least two of criteria 1-4. A ‘ghetto area’ meets at least two of 

criteria 1-4 and additionally criteria 5. Finally, a ‘hard ghetto area’ is an area which has been a ‘ghetto 

area’ for the latest 4 years (exception for the years 2018-2020: for the latest 5 years).  According to 

these definitions, there were 43 “socially deprived areas” in 2018 (Ministry of Transport, Building, 

and Housing, “Liste over udsatte boligområder pr. 1. december 2018”, Notat 2018). Of these, 29 were 

‘ghetto areas’; of the 29 “ghetto areas”, 15 were “hard ghetto areas” (Ministry of Transport, Building, 

and Housing, “Liste over ghettoområder pr. 1. december 2018”, Notat 2018). 

Irrespective of the definitions, public housing associations on the ghetto lists are eligible for large 

amounts of funds from ‘Landsbyggefonden’ for social programs for their tenants and physical 

improvements of the neighbourhoods in order to improve the socioeconomic mix in the 

neighbourhoods. In the latest ‘ghettopakke’ proposed by the Danish Government in the spring 2018, 

DKK 12 billion (about USD 1.8 billion) will be allocated for improving the socioeconomic mix in 

the socially deprived areas through demolition of public housing units and construction (conversion 

of public housing) of (to) owner-occupied properties during the 2019-2026 period (Regeringen, 

2018). Moreover, public housing associations are required to decrease the share of public housing 

units for families in “hard ghetto areas” to 40% before 2030.13  

As a result of policies to improve the socioeconomic mix in the socially deprived 

neighbourhoods, a group of residents of such neighbourhoods should move into other 

neighbourhoods. However, since the Ministry computes the mentioned measures in areas with 

adjacent public housing projects and excludes the rest of neighbourhoods and their residents from its 

analyses, the spill-over effects of such policies on other neighbourhoods are not detectable. In other 

words, perhaps the policy of dispersing tenants of public housing units into other neighbourhoods just 

displaces the deprivation from one neighbourhood to other neighbourhoods that are not under 

consideration of the Ministry. To evaluate the success rates of such policies, one should use well-

defined residential neighbourhoods such as ours rather than the targeted areas. Those neighbourhoods 

should be homogenous in terms of housing and ownership types, and size (area and the number of 

inhabitants). Additionally, to make comparisons of neighbourhoods across years possible, boundaries 

of those neighbourhoods should not change over times. 

                                                            
13 Trafikstyrelsen 2018; Transport, Bygnings- og Boligministeriet 2018; Lov nr. 1322 af 27/11/2018: Lov om ændring af 
lov om almene boliger m.v., lov om leje af almene boliger og lov om leje, Section 168 a. 
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Table 8 presents characteristics of 16 socially deprived neighbourhoods (among those, 7 

neighbourhoods were on the list of hard ghetto areas) in four municipalities of Copenhagen, Aarhus, 

Odense, and Høje-Taastrup based on the latest definition by the Ministry in December 2018. Besides, 

Figures 7 to 10 project those socially deprived neighbourhoods (in each of the four municipalities) 

and our constructed micro-neighbourhoods on maps. For instance, Figure 7 shows the location of the 

7 socially deprived neighbourhoods in Copenhagen in 2018. As this figure illustrates, our micro-

neighbourhoods cover not only all those neighbourhoods, but also the rest of the residential areas of 

Copenhagen. The same argument holds for all the inhabited land of Denmark. Therefore, it is possible 

for us to investigate how all the residential areas of Denmark (that are divided into micro- and macro-

neighbourhoods) are characterised in terms of ethnic and socioeconomic composition over time. 

Moreover, while each of the considered neighbourhoods by the Ministry consists of blocks of public 

housing buildings and, hence, is large in terms of area and number of residents14, our constructed 

neighbourhoods are homogenous in terms of housing type, ownership and number of inhabitants. 

That is, each of the socially deprived neighbourhoods consists of two to six micro-neighbourhoods. 

Consequently, we can compute characteristics of socially deprived neighbourhoods (and other areas) 

with more precision.   

As discussed in this paper, our constructed neighbourhoods respect the required characteristics 

that one needs to evaluate the degree of success of polices that try to improve the socioeconomic mix 

in the socially deprived areas. Additionally, the constructed neighbourhood clusters are linked to the 

population register in a way that residential neighbourhoods for 99.53% of residents of Denmark 

during 1986-2016 are identifiable. It is also possible to link the population register to the employment, 

income, and education registers with 100% precision. As a result, we can compute different ethnic 

and socioeconomic characteristics of each micro- and macro-neighbourhood across 31 years. In order 

to have consistent measures, one can use the same ethnic and socioeconomic characteristics that the 

Ministry uses to define minority groups in its definition of socially deprived neighbourhoods. 

Using the well-known Isolation and Dissimilarity indices and the computed ethnic and 

socioeconomic characteristics for each neighbourhood and across years, one can calculate the level 

of residential segregation of ethnic and socioeconomic groups, using either micro- or macro-

neighbourhoods during 1986-2016. Moreover, since the dominant neighbourhood for each of the 

inhabited hectare cells of Denmark is available, it is possible to link the newly constructed residential 

properties (after 2016) to the neighbourhood clusters using the hectare cell information of those new 

constructions. Therefore, one can use the extended versions of the neighbourhood clusters for 

analyses in years after 2016.

                                                            
14 As an example, the number of residents in socially deprived neighbourhoods of Copenhagen vary between 1,034 and 
6,526 persons. 
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Table 8. Characteristics of the socially deprived areas in 4 Danish municipalities based on the Ministry of Transport, Building, and Housing report in 2018 

Municipality Area 

Number of 
residents 

Unrelated to 
labour market 

(%) 

Non-Western 
immig./Desc. 

(%) 

Criminals 
(%) 

Primary 
education (%) 

Gross 
income (%) 

>=1000 > 40% >50% ≥1.98% >60% <55% 

1 Jan 2018 2016 – 2017 1 Jan 2018 2016 – 2017 1 Jan 2018 2017 

Copenhagen 

Lundtoftegade  1,541 35.0 55.5 2.73 62.3 56.5 

Aldersrogade  2,231 34.3 71.2 1.6 66.0 53.5 

Mjølnerparken  1,694 41.9 82.6 2.16 77.4 49.9 

Gadelandet/Husumgård  1,034 30.9 68.4 1.88 71.8 54.1 

Tingbjerg/Utterslevhuse  6,526 27.6 73.1 1.83 76.3 51.4 

Bispeparken  1,567 31.4 59.1 2.91 62.2 53.5 

Hørgården  1,591 33.4 51.8 2.28 61.6 57.6 

Aarhus 

Bispehaven  2,215 48.1 67.6 2.18 74.5 56.1 

Skovgårdsparken  1,442 41.9 69.7 1.74 65.4 60.3 

Gellerupparken/Toveshøj  5,614 52.5 79.4 2.93 83.6 53.5 

Odense 

Solbakken mv.  1,324 42.5 52.4 2.25 65.3 56.3 

Korsløkkeparken Øst  1,899 46.5 62.6 1.66 66.4 60.9 

Vollsmose  7,763 52.2 76.0 2.74 78.8 53.0 

Høje-Taastrup 

Tåstrupgård  2,448 28.7 64.5 1.78 83.5 53.0 

Charlotteager  1,753 35.6 53.6 1.99 70.2 57.1 

Gadehavegård  2,186 39.4 56.5 1.86 72.5 54.8 

Notes: This table is extracted from the Ministry of Transport, Building, and Housing’s report on 1st December 2018, and shows different characteristics of “ghetto areas” in 
five municipalities of Copenhagen, Aarhus, Odense, and Høje-Taastrup. Besides, “hard ghetto areas” are highlighted. 
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Figure 7. Socially deprived neighbourhoods in Copenhagen in 2018 

 

Notes: This figure shows socially deprived neighbourhoods (ghetto areas) in Copenhagen based 
on the Ministry of Transport, Building, and Housing’s report in December 2018 (Table 8 of 
this paper), as well as the dominant micro-neighbourhood of each hectare cell. Boundaries of 
socially deprived neighbourhoods are determined by red colour. Each colour shows clusters of 
hectare cells in which a micro-cluster is dominant.  

 
 

Figure 8. Socially deprived neighbourhoods in Aarhus in 2018 

 
Notes: This figure shows socially deprived neighbourhoods (ghetto areas) in Aarhus based on the 
Ministry of Transport, Building, and Housing’s report in December 2018 (Table 8 of this paper), 
as well as the dominant micro-neighbourhood of each hectare cell. Boundaries of socially 
deprived neighbourhoods are determined by red colour. Each colour shows clusters of hectare 
cells in which a micro-cluster is dominant. 
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Figure 9. Socially deprived neighbourhoods in Odense in 2018 

 

Notes: This figure shows socially deprived neighbourhoods (ghetto areas) in Odense based on the 
Ministry of Transport, Building, and Housing’s report in December 2018 (Table 8 of this paper), as 
well as the dominant micro-neighbourhood of each hectare cell. Boundaries of socially deprived 
neighbourhoods are determined by red colour. Each colour shows clusters of hectare cells in which 
a micro-cluster is dominant. 

 

 

Figure 10. Socially deprived neighbourhoods in Høje-Taastrup in 2018 

 

Notes: This figure shows socially deprived neighbourhoods (ghetto areas) in Høje-Taastrup based on the 
Ministry of Transport, Building, and Housing’s report in December 2018 (Table 8 of this paper), as well 
as the dominant micro-neighbourhood of each hectare cell. Boundaries of socially deprived 
neighbourhoods are determined by red colour. Each colour shows clusters of hectare cells in which a 
micro-cluster is dominant. 
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5. CONCLUSIONS 

By clustering housing units, we have constructed residential neighbourhoods for Denmark with 

unaltered boundaries over the 1986-2016 period at two levels: 8,359 micro- and 1,961 macro-clusters. 

In terms of number of inhabitants, our macro-clusters compare to US census block groups while our 

micro-clusters are comparable with US census blocks. Our macro-clusters are homogeneous in terms 

of number of micro-clusters; each macro-cluster consists of on average 4 micro-clusters. Moreover, 

both micro- and macro-clusters are homogeneous in terms of number of inhabitants and housing units 

and less so in terms of area. They are substantially smaller and more homogeneous in terms of number 

of inhabitants and housing units than existing administrative geographical units like municipalities 

and postal districts and delineated by natural borders and major roads and railways. 

They are superior to the measures of residential neighbourhoods constructed by Damm and 

Schultz-Nielsen (2008) for the 1985-2004 period, most importantly because our residential 

neighbourhoods are unaltered over the 1986-2016 period, but also because they are more 

homogeneous in terms of number of inhabitants and housing units and allow us to assign 

neighbourhood of residence ID for almost 100% of the inhabited housing addresses in the Population 

register. However, the longer period of coverage comes at the cost of being slightly larger.  

There were in total 459,497 inhabited hectare cells during 1986-2016, 91% of which belong 

entirely to one micro-cluster. Our micro-clusters are appropriate for measurement of residential 

segregation over a 31 years period and the effects of public policies that aim at improving the social 

and ethnic mix in socially deprived neighbourhoods. Finally, our neighbourhood measures can be 

updated to cover a longer period.  
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Appendix Figures 
 
 

Figure A1. Frequency of the housing addresses without cluster ID by year 

 

Notes: This figure shows the number of housing units that are observed in the population register during 1986-2016 but do 
not have cluster ID. Sources are own calculations based on data from Statistics Denmark and firm Geomatic. 

 
 

Figure A2. Frequency of the housing addresses without cluster ID by municipality 

 

Notes: This figure shows the unique number of housing units in each of the four municipalities of Copenhagen, Aarhus, 
Odense, Aalborg, and the rest of municipalities (94 municipalities) that are observed in the population register during 1986-
2016 but do not have cluster ID. Sources are own calculations based on data from Statistics Denmark and firm Geomatic. 
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Figure A3. Frequency of the housing addresses without cluster ID by housing type 

 

Notes: This figure categorizes housing units that are observed in the population register during 1986-2016 but do 
not have cluster ID (unique housing addresses) based on housing types. Sources are own calculations based on data 
from Statistics Denmark and firm Geomatic. 

 
 

Figure A4. Frequency of the housing addresses without cluster ID by ownership type 

 

Notes: This figure categorizes housing units that are observed in the population register during 1986-2016 but do 
not have cluster ID (unique housing addresses) based on ownership types. Sources are own calculations based on 
data from Statistics Denmark and firm Geomatic. 
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Appendix Tables 
 
 

Table A1. Individuals and addresses with and without cluster ID in the population register 

 Housing addresses Inhabitants 

 Number Unique Number Number Unique Number 

Total 75,711,527 3,168,283 165,949,732 7,970,834 

With cluster ID 
75,479,083 

Success: 99.69% 
3,133,661 

Success: 98.91% 
165,177,102 

Success: 99.53% 
7,956,967 

Success: 99.82% 

Without cluster ID 232,444 34,622 772,630 283,377 

Notes: This table shows the observed housing addresses and persons in the population register during 19896-
2016 with and without cluster ID. The sources of this table are own calculations based on data from housing 
register, population register, hectare cell information of housing units, the constructed neighbourhood clusters, 
and information from firm Geomatic. “Number” represents each housing unit-year or person-year in the 
Population register. “Unique Number” reports each housing address or person in the population register once 
rather than several times over 1986-2016. These observations are divided into two categories. First, a group 
with cluster ID (i.e. identified neighbourhood). Second, a group without cluster ID (unidentified 
neighbourhood).  

 
 
 
 

Table A2. Distribution of the number of micro-clusters in each hectare cell after final stage 

Year 
Percentiles All 

5% 25% 50% 75% 95% Mean Std. dev. Min. Max. Number 

1986 1 1 1 1 2 1.08 0.311 1 6 387,448 

2000 1 1 1 1 2 1.09 0.315 1 6 407,852 

2015 1 1 1 1 2 1.09 0.316 1 6 422,049 

Notes: This table shows the number of observed micro-clusters in each of the inhabited hectare cells 
(alternatively, the number of micro-clusters that share an inhabited hectare cells with each other). The sources 
of this table are own calculations based on data from housing register, population register, hectare cell 
information of housing units, the constructed neighbourhood clusters, information from firm Geomatic. 
“Percentile” columns show the number of micro-clusters in each hectare cell at 5-95 percentile rank.  “All” 
columns use all of the clusters to compute average, standard deviation, minimum, and maximum of the number 
of micro-clusters in each hectare cell. 
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Table A3. Number of micro-clusters in each hectare cell after final stage 

 1 2 3 4 5 6 Total 

1986 355,350 29,595 2,290 194 18 1 387,448 

2000 373,180 31,991 2,456 205 19 1 407,852 

2015 385,797 33,476 2,551 205 19 1 422,049 

Average 
(1986 – 2016) 422,031 34,606 2,627 213 19 1 459,497 

Notes: This table shows the number of the inhabited hectare cells with 1 to 6 observed micro-cluster(s) in 1986, 
2000, and 2015 (alternatively, the number hectare cells that belong to 1 to 6 micro-cluster(s)). The sources of 
this table are own calculations based on data from housing register, population register, hectare cell information 
of housing units, the constructed neighbourhood clusters, information from firm Geomatic. “Average (1986-
2016)” shows average number of the inhabited hectare cells with 1 to 6 micro-cluster(s) during 1986-2016.  
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Table A4. Municipalities, Postal Districts, and the final Neighbourhood clusters 

 
Year Type of 

neighbourhood 

Percentiles All 
 

5% 25% 50% 75% 95% Mean 
Std. 
dev. 

Min. Max. Number 
 

H
ou

si
n

g 
ad

d
re

ss
es

 

1986 

Municipality 7,725 10,906 15,742 24,069 48,359 22,206 29,921 46 270,927 99 

Postal districts 9 78 473 1,734 9,068 1,970 4,315 <10 44,550 1,030 

Micro-clusters 167 197 246 310 408 260 77 150 853 8,350 

Macro-clusters 698 870 1,069 1,316 1,662 1,109 297 606 2,067 1,960 

2000 

Municipality 3,770 12,406 17,885 26,340 52,133 24,627 31,257 44 274,981 99 

Postal districts 10 86 543 2,153 10,927 2,355 5,125 <10 52,287 1,022 

Micro-clusters 172 214 271 343 468 290 101 152 1,595 8,359 

Macro-clusters 754 955 1,174 1,476 1,900 1,240 375 621 4,208 1,961 

2015 

Municipality 3,459 12,406 17,885 26,340 55,060 26,632 33,754 39 289,609 99 

Postal districts 13 92 589 2,435 11,716 2,549 5,447 <10 60,665 1,034 

Micro-clusters 172 221 287 368 548 315 140 150 2,432 8,359 

Macro-clusters 771 996 1,248 1,611 2,178 1,343 470 614 4,888 1,961 

In
h

ab
it

an
ts

 

1986 

Municipality 8,354 27,377 39,604 56,587 111,858 51,649 55,473 121 472,138 99 

Postal districts 16 149 1,117 4,671 21,144 4,705 9,313 <10 80,318 1,030 

Micro-clusters 328 472 571 718 979 606 197 167 1,560 8,359 

Macro-clusters 1,421 1,947 2,447 3,100 4,189 2,582 837 944 5,331 1,961 

2000 

Municipality 7,394 28,258 41,846 59,474 115,117 53,781 58,853 99 494,221 99 

Postal districts 20 161 1,267 5,095 23,929 5,151 10,307 <10 92,537 1,022 

Micro-clusters 328 472 585 751 1,067 634 241 169 3,356 8,359 

Macro-clusters 1,454 2,005 2,505 3,262 4,532 2,702 959 907 10,697 1,961 

2015 

Municipality 6,276 29,030 42,601 59,285 115,446 57,168 68,250 91 580,184 99 

Postal districts 27 195 1,309 5,602 25,010 5,461 11,091 <10 120,080 1,034 

Micro-clusters 336 475 605 789 1,218 674 322 176 5,673 8,359 

Macro-clusters 1,503 2,058 2,636 3,472 4,929 2,876 1,133 868 11,440 1,961 

Notes: This table compares municipalities, postal districts, micro-clusters, and macro-clusters in terms of the number of 
housing units and the number of inhabitants in 1986, 2000, and 2015. The sources of this table are own calculations based 
on data from housing register, population register, hectare cell information of housing units, the constructed neighbourhood 
clusters, information from firm Geomatic. “Percentile” columns show the characteristics at 5-95 percentile rank. “All” 
columns use all of the neighbourhoods (municipality, postal district, micro-, or macro-neighbourhood) to compute average, 
standard deviation, minimum, and maximum of the number of micro-clusters in each hectare cell. 
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Table A5. Comparing the first and the current version of neighbourhoods in 1985 and 2004 

 
Year Version 

Percentiles All 

5% 25% 50% 75% 95% Mean 
Std. 
dev. 

Number 

Micro-clusters         

Housing 
addresses 

1985 First 158 180 217 272 366 234.9 73.9 9,086 

19861 Current 167 197 246 310 408 260.4 77.2 8,350 

2004 
First 163 196 245 313 474 272.7 115.0 9,086 

Current 172 217 276 349 485 296.3 108.3 8,359 

Inhabitants 

1985 First 289 409 513 653 949 555.6 220.1 9,086 

1986 Current 328 472 571 718 979 606.1 197.8 8,350 

2004 
First 289 411 526 700 1,114 592.2 285.5 9,086 

Current 329 473 590 759 1,097 642.3 254.7 8,359 

Size (in hectare) 
First 2 6 22 58 190 47.5 64.6 9,086 

Current 2 9 26 63 179 48.9 57.7 8,359 

Macro-clusters         

Housing 
addresses 

1985 First 631 712 859 1,072 1,460 929.9 293.4 2,295 

1986 Current 698 870 1,069 1,316 1,662 1,109.6 297.0 1,960 

2004 
First 653 798 985 1,237 1,831 1,079.7 396.2 2,295 

Current 759 964 1,188 1,511 1,954 1,263.2 394.1 1,961 

Inhabitants 

1985 First 1,160 1,583 1,994 2,608 3,878 2,200.0 904.2 2,295 

1986 Current 1,421.5 1,947 2,447.5 3,100 4,189 2,582.2 837.7 1,960 

2004 
First 1,180 1,618 2,090 2,807 4,310 2,344.5 1,039.0 2,295 

Current 1,454 2,012 2,534 3,299 4,607 2,737.8 994.8 1,961 

Size (in hectare) 
First 7 27 88 268 668 187.9 236.6 2,295 

Current 10 43 121 338 624 207.9 207.2 1,961 

Micro-clusters in 
each macro-cluster 

First 3 3 4 5 6 4.0 1.3 2,295 

Current 3 4 4 5 7 4.26 1.28 1,961 

Notes: This table compares characteristics of the current neighbourhood clusters with the characteristics of the 
constructed neighbourhoods by Damm and Schultz-Nielsen (2008)—called “First” version—in 1985/1986, and 
2004. Data sources for the current version are from own calculations based on data from housing register, 
population register, hectare cell information of housing units, the constructed neighbourhood clusters, information 
from firm Geomatic. Data source for the “First” version is from Tables 2 and 3 of Damm and Schultz-Nielsen. 
The current version of clusters covers 31 years from 1986 to 2016, while the first version includes two years of 
1985 and 2004. Therefore, we compare neighbourhood characteristics of the current version in 1986 with 
neighbourhood characteristics of the first version in 1985. However, we can compare characteristics of two 
versions of neighbourhoods in 2004. “Percentile” columns show the characteristics at 5-95 percentile rank. “All” 
columns use all of the neighbourhood clusters to compute average and standard deviation. 

  
 

 



 

 

 

 

 

 

Chapter 2 
 

  Residential Segregation in 
Denmark during 1986-2016 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 



Residential Segregation in Denmark during 1986-2016* 

 

Anna Piil Damm† Ahmad Hassani‡    Marie Louise Schultz-Nielsen§ 
 

 

Abstract: The aim of this study is to measure residential segregation of socioeconomic and ethnic 

groups in Denmark over 31 years (1986-2016). We conduct the analyses at two geographic levels 

called micro- and macro-neighbourhoods, which are clusters of adjacent housing units, delineated by 

physical barriers, homogenous in terms of housing type and house ownership, compact, with 

unchanged boundaries over the period of analysis. Micro-neighbourhoods consists of at least 150 

housing units (median of 270 and standard deviation of 110). Macro-neighbourhoods are constituted 

by on average four micro-neighbourhoods, respect the boundaries of micro-neighbourhoods and have 

at least 600 housing units (median of 1,173 and standard deviation of 394). We calculate Dissimilarity 

and Isolation indices to measure two dimensions of residential segregation: evenness and exposure. 

At the micro-neighbourhood level and using the D-index, we find moderate and increasing levels of 

residential segregation by income, while residential segregation of low-educated, inactive and 

employed persons has remained low. By contrast, we find initially high residential segregation of 

non-Western immigrants and descendants but it has declined by around 20 percentage points to reach 

a moderate level. Results from regression analysis suggest that a more even distribution of public 

housing units across neighbourhoods within municipalities can explain around 14% of the decline in 

residential segregation of non-Western immigrants and descendants.   
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Keywords: Residential segregation, Socioeconomic characteristics, Public housing, Residential 

neighbourhoods.  
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1. INTRODUCTION 

Local differences in the provision of public goods create a natural tendency for residential 

segregation by income (Tiebout, 1956). If households are geographically mobile within a local 

commuting area, have knowledge about local differences in the provision of public goods and 

revenues and the marginal willingness to pay for local public goods increases with income, high-

income groups will tend to outbid lower income groups for housing in locations with high levels 

of public services resulting in residential segregation of income groups. Tiebout (1956) argues 

that local differences in the provision of public goods leads to an efficient provision of local public 

goods. However, post-Tiebout models have shown that this is only the case under extreme 

assumptions (Hamilton, 1975; Yinger, 1982; Brueckner, 1982).  

When social ties between neighbours exist, residential segregation of income groups may 

create neighbourhood effects that exist if the initial action (good or bad) of one person in the 

neighbourhood affects the behaviour of neighbours whose behaviour then influence their contacts 

in the neighbourhood.1 Hence, the initial action may then include a social multiplier that increases 

the overall effect of the initial action greatly. Neighbourhood effects may operate through 

information spill-overs (e.g. about legal and illegal income opportunities, for theoretical evidence 

see Granovetter, 1973, 1983; Banerjee, 1992, Bikhchandani, Hirshleifer, and Welch, 1992), role 

model effects (Coleman, 1966; Wilson, 1987; Akerlof, 1980, 1997; Coleman, 1988; Bernheim, 

1994), cooperation and complementarities in production and consumption (Fujita and Ogawa, 

1982; Fujita, 1989; Lucas, 2001; Calvó-Armengol and Zenou, 2004; Ballester et al. 2006), and 

public goods in the network (Bramoullé and Kranton, 2007). 

Observational data studies suggest that neighbourhood effects exist and are substantial for 

schooling and risky-behaviour of youth (Case and Katz, 1991; Brooks-Gunn, Duncan, Klebanov, 

and Sealand, 1993; Glaeser, Sacerdote, and Scheinkman, 1996) and employment outcomes of 

adults (Bayer, Ross, and Topa, 2008; Hellerstein, McInerney, and Neumark, 2011; Hellerstein, 

Kutzbach, and Neumark, 2014; Schmutte, 2015). However, few empirical studies have 

convincingly identified (endogenous) neighbourhood effects.2 Experimental studies on 

neighbourhood effects (e.g. the Moving-to-Opportunity Experiment in five US cities) find no 

treatment effects on adult economic outcomes but significant and positive treatment effects on 

adult mental health outcomes (e.g. Katz, Kling, and Liebman, 2001; Kling, Liebman, and Katz, 

                                                            
1 Also referred to as endogenous peer effects following Manski (1993). 
2 As first noted by Manski (1993), in the standard linear-in-means model in which it is assumed that networks are 
closed rather than overlap, it is not possible to disentangle the endogenous peer effect from the exogenous contextual 
effect, i.e. that individuals who belong to the same group behave in the same way because they share the same 
individual characteristics. A further identification challenge arises in case of endogenous network formation. In that 
case, individuals who belong to the same group tend to behave similarly, because of their common individual 
unobserved characteristics (correlated effect). 
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2007; Clampet-Lundquist and Massey, 2008; Ludwig, Duncan, Gennetian, Katz, Kessler, Kling, 

and Sanbonmatsu, 2013). Moreover, the MTO evaluations find two interesting dichotomies for 

youths. First, they find positive effects on mental health and risky behaviour for female youths 

but negative for male youths. Second, using tax records, Chetty, Hendren, and Katz (2016) find 

that moving to a lower-poverty neighbourhood when young (before age 13) increases college 

attendance and earnings and reduces single parenthood rates, while moving as an adolescent has 

slightly negative impacts, perhaps because of disruption effects.3 Studies that exploit natural 

variation in neighbourhood of residence and rely on network theory to take into account within 

neighbourhood network formation according to the homophily principle suggest that 

neighbourhood effects on educational outcomes of children and risky behaviour of boys are 

substantive (Åslund, Edin, Fredriksson, and Grönqvist, 2011; Damm and Dustmann, 2014).4 5 

Due to neighbourhood effects, residential segregation by income increase gaps in socioeconomic 

outcomes between high- and low-income groups and – in case of endogenous peer effects – 

escalate social problems. 

Another natural tendency regarding residential segregation is residential segregation of 

immigrants. New immigrants tend to settle in cities, and within those, new immigrants tend to 

settle into locations with established immigrant and co-ethnic networks. This is partly because of 

chain migration (Kobrin and Speare, 1983) and preferences for ethnic goods (Chiswick and 

Miller, 2005) and ethnic networks (Kobrin and Speare, 1983; Bartel, 1989; Castles and Miller, 

1993, Massey, Goldring and Durand, 1994; Pedraza and Rumbaut, 1996; Piore, 1979; Newbold, 

1999; Åslund, 2005; Damm, 2009a; Cutler, Glaeser and Vigdor 2008). However, it is also due to 

lack of knowledge about the host-country (Castles and Miller, 1993) and limited choice in the 

housing market. The limited choice has at least three origins. First, immigrants face discrimination 

in the housing market (Courant, 1978; Wienk, Reid, Simonsen, and Eggers, 1979; Turner, Struyk, 

and Yinger, 1991; Kiel and Zabel, 1996; Cutler, Glaeser, and Vigdor, 1999; Myers, 2004; Bosch, 

Carnero and Farré, 2010, Dias-Serrano and Raya, 2014). Second, in some host-countries, 

including Denmark, the legislation prevents recent immigrants from purchase of owner-occupied 

                                                            
3 Studies that exploit natural variation in neighbourhood of residence from public housing demolitions (Jacob, 2004) 
and assignment of families to different public housing projects according to a waiting-list (Oreopoulos, 2003) find 
no treatment effects on student outcomes and long-term economic outcomes of children and youth. 
4 Observational data studies that exploit overlapping networks for identification of endogenous neighbourhood effects 
and use the instrumental-variable strategy proposed by Bramoullé, Djebbari and Fortin (2009) find evidence of 
important neighbourhood effects for crime, education and in the labour market. See Lee (2007), Calvó-Armengol, 
Patacchini, and Zenou (2009), Lee, Liu, and Lin (2010), Lin (2010), Liu and Lee (2010), Pattachini and Zenou (2012a, 
2012b), Boucher, Bramoullé, Djebbari, and Fortin (2014). 
5 See Topa and Zenou (2015) for a recent review of network and neighbourhood effects. 
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housing.6 As a result, recent immigrants tend to live in rental housing, and in particular, in public 

housing (Damm 2009a), due to the lack of contacts necessary for getting a private-rental housing 

unit—the majority of which are rent-regulated.7 Third, neighbourhoods in which the share of 

ethnic minority members exceed a tipping point experience “white flight” (Schelling, 1971; 

Kollman, Marsiglio and Suardi, 2018). Previous analyses of residential segregation by ethnicity 

find that non-Western immigrants and descendants in Denmark live highly segregated, in fact as 

highly segregated as Blacks in the US when measured by the dissimilarity index (Damm, Schultz-

Nielsen and Tranæs, 2006). 

Quasi-experimental studies that exploit exogenous initial location assignment of refugees 

subject to a spatial dispersal policy, conditional on a few observed individual characteristics, find 

evidence of negative self-selection of immigrants into ethnic enclaves. Taking account of location 

sorting, settlement in an (established) ethnic enclave promotes labour market integration of (low-

skilled) immigrants (Edin, Fredriksson, and Åslund, 2003; Damm, 2009b, 2014; Beaman 2012), 

and increases school performance (Åslund, Edin, Fredriksson and Grönqvist, 2011) consistent 

with ethnic network effects facilitating recent immigrants’ adjustment to the host-country’s labour 

market. However, residential segregation of immigrants may have adverse effects on 

socioeconomic outcomes of immigrants in the long-run. Possible reasons include spatial 

mismatch between ethnic enclaves and jobs for which immigrants are qualified (Kain, 1968; Kain 

1992; Ihlanfeldt and Sjoqvist, 1998; Åslund, Ôsth and Zenou, 2009) and lack of contact with the 

majority population hampering informal job search and thereby lowering the return to education 

of minority members (Calvó-Armengol and Jackson, 2004).     

The pay-as-you-go system of the Nordic welfare states rely on an implicit social contract 

between generations, because individuals are net welfare recipients during childhood and 

retirement, and tax payers and net contributors during the working ages. Immigration may threaten 

political support for such a welfare system, in particular in the Nordic countries which are often 

recognized as having a (traditionally) homogenous population in terms of ethnicity, religion, 

culture, and language.8 Residential mixing of immigrants and natives may facilitate the creation 

of social ties between immigrants and natives to further social cohesion. Social cohesion may be 

decisive for the legitimation and continued existence of the modern welfare state in a globalized 

                                                            
6 The general rule is that non-EU citizens with less than 5 years of consecutive residence in Denmark have to obtain 
permission from the Danish Ministry of Justice for acquisition of real estate (http://um.dk/en/travel-and-
residence/family-and-legal-issues/real-property-purchase-in-denmark/). 
7 Private rental units in buildings built before 1992 are rent-regulated at the level of costs (Lejeloven and 
Boligreguleringsloven). 
8 See Dahlberg, Edmark and Lundqvist (2012) for quasi-experimental evidence that immigration reduces popular 
support for re-distribution and Dustmann, Vasiljeva and Damm (forthcoming) for quasi-experimental evidence that 
immigration increases political support for populist right-wing parties as well as centre-right parties in all but the 
most urban municipalities.  
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world. The reason is that social cohesion is expected to further solidarity between different groups 

within a society and thereby influence their willingness to trust other citizens and support them if 

they are in need of help. Residential settlement patterns are a central aspect of social cohesion, 

since people living in the same neighbourhood are more likely to interact with each other, have 

children in the same school, and generally take part in each other’s lives. 

In the absence of land use regulation, landowners will develop land for the most profitable 

use (Alonso, 1964; Mills, 1967, 1972; Muth 1969; Wheaton, 1974; Brueckner, 1987). However, 

local authorities can influence residential segregation of income groups both across and within 

municipalities through land use regulation (e.g. zoning and minimum lot size or floor area 

requirements). To counter-act the natural tendency for residential segregation by income, national 

and local authorities can use policies of re-distribution from rich to poor municipalities and 

households, as well as housing policies for low- and middle-income households, including rent-

regulation and provision of public housing. Such policies are common both in the US and Europe, 

including Denmark.  

An interesting difference between the US and the Nordic countries is that the latter countries 

are characterised by more income redistribution than the US. Taxes constitute around 45% of 

GDP in the Nordic countries compared to around 26% in the US (OECD 2015). The income 

inequality between households in the US was 0.482 in 2016-2017 (US Census Bureau, 2018) 

compared to around 0.29 in Denmark (Statistics Denmark, 2018). Since schools in the US are 

primarily financed by local property taxes, there is a strong link between local property values 

and school quality. By contrast, in Denmark, schools and other local public services are primarily 

financed by income taxes, and poor municipalities receive aid from rich municipalities according 

to a system of municipal equalization of local public spending, creating less variation in school 

quality across school districts than in the US. This is likely to be the main explanation for why 

previous studies find low levels of residential segregation of low-income households in the Nordic 

countries (Damm, Schultz-Nielsen and Tranæs, 2006) but moderate levels in the US (Massey, 

Rothwell and Domina, 2009).      

This study investigates empirically how residential segregation by socioeconomic and 

immigrant status has developed in one of the Nordic countries, Denmark, over a 31-year period 

(from 1986). A good analysis of the development in levels of residential segregation of income 

and ethnic groups requires reliable individual data at the neighbourhood level, instead of data at 

the level of large administrative spatial units. The reason is that administrative borders often 

change over time, and that larger spatial units tend to erase residential differences. Furthermore, 

it is crucial that the neighbourhood data incorporate the actual spatial area wherein people interact 

with each other, e.g. taking account of physical barriers like main roads. Fortunately, we have 
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such a dataset to our disposal as described in Damm, Hassani, and Schultz-Nielsen (2019). This 

data includes a persistent neighbourhood measure covering all housing units in the years 1986 to 

2016. This allows us to study residential segregation over three decades, thus expanding the 

observation period by 12 years compared to Damm, Schultz-Nielsen and Tranæs (2006). In 

particular, this expansion enables us to investigate how residential segregation has developed 

since the introduction of spatial dispersal of newly recognised refugees across municipalities in 

1986 (Damm 2005), during the housing market boom from around 20009 and until the Financial 

Crisis in 2007, as well as in the after-math of the Financial Crisis. It also allows us to study how 

residential segregation has developed after the Danish economy has been affected by the EU 

enlargement eastwards in 2004 leading to large influx of immigrant workers from the new EU 

countries since 2007 (Schultz-Nielsen, 2017). Finally, our observation period includes two major 

national reforms, including stricter immigration laws10 and reduction of the social 

assistance/insurance to unemployed workers11, which has increased households’ income 

inequality in Denmark.12  

Residential segregation of income is related to the spatial distribution of tenure types of 

housing (owner-occupied, private and public rental, and cooperative housing), since low-income 

groups may face credit constraints in house purchase, and since progressive income taxation in 

combination with deductible interests on mortgages creates financial incentives for high-income 

groups to be home-owners instead of renters (Brueckner, 1986; Goodman, 1988). In Denmark, 

local authorities are entitled to assign citizens with an acute housing need and social problems to 

every fourth vacant public housing unit; the remaining vacant public housing units are allocated 

on the basis of local waiting-lists.13 The spatial distribution of the public housing stock is therefore 

likely to be a key determinant of residential segregation of low-income groups. Due to the limited 

choice of immigrants in the housing market, the spatial distribution of public housing units is also 

likely to be an important determinant of residential segregation of immigrants. A final contribution 

of our study is that we investigate empirically how the concentration of public housing units across 

Danish neighbourhoods has developed since 1986 and provide suggestive evidence on how the 

                                                            
9 House prices in Denmark, in particular in the capital area and other cities, increased greatly from around 2000 due 
to the combination of very low long-term interest rates in the aftermath of the burst of the IT bubble in 1999, interest 
only mortgages, the freeze of the national property value taxes at the 2002 nominal value since 2002 and rural-urban 
migration.   
10 The regulations for being recognised as a refugee or granted admission for family reunification were tightened in 
2002. 
11 Introduction of “start help” to immigrants at 60% of the social assistance level for citizens in 1999, 2002-2012 and 
re-introduced in 2015, and shortening of the max eligibility period for unemployment insurance from 4 to 2 years for 
insured workers in 2010. 
12 The household’s income (equivalent disposable income) inequality (measured by the Gini coefficient) increased 
from 0.22 in 1987 to 0.29 in 2017 (www.dst.dk/Statistikbanken/IFOR41); most of the increase has occurred since 
2003. 
13 In Copenhagen, it is every third vacant public housing unit. 
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spatial distribution of public housing provision affects residential segregation of income groups 

and immigrants.   

The main findings of this study are as follows. First, there have been low, but increasing 

levels of residential segregation of low-income households, high-income households, and inactive 

persons. Nevertheless, residential segregation of low-educated persons have had a U-shaped 

trend. That is, segregation of low-educated persons had declining trend during 1986-1997, and 

increasing trend since then. Second, residential segregation of low-income households, high-

income households, low-educated persons (albeit weak), inactive persons, and criminals have pro-

cyclical behaviours. The pro-cyclical behaviours for residential segregation of low-income and 

high-income households, and criminals emerge around 3 years after an income shock.  Third, 

there has been a strong declining trend in residential segregation of non-Western immigrants and 

descendants; the Dissimilarity index of non-Westerns has decreased by 20 percentage points 

during 1986-2016. Fourth, because non-Western immigrants and descendants are overrepresented 

in public housing units, we find as expected a declining trend in residential segregation of public 

housing, which has coincided with declining trend in residential segregation of non-Westerns; the 

Dissimilarity index of public housing has decreased by 10 percentage points during 1986-2016. 

Fifth, results from regression analyses using the dissimilarity index to measure segregation after 

controlling for time-invariant municipality effects and regional-level business cycles effects show 

strong positive statistical associations between the level of segregation of public housing units 

and the level of residential segregation of non-Westerns, as well as the level of residential 

segregation of low-educated individuals. In particular, a 1 percentage point decrease in 

segregation of public housing units in the municipality is associated with a decrease in the level 

of residential segregation of non-Westerns and low-educated individuals by 0.28 and 0.05 

percentage points, respectively. 

The remainder of the paper is structured as follows. Section 2 gives a brief overview of 

studies that measure residential segregation of income and ethnic groups in the US and Europe, 

including Denmark. Section 3 describes how we will measure residential segregation in our study. 

In Section 4, we present our data for measurement of residential segregation by income and 

immigrant status in Denmark. We present our results on the levels and trends in residential 

segregation by ethnicity and socioeconomic status of residents of Denmark during 1986-2016 in 

Section 5. We then investigate in Section 6 to which extent concentration of public housing in 

certain neighbourhoods explains residential segregation of immigrants and several socioeconomic 

groups. Section 7 concludes our analysis of residential segregation in Denmark.   
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2. LITERATURE REVIEW 

In this section, we present two strands of studies on residential segregation. The first group of 

studies investigates the causes (and existing trends) of residential segregation. The second group 

of studies tries to identify the effects of living in the segregated neighbourhoods on different 

socioeconomic outcomes like education, labour market attachment, and criminal behaviour of 

residents in such neighbourhoods.  

With regard to the first group of studies, different preferences and constraints for housing 

and neighbourhoods among minority and majority groups can result in residential segregation of 

minority group members. For instance, residential segregation of ethnic groups occurs for 

different reasons. 

First, preferences of ethnic groups to live in multi-ethnic neighbourhoods with higher 

concentration of countrymen increase residential segregation (ethnic attraction). For instance, in 

surveys conducted in Atlanta, Detroit, and Los Angeles during the mid-1970s and early 1990s, 

respondents ranked their preferences for five types of neighbourhoods ranging from all-white to 

all-black.14 Using the result of these surveys, Thernstrom and Thernstrom (1997) show that 

despite improvements in civil rights, the share of blacks revealed their preferences for living in 

majority-black neighbourhoods increased from 62% to 82% over time. While they argue that self-

segregation of blacks is the main reason for the segregation by ethnicity, studies by Krysan and 

Faley (2002) and Ihlanfeldt and Scafidi (2002) concentrate on other questions of the mentioned 

surveys and report that due to the fear of white hostility, blacks are more likely to rank mixed-

neighbourhoods as their first choice. Additionally, Cutler, Glaeser, and Vigdor (1999) argue that 

common preferences for local amenities is the main reason for self-segregation of blacks. In line 

with this argument, Waldfogel (2008) utilises “preference externalities” term and shows that the 

shared preferences for local private goods result in segregation. That is, firms (such as restaurants) 

choose their locations based on the number of consumers in their vicinities, and establishment of 

such firms, in turn, attract more households with the same preferences to those areas, which is 

known as endogenous sorting and briefly explained later in this section. Exploiting Spatial 

Dispersal policies on refugees in Sweden and Denmark as natural experiments, Åslund (2005) 

and Damm (2009a) provide quasi-experimental evidence that recent immigrants tend to settle in 

locations with many co-nationals and immigrants, partly due to preferences for ethnic networks, 

access to institutions for qualifying education, and partly due to limited options in the housing 

market (reliance on private rental). But recent immigrants are also attracted to locations with 

favourable employment conditions, and there is also indirect evidence of welfare-seeking. 

                                                            
14 The Multi-City Study on Urban Inequality. 
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Second, organized attempts by natives to put minorities far away from native-dominant 

areas is a well-documented phenomenon in the history of countries like the US (white collective 

action). Despite attempts to decrease discrimination against minorities in housing and mortgage 

markets, as Fair Housing Act (1968) and Equal Credit Opportunity Act (1974) in the US, such 

discriminations still exist in housing markets. As an evidence, Ondrich et al. (1999) conduct an 

experiment on 781 auditors from different races who responded to “for rent” advertisement in 22 

metropolitan areas of the US. They find that black respondents were less likely to visit the 

advertised housing units relative to the whites (57% vs. 69%). Besides, through studying the 

rejection rates of applicants of mortgage loans in Boston area, Munnell et al. (1996) find that even 

after controlling for observable characteristics of applicants, the rejection rates of blacks and 

Hispanics were 8% more than whites. Similarly, Diaz-Serrano and Raya (2014) provide empirical 

evidence for Spain that immigrant borrowers are charged with higher interest rates on their 

mortgages than natives, controlling for differences in credit-worthiness and other factors, 

consistent with discrimination of immigrants in the mortgage market.  

Third, even without discriminations against minorities, avoidance of natives from living in 

multi-ethnic neighbourhoods can cause segregation (white flights and white avoidance). For 

instance, Boustan (2010) tests the “white flight” phenomenon, which describes the process of 

departure of racially diverse central parts of cities by whites and their settlement in the suburbs 

with high concentration of whites. Whites’ decision to leave the central cities, because of factors 

other than arrival of black households, decreases house prices in inner cities, making the area 

affordable for blacks. Thus, in-migration of blacks is endogenous. As an instrument for out-

migration of blacks from southern states (and their influx to the Northern states), Boustan uses 

local agricultural conditions of the southern states, and finds that by arrival of a black to a city, 

2.7 whites leave that city. Since there is not a one-to-one relation between departures and arrivals, 

central cities become more racially segregated. Despite the result of Boustan (2010), new 

evidences for the US and Spain show the positive relation between racial inequality and residential 

segregation because of white flight phenomenon do not hold in all of the cases. Bayer et al. (2014), 

for instance, mention a new mechanism in which the declining trend in racial inequality can 

increase residential segregation. In particular, they investigate the emergence of middle-class 

black neighbourhoods due to the increase in the share of highly educated blacks in the US 

population, which are attractive for highly educated blacks and lead to residential segregation of 

blacks. In other words, such “neighbourhood formation” mechanism can make the relation 

between racial equality (inequality) and residential segregation positive (negative). In line with 

this study, Moraga et al. (2017) exploit quasi-experimental inflow of immigrants to Spain during 

1998-2008 that result in a 10% increase in the population of this country, and show since both 
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natives and immigrants simultaneously move into the new booming suburb communities, overall 

measures of ethnic segregation do not change importantly. They conclude whenever the arrival of 

new immigrants result in creation of new neighbourhoods, conventional positive relation between 

ethnic inequality and residential segregation does not hold.  

While models of households’ mobility look at households’ decision to leave 

neighbourhoods as a group of independent actions, movement of a household from a 

neighbourhood can externally affect the decisions of other households through changing the racial 

composition of that neighbourhood. Such external effects are considered in the “tipping point” 

model, developed by Schelling (1971). According to the tipping point model, even with mild 

preferences of households to live near the co-ethnic groups, small changes in racial composition 

of neighbourhoods can increase the level of ethnic-diversity above the levels that a group of 

households can tolerate, and result in relocation of those households and increase in residential 

segregation. Tiebout (1956) developed another theory for residential segregation, which is useful 

for households sorting across (rather than within) municipalities in the context of Nordic welfare 

states. According to Tiebout (1956), people reveal their preferences for the public services through 

selecting the municipality or city of residence. By assuming that marginal willingness to pay for 

local public services increases with income (normal sorting theory), high-income households 

outbid low-income households in housing markets in areas with higher levels of public services. 

As a result, local differences in provision of public services create natural tendency for residential 

segregation. This result remains in post-Tiebout models of local public finance (Yinger, 1982; 

Brueckner, 1972).    

In the real world, however, households consider more than ethnicity and availability of 

public goods in their relocation decisions. In particular, they make tradeoffs among the wide 

bundle of housing, neighbourhood and city characteristics. For instance, at the inter-city level, the 

household’s decision about whether to live in larger city (instead of a smaller city) is affected by 

two underlying mechanisms that work in different directions. While households benefit from 

living in large cities due to more labour market opportunities and higher levels of amenities, longer 

commuting times and increased land prices decrease their welfare (Rosen 1979; Roback 1982). 

Similarly, at the intra-city level, the households make trade-offs about whether to live in the city 

centre (the employment centre) where households bid up land prices corresponding to the 

commuting cost savings or further away where land is cheaper (cf. the model of the monocentric 

city by Alonso, 1964; Muth, 1969; Mills, 1967, 1972). In addition, households are heterogeneous 

in terms of constraints and observable (e.g. income) and unobservable characteristics (e.g. tastes). 

According to the monocentric city model, there is a positive relation between households’ income 

and commuting distance (Alonso, 1964; Muth, 1969; Mills, 1967, 1972) due to positive relation 
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between income and demand for residential space, and negative relation between house prices and 

distance from the centre of the city (employment centre). However, after controlling for reverse 

causality that arises from the effect of distance on income through restricting the sample to 

households without change in workplace location, Gutiérrez-i-Puigarnau et al. (2016) find a 

negative relation between income and distance from workplace in Denmark. Additionally, the 

negative relation is higher for single-earner households relative to the dual-earner households. 

Sharp and Iceland (2013) find that the socioeconomic characteristics (income, education, and 

poverty) of whites play important roles in shaping residential segregation between whites and 

minorities (defined as blacks, Hispanics, and Asians). Particularly, by looking at whites as 

majority group and the sum of blacks, Hispanics, and Asians as minority group, they show that 

whites are less residentially segregated from the high SES minority group relative to the low SES 

minority group. However, by separating whites to the low SES and high SES groups and 

considering each minority group separately, they show that the high SES whites are less 

residentially segregated from Asians and more segregated from blacks and Hispanics. Bayer et al. 

(2004) use Census microdata and analyse the segregation patterns in the San Francisco Bay Area. 

As they explain, the main problem in studies that want to identify the effect of sociodemographic 

characteristics on residential segregation is existence of unobservable factors that might correlate 

with both sociodemographic characteristics and the likelihood of living in the racially segregated 

neighbourhoods. Nevertheless, since the estimation results overstate the effect of 

sociodemographic characteristics on racial segregation, such studies can determine characteristics 

that have potential to affect racial segregation. The results of their study show that racial 

differences in sociodemographic characteristics like language, levels of education, and income 

have potential to explain a considerable amount of the observed residential segregation. 

Particularly, the mentioned sociodemographic characteristics have potential to explain 95% of 

segregation of Hispanics, 50% of segregation of Asians, and 30% of segregation of black 

households.  

Therefore, households’ decisions about residential location derive from some underlying 

mechanisms that can be observable or unobservable to researchers. Due to the existence of 

unobservable factors, it is hard to distinguish the precise role of each of the mechanisms. In this 

regard, a group of reduced-form studies tries to deal with this issue by using location-specific and 

ethnic-specific fixed effects. While these studies improve our understanding about mechanisms 

that derive the observed residential segregation, they cannot determine the role of each of those 

mechanisms in households’ decisions. As an example, it is not evident from those reduced-form 

models whether differences in educational attainments lead to residential segregation (because of 

households’ different MWTP for the quality of schools), or jobs that require high-skilled (low-
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skilled) workers are located in specific areas of a city. New equilibrium sorting models try to 

address this problem.15 In these models, households’ sorting decisions into different 

neighbourhoods based on their income and socioeconomic characteristics, as well as their 

preferences for public goods affect the supply of amenities and public goods in neighbourhoods. 

The supply of those amenities, in turn, affect other households sorting decisions. Consequently, 

sorting models can explain the generation of public goods in neighbourhoods and their effects on 

households’ sorting decisions. Bayer and Timmins (2007) develop a discrete-choice model in 

which households have preferences over housing and neighbourhood attributes that vary with 

their own characteristics like race, education, etc. (households’ heterogeneity). Since demand for 

a location is affected by both attributes of that location and attributes of other locations in broader 

landscape, to address the endogeneity problem that arises from possible correlations between 

unobservable housing and neighbourhood characteristics and observable characteristics of 

households, they use the characteristics of other locations as instrument for the characteristics of 

a given location. 

With regard to the trends in residential segregation in welfare state Nordic counties like 

Denmark, Andersen et al. (2016) investigate the connection between ethnic segregation and 

housing markets in the four cities of Copenhagen, Helsinki, Oslo, and Stockholm. Their findings 

show that there is a high concentration of immigrants in public housing in those cities. Besides, 

concentration of public housing in specific neighbourhoods is associated with higher residential 

segregation by ethnicity in three cities of Copenhagen, Stockholm, and Helsinki. Nevertheless, 

the concentration of cooperative housing results in residential segregation in Oslo. They also 

report that despite high concentration of immigrants in public housing, Oslo was successful in 

reducing residential segregation through mixing types of tenures in neighbourhoods.  

Atkinson and Søgaard (2016) analyse income inequality in Denmark during 1870-2010 (140 

years), which covers two world wars, the Great Depression, and the Financial Crisis. Due to the 

data limitation, they study income inequality of top 1 percent of the richest population and their 

share from the total income. Their study shows that income inequality and top income shares have 

declined in three phases of the industrialization of Denmark (i.e. last 30 years of the 19th century), 

World War II, and the 1970s. In addition, they investigate the degree by which change in the top 

income share represents the underlying development of income inequality, and document 

relatively stable association between income share of the top 1% and the calculated Gini 

coefficient. 

                                                            
15 For detailed literature review about equilibrium sorting models look at Kuminoff, Smith, and Timmins (2013) 
paper.  
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Importantly, studies on residential segregation in Denmark use alternative definitions for 

neighbourhoods. First, Danckert et al. (2017) use the self-reported neighbourhood of individuals 

as the spatial unit of analysis. In particular, to calculate interethnic neighbourhood exposure of 

participants in the study, they ask the participants “How many refugee or immigrants live in your 

neighbourhood?” and categorise the responses into “none”, “few”, “some”, and “many”. Second, 

in order to identify vulnerable residential areas in Denmark during 1986-2017, DREAM (2019) 

uses the hectare cell information of properties and defines the housing units that occupied by the 

closest 1,000 persons as the neighbourhood of each housing unit. Therefore, housing units (and 

their residents) within an apartment have the same neighbourhood, whereas housing units in two 

attached apartments might have different neighbourhoods. Besides, for each neighbourhood, 

average income, labour market attachment, levels of education, and crime rates are calculated and 

the weighted average of these four socioeconomic characteristics are considered as a 

socioeconomic index of that neighbourhood. Then, clumps (aggregation) of those neighbourhoods 

with the lowest values of socioeconomic index form the “vulnerable” residential areas. The results 

of this study show 5% of the most vulnerable neighbourhoods in Denmark tend to be more 

segregated relative to the middle-class neighbourhoods. Besides, socioeconomic segregation in 

those neighbourhoods has declined in Copenhagen, while it has been approximately stable in the 

rest of Denmark. Moreover, the analysis shows that migrants into the permanently vulnerable 

public housing areas on average have lower income, and more are without education beyond 

primary school than in the case for residents who move away from those areas. One reason for 

such evidence is that a large proportion of immigrants into the vulnerable residential areas are 

non-Western immigrants who settle in such areas from the arrival into Denmark. These 

immigrants have poorer labour market affiliation, are less educated, and have lower income levels 

than other inhabitants of those exposed residential areas. Third, Damm et al. (2006) construct 

neighbourhood clusters that divide 431,233 inhabited hectare cells of Denmark into 9,404 micro-

neighbourhoods. They link these micro-neighbourhoods to the Danish Administrative Registers 

and calculate dissimilarity and isolation indices based on ethnic and socioeconomic characteristics 

of residences of Denmark during 1985-2003. They find that residential segregation of non-

Western immigrants was high and around 60% during 1985-1999 (similar to the level of 

residential segregation of Blacks in the US), and started to decline from 2000. Besides, the 

dissimilarity index of residential segregation of recipients of temporary social transfers and early 

retirement pension fluctuated around 25% during 1985-1995 but approached to 30% (i.e. 

moderate segregation) around 2000. Furthermore, the average value of the dissimilarity index for 

each education groups was constant around 20% during 1985-2003; however, the dissimilarity 

index for residential segregation of poorly educated groups (primary education) was 47% in 1985, 
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which declined to 30% in 2003. They also detect low residential segregation based on income, 

which was increasing. Andersen (2017) links Danish Administrative Registers (for 1985-2008) 

with the constructed neighbourhoods by Damm et al. (2006) and investigates the main reason for 

residential segregation in Denmark. According to the estimation results of this paper, the spatial 

concentration of non-Western immigrants in Denmark is highly associated with relocation of 

Danes from multi-ethnic to native-dominant neighbourhoods.    

With regard to the second group of studies on residential segregation (i.e. consequences of 

residential segregations), Cutler and Glaeser (1997) study the effect of residential segregation by 

race on schooling, employment, and single parenthood of blacks. Since it is possible that poor 

outcomes of blacks result in residential segregation by race (reverse causality) and blacks with 

better outcome sort themselves into specific cities (and vice versa), the estimation results of linear 

regressions can be biased. To deal with these issues, as instruments for residential segregation by 

race they use the number of local authorities within a metropolitan area and the share of local 

revenue that comes from intergovernmental sources. Their findings show that while residential 

segregation by race negatively affects the mentioned outcomes of blacks, it improves outcomes 

among whites. However, the positive effects of residential segregation by race on whites’ 

outcomes are weaker than the negative effects of that on black’s outcomes. Cutler et al. (2008) 

investigate the relation between residential segregation by ethnicity and immigrants’ outcomes 

like speaking and writing English (age 9-18), enrolment in school (age 16-18), earnings (age 20-

30), and labour market participation (age 20-30). To address the endogeneity problem, they 

instrument for concentration of ethnic groups in neighbourhoods by “distribution of the 

individuals by occupation across tracts in an MSA” and “the distribution of immigrant group 

members across occupations nationwide”. They also restrict the variations to within ethnicity and 

MSA through estimating fixed effects regressions. They find positive relations between 

residential segregation and immigrants’ outcomes. They also argue that depending on the 

characteristics of the minority group, the effect of residential segregation on human capital 

formation can be positive or negative. For instance, while living in the ethnic enclaves negatively 

affect outcomes of low-educated minority group, segregation from the low-skilled group may be 

beneficial for the high-skilled minority. Damm and Dustmann (2014) study the effect of exposure 

to residential areas with high shares of criminals among youth during childhood on their future 

criminal behaviour. To address the sorting of households into neighbourhoods based on 

unobservable characteristics, they exploit exogenous variations in neighbourhood characteristics 

that come from quasi-random assignment of refugees to Danish municipalities. They find that the 

shares of convicted youth criminals in neighbourhoods significantly affect criminal behaviour of 
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youth later in their lives; the influence of youth criminals within their own ethnic group is 

particularly strong. 

To identify the effect of construction of Low Income Housing Tax Credit (LIHTC) projects 

on poverty concentration, Freeman and McGavock (2015) exploits quasi-experimental variation 

in the construction of LIHTC projects in census tracts, which arise from the imposed cap on the 

total number of residents of metropolitan areas that can live in the qualified census tracts for 

construction of LIHTC projects. As a result of this cap, two census tracts in different cities with 

the same characteristics (both qualified for construction of LIHTC) may receive different 

treatments due to the cities wherein they are located. Using this identification strategy, they find 

little evidence that construction of LIHTC projects increases concentration of poverty at census 

tracts.  Ellen, Horn and O’Reagan (2016) study the effect of construction of LIHTC projects on 

poverty rates in census tracts of metropolitan areas in the US. Since developers may select to 

construct LIHTC projects in neighbourhoods that are improving, the results of simple linear 

regressions might overestimate the effect of construction of LIHTC projects on the change in 

poverty rates of census tracts. To address this issue, they link LIHTC and Census data to the 

application data, which shows the census tracts that developers proposed for construction of 

LIHTC projects. By restricting the estimation sample to the observed census tracts in the 

application data, they compare census tracts with LIHTC projects to census tracts with 

applications for construction of LIHTC but without approval from the authorities 

(counterfactuals). After controlling for observable characteristics of census tracts and time-

invariant unobservable characteristics of metropolitan areas, they find that construction of LIHTC 

projects in high-poverty census tracts decreases poverty rates in those census tracts. 

 

3. MEASUREMENT OF RESIDENTIAL SEGREGATION: METHODOLOGICAL CONSIDERATIONS 

Residential segregation is defined as the extent to which two groups of minority and majority live 

separately from each other in different neighbourhoods of a municipality (Massey and Denton, 

1988). As a result, residential segregation by income, for instance, refers to the degree to which 

low-income households (minority group) live separately from higher income groups (majority 

group) in different neighbourhoods of a municipality. Segregation has five dimensions of 

evenness, exposure, concentration, centralization, and clustering, and in turn, each of those is 

measured in several ways. Massey and Denton (1988) describe these dimensions and introduce 

one index as representative for each of those dimensions. 

The aim of this section is to describe dissimilarity and isolation indices as two measures of 

evenness and exposure dimensions, that are frequently used in the residential segregation 

literature. 
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Evenness as one of the dimensions of segregation refers to the extent to which members of 

a minority group are sorted into different neighbourhoods of a municipality in a way in which 

they get overrepresented in some neighbourhoods and underrepresented in other neighbourhoods 

of a municipality (Massey and Denton, 1988). The dissimilarity index is the most widely used 

index in measuring evenness. This index measures unevenness of distribution of minority group 

across small geographic units (neighbourhoods) of a larger geographic unit (municipality). In 

particular, the dissimilarity index captures the extent to which two groups of minority and majority 

have been sorted differently across neighbourhoods of a municipality. It is calculated by the 

following formula (Duncan and Duncan, 1955; Taeuber and Taeuber, 1964): 

 

𝐷
1
2

𝑥
𝑋

𝑡 𝑥
𝑇 𝑋

 (1) 

 

where 𝑖 is one of the 𝐼 small neighbourhoods within a municipality, and 𝑥  is the number of 

residents in neighbourhood 𝑖 belonging to the minority group. Moreover, 𝑋 represents the total 

number of inhabitants in the municipality who belong to the minority group. Consequently, the 

ratio  shows the share of the minority group living in neighbourhood 𝑖. Additionally, 𝑡  is the 

number of residents in neighbourhood 𝑖, and 𝑇 is the total number of inhabitants in the 

municipality. Hence, the ratio   is the share of the majority group living in the 

neighbourhood 𝑖. 

The interpretation of the dissimilarity index is straightforward. It measures the share of the 

minority group that must be redistributed across neighbourhoods to have identical (or even) 

distribution of minority and majority groups within the municipality. The dissimilarity index can 

take on values in the range of zero and one, where zero means perfect evenness, and one means 

complete unevenness (segregation).  

To facilitate the interpretation of the dissimilarity index, Massey and Denton (1993) divide 

residential areas into three groups based on the dissimilarity index. Residential areas with a 

dissimilarity index below 0.30 are classified as well integrated areas, while areas with a 

dissimilarity index greater than 0.60 are labelled as very segregated areas. Besides, residential 

areas with a dissimilarity index between 0.30 and 0.60 are categorised as moderately segregated 

areas.  

As different studies mention, the dissimilarity index has shortcomings.16 For instance, 

Kærgård (2007) argues that the dissimilarity index just show the share of the minority group that 

                                                            
16 Among others, James and Taeuber (1985) and Reardon and Friebaugh (2002). 
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should relocate to have an even distribution of minority and majority groups within a municipality. 

Nevertheless, it does not give information about whether relocation should be from few 

neighbourhoods with high concentration of the minority group, or from many neighbourhoods 

with slightly higher than average share of minority group. 

Exposure as another dimension of segregation refers to the extent to which potential contact 

between minority and majority groups is allowed, due to the limitation in sharing a neighbourhood 

between these two groups. In particular, the isolation index measures the exposure dimension, and 

captures the extent to which members of the minority group in a neighbourhood randomly meet 

each other rather than the members of the majority group (Massey and Denton, 1988). This index 

is computed using the following formula: 

 

𝑃∗ 𝑥
𝑋

𝑥
𝑡

 (2) 

 

where    is the likelihood by which a member of a minority group randomly meets another 

member of the minority group in neighbourhood 𝑖. This likelihood is weighted by the share of 

minority group members living in neighbourhood 𝑖, . Therefore, the isolation index can be 

interpreted as the weighted average probability by which a member of a minority group randomly 

meets another member of the minority group in the neighbourhood of residence. The isolation 

index is obtained by summing the weighted average probability of meeting another minority group 

member in the neighbourhood across all neighbourhoods. Like the dissimilarity index, the 

isolation index takes on values between 0 and 1. 

In contrast to the dissimilarity index, the isolation index is sensitive to the share of the 

minority group in the population. That is, the higher the share of the minority group in the 

population, the higher the isolation index is. The share of the minority group members in the 

population affects the magnitude of the isolation index because a person from the minority group 

is more likely to encounter another person from the minority group when the minority group 

constitutes a higher share of the population. Thus, the isolation index should be interpreted relative 

to the share of the minority group in the population considered (Blau, 1977). 
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4. DATA 

4.1. DANISH RESIDENTIAL NEIGHBOURHOODS 

Practically, one of the important issues in residential segregation studies is defining a relevant 

geographic unit of analysis. The problem is that the magnitude of segregation varies with the scale 

of the neighbourhoods; this is the so-called grid problem (Massey and Denton, 1988; White, 

1983). In particular, the same distribution of minorities across neighbourhoods in a municipality 

can lead to different levels of segregation depending on the scale of the selected neighbourhoods. 

In Section 5, we show that by using a larger definition of neighbourhoods, the magnitudes of 

segregation indices decline. This problem becomes more important whenever one wants to 

compare residential segregation between municipalities. 

Damm et al. (2019) show that neighbourhoods defined for administrative purposes, such as 

postal districts and municipalities, are heterogeneous in terms of size and number of inhabitants. 

Such administratively defined units are also subject to changes across years. As a result, use of 

such definitions for the purpose of measuring segregation indices and comparing segregation 

indices over time leads to misleading results. Besides, in order to evaluate the effectiveness of 

place-based policies that try to improve the socioeconomic mix of neighbourhoods, having 

neighbourhoods with boundaries that do not change over time is crucial. 

To obtain neighbourhoods that are homogenous in terms of population size and have 

unchanged and exogenously defined boundaries over the 1986-2016-period, Damm et al. (2019) 

construct neighbourhoods that divide 459,497 inhabited hectare cells of Denmark into 8,359 

micro- and 1,961 macro-neighbourhoods. Particularly, these neighbourhoods are formed by 

clustering housing units that are in close distance from each other and not separated by physical 

barriers like rivers or main roads. These neighbourhoods are also compact, homogeneous in terms 

of size, housing, and ownership types, and have constant boundaries over time. Additionally, the 

constructed neighbourhood clusters are linked with the population register in a way that residential 

neighbourhoods are identifiable for 99.53% of residents of Denmark during 1986-2016. It is also 

possible to link the population register to the other registers with 100% precision and compute 

different ethnic and socioeconomic characteristics of each micro- and macro-neighbourhood 

across years. 

 

4.2. DEFINITION OF SOCIOECONOMIC AND ETHNIC GROUPS AND ESTIMATION SAMPLE 

We compute residential segregation by socioeconomic status and ethnic origin using six 

definitions of socioeconomic status: low-income household, high-income household, low-

educated individual, inactive working-age individual, employed working-age individual, and 
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criminal,  and two definitions of ethnic origin: immigrant or descendant from a non-Western 

source country and immigrant or descendant from one the ten largest source countries. In Section 

6 we present segregation indices for public housing units. Table 1 presents the list of variables 

and their definitions used to calculate segregation indices in our study. 

To calculate residential segregation for each of these ethnic and socioeconomic groups, we 

draw information from six Danish Administrative Registers for the full population of Denmark. 

The six administrative registers are the Population, Housing, Income, Employment, Education, 

and the Central Police Register, which records individual crime conviction for the full population 

of Denmark. We link them to each other using the unique identifier number of each person (PNR) 

for the years 1986-2016. We also link the prepared dataset to the constructed neighbourhood 

clusters by Damm et al. (2019) using the unique identifier of housing addresses in each 

municipality. As a result, we can calculate socioeconomic and ethnic characteristics for all 

residents at the level of micro- and macro-neighbourhoods, as well as at the municipal and country 

levels for the period of 1986-2016.  

 

5. RESIDENTIAL SEGREGATION BY SOCIOECONOMIC STATUS AND ETHNICITY 

Table 2 shows means and standard deviations of dissimilarity and isolation indices measuring 

residential segregation by ethnicity and socioeconomic status at the country level over 31 years. 

Practically, we use micro-neighbourhoods, macro-neighbourhoods, and municipalities as small 

definitions of neighbourhoods to compute dissimilarity and isolation indices at the country level 

in this table.  

To begin with, columns 2 and 3 report mean and standard deviation of residential 

segregation by socioeconomic status and ethnicity in Denmark measured by the dissimilarity 

index. According to column 2, the reported means for segregation in terms of low- and high-

income households, as well as convicted criminals show moderate segregation of minorities when 

we consider micro-neighbourhoods, and fairly even distributions of minorities when we use 

macro-neighbourhoods for computation of the dissimilarity index. However, distributions of low-

educated persons, people who are inactive in the labour market, and employed are more even. 

Columns 4 and 5 of Table 2 present means and standard deviations for exposure, which is 

measured by the isolation index. There are two important points that we should mention before 

describing the isolation index. First, the dissimilarity index can have a high value and the isolation 

index a low value for two reasons: (i) the dissimilarity index and the isolation index measure two 

different dimensions of segregation, which are evenness and exposure, respectively, and (ii) 

isolation index is sensitive to the share of minority groups in the population. Therefore, one should 

be cautious in interpreting this index. The value of the isolation index can be high simply because 
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of a high share of persons with the considered characteristic in the population. Second, as well as 

for the dissimilarity index, changing the definition of a small geographic unit from micro-

neighbourhood to macro-neighbourhood decreases the magnitude of the isolation index. 

Interestingly, the isolation index for employed persons is 77%, which in relative terms is not a 

high value because on average 76% of persons with age 25-64 were employed during 1986-2016. 

In contrast, the likelihood by which a convicted criminal randomly meets another convicted 

criminal in a micro-neighbourhood is 2.4%, which is not a low value given that it is three times 

greater than the average share of convicted criminals at country level (0.7%). 

 

Table 1. List of the variables and their definitions 

Name of variable Definition 

  
Low-income household Number of residents with family-equivalent (family-adjusted) disposable income 

less than the half of the median of such income in the region of residence in each 
geographic unit.1718 

  
High-income household Number of residents with family-equivalent (family-adjusted) disposable income 

1.5 times greater than the median of such income in the region of residence in each 
geographic unit. 

  
Low-educated Number of residents aged 30-59, who only have primary or lower-secondary 

education in each geographic unit. 
  
Inactive Number of residents aged 18-64, who are neither attached to the labour market nor 

enrolled in education in each geographic unit.   
  
Employed Number of residents aged 25-64, who are employed. 
  
Criminal Number of residents aged 15 or greater19 who are convicted for violation of Panel 

Code, the Weapons Act, or the Drug Act in each municipality. 
  
Non-Western origin Number of non-western immigrants and descendants in each geographic unit. 
  
Ten largest source 
countries 

Number of immigrants and descendants from ten countries with the highest 
accumulated number of immigrants and descendants in Denmark during 1986-
2016 in each geographic unit. These countries are: Turkey, Germany, Lebanon 
(including stateless persons), Poland, Pakistan, Iraq, Norway, Bosnia 
Herzegovina, Sweden, and Yugoslavia.  

  
Public housing Number (and the share) of public housing units in each geographic unit. 
  
Notes: This table describes the variables that we use in this study that are computed from available information 
in the six Danish Administrative Registers of Population, Housing, Income, Employment, Education, and the 
Central Police Register during 1986-2016, which are linked to the constructed micro- and macro-
neighbourhoods by Damm et al. (2019). 

                                                            
17 All of the variables are computed at different geographic levels. Those levels are: micro-neighbourhood, macro-
neighbourhood, municipality, region, and country. 
18 For administrative purposes, Denmark is divided into five regions of the Capital Region (Hovedstaden), Central 
Denmark Region (Midtjylland), North Denmark Region (Nordjylland), Region Zealand (Sjælland), and Region of 
Southern Denmark (Syddanmark). 
19 The minimum age of criminal responsibility in Denmark is 15. 
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Column 2 also shows that by using micro-neighbourhoods as the small geographic unit, 

Denmark has moderate, but close to high residential segregation of non-Western immigrants and 

descendants (and of persons from the ten countries with the highest number of immigrants and 

descendants). Specifically, 55% of the non-Western immigrants and descendants (hereafter non-

Westerns) should be relocated across micro-neighbourhoods (48% across macro-neighbourhoods) 

in order to have an even distribution of minority group members in terms of ethnicity across 

neighbourhoods in Danish municipalities. Moreover, 31% of the non-Western population should 

relocate to another municipality in order to have perfect evenness, which shows the heterogeneity 

across municipalities in term of non-Westerns. 

Column 4 of table 2 shows that the probability that a person with non-Western origin 

randomly meets another person of non-Western origin in the neighbourhood is 19%. After 

considering the point that the average share of non-Western immigrants and descendants in 

Denmark during 1986-2016 was about 4.7%, we can say the value of the isolation index is 

substantial.  

Overall, the results of descriptive statistics at country level show that the level of residential 

segregation of non-Westerns in Denmark is moderate, but close to high. By contrast, the levels of 

residential segregation of socioeconomic groups are low (low-educated, inactive, employed) or 

just above the threshold for being low (criminals, low- and high-income households). 

As the residential segregation of non-Westerns in Table 2 shows, even after using 

municipalities as small geographic units, the magnitude of the computed dissimilarity index is not 

minor, which means that non-Westerns are not evenly distributed across municipalities. To shed 

light on variations across municipalities and over time, Table 3 presents averages of the computed 

segregation indices at municipality level as well as overall, within, and across municipality 

variations of those indices. Practically, we use micro-neighbourhoods as small units to compute 

the segregation indices in Table 3. Moreover, the computed indices using macro-neighbourhoods 

as small units are presented in Table B.1 in Appendix. 

The calculated dissimilarity index in column 2 of Table 3 reveals that municipalities are 

moderately segregated by ethnicity and convicted criminals, and the variation across 

municipalities and over time of these indices is not minor. For instance, on average, 30% of the 

convicted criminals (convicted for violation of the Panel Code, the Weapons act or the Drug Act) 

should be redistributed across micro-neighbourhoods of municipalities to have an even 

distribution of convicted criminals across micro-neighbourhoods of a municipality. In addition, 

the isolation index for the convicted criminals shows that the probability by which a convicted 

criminal randomly meets another convicted criminal in a micro-neighbourhood is 2%, which is 

not small when considering the average share of convicted criminals at municipality level (0.8%).   
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Table 2. Descriptive statistics for residential segregation by socioeconomic status and ethnicity 
in Denmark 1986-2016 

 

  
 D. index  I. index  Share Country 

 Obs. 

   
 Mean S.D  Mean S.D  Mean S.D 

 

  [1]  [2] [3]   [4] [5]   [6] [7]   [8] 

Variable  
 

          
             

Low-income household Micro-  0.3263 0.0224  0.1274 0.0207  0.0656 0.0106  29 

 Macro-  0.2682 0.0326  0.1054 0.0205  0.0656 0.0106  29 

 Muni-  0.1752 0.0353  0.0790 0.0147  0.0656 0.0106  29 

             

High-income household Micro-  0.3409 0.0101  0.2176 0.0339  0.1291 0.0219  29 

 Macro-  0.2752 0.0089  0.1894 0.0302  0.1291 0.0219  29 

 Muni-  0.1663 0.0068  0.1582 0.0241  0.1291 0.0219  29 

             

Low-educated Micro-  0.2256 0.0111  0.3532 0.0716  0.3087 0.0749  31 

 Macro-  0.1822 0.0079  0.3379 0.0733  0.3087 0.0749  31 

 Muni-  0.1060 0.0067  0.3192 0.0762  0.3087 0.0749  31 

             

Inactive Micro-  0.2046 0.0052  0.2598 0.0146  0.2187 0.0139  31 

 Macro-  0.1580 0.0043  0.2435 0.0142  0.2187 0.0139  31 

 Muni-  0.0752 0.0088  0.2237 0.0140  0.2187 0.0139  31 

             

Employed Micro-  0.2168 0.0051  0.7772 0.0131  0.7624 0.0146  31 

 Macro-  0.1686 0.0044  0.7715 0.0137  0.7624 0.0146  31 

 Muni-  0.0876 0.0067  0.7644 0.0144  0.7624 0.0146  31 

             

Criminal Micro-  0.3418 0.0108  0.0238 0.0017  0.0077 0.001  31 

 Macro-  0.2621 0.0088  0.0203 0.0016  0.0077 0.001  31 

 Muni-  0.1378 0.0207  0.0107 0.0017  0.0077 0.001  31 

              

Non-Western origin Micro-  0.5514 0.0391  0.1920 0.0537  0.0468 0.0198   31 

 Macro-  0.4822 0.0328  0.1475 0.0445  0.0468 0.0198   31 

 Muni-  0.3138 0.0391  0.0719 0.0243  0.0468 0.0198   31 

              

Ten largest source 
countries 

Micro- 
 

0.4546 0.0203  0.1233 0.0312  0.0369 0.0103   31 

 Macro-  0.4038 0.0162  0.0964 0.0249  0.0369 0.0103   31 

 Muni-  0.2808 0.0218  0.0545 0.0133  0.0369 0.0103   31 

              

Notes: This table shows means and standard deviations for residential segregation in terms that have mentioned in Table 
1 for Denmark during 1986-2016 (31 years). The information is from the five Danish Administrative Registers of 
Population, Income, Employment, Education, and the Central Police Register during 1986-2016, which are linked to 
the constructed micro- and macro-neighbourhoods by Damm et al. (2019). Measures are calculated by the authors. 
Column 1 shows whether the small geographic unit is micro-neighbourhood, macro-neighbourhood, or municipality. 
Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities. Columns 
2 and 3 show mean and standard deviation of dissimilarity indices. Columns 4 and 5 present mean and standard 
deviation of isolation indices. Due to the sensitivity of the isolation index to the share of minority group in the 
population, columns 6 and 7 report the share for each variable at country level. Column 8 shows the number of 
observations. 
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Table 3. Descriptive statistics on residential segregation by socioeconomic status and ethnicity 
in Danish municipalities 1986-2016 

(Micro-neighbourhoods as small geographic units) 

   D. index  I. index  Share Muni  Share Country 
 Obs. 

   Mean S.D  Mean S.D  Mean S.D  Mean S.D 
 

  [1]   [2] [3]   [4] [5]   [6] [7]   [8] [9]   [10] 

Variable                
                

Low-income overall  0.2550 0.0572  0.0859 0.0405  0.0535 0.0182  0.0656 0.0106  2842 

 between   0.0509   0.0366   0.0152     98 

 within   0.0264   0.0178   0.0102     29 

                

High-income overall  0.2549 0.0895  0.1791 0.0917  0.1347 0.0724  0.1291 0.0219  2842 

 between   0.0878   0.0869   0.0690     98 

 within   0.0192   0.0306   0.0230     29 

                

Low-educated overall  0.1726 0.0514  0.3442 0.0933  0.3158 0.0977  0.3087 0.0749  3038 

 between   0.0478   0.0594   0.0632     98 

 within   0.0195   0.0722   0.0748     31 

                

Inactive overall  0.1656 0.0498  0.2423 0.0435  0.2144 0.0399  0.2187 0.0139  3038 

 between   0.0476   0.0391   0.0361     98 

 within   0.0155   0.0193   0.0174     31 

                

Employed overall  0.1761 0.0543  0.7825 0.0398  0.7727 0.0422  0.7624 0.0146  3038 

 between   0.0521   0.0365   0.0385     98 

 within   0.0162   0.0163   0.0176     31 

                

Criminal overall  0.3056 0.0503  0.0183 0.0087  0.0081 0.0030  0.0077 0.001  3038 

 between   0.0327   0.0067   0.0026     98 

 within   0.0383   0.0056   0.0014     31 

                

Non-Western origin overall  0.4592 0.1067  0.1110 0.0898  0.0382 0.0399  0.0468 0.0198  3038 

 between   0.0819   0.0772   0.0344     98 

 within   0.0688   0.0463   0.0206     31 

                

Ten largest source 
countries 

overall  0.3430 0.1010  0.0748 0.0654  0.0326 0.0304  0.0369 0.0103  3038 

 between   0.0908   0.0588   0.0276     98 

 within     0.0452     0.0292     0.0128         31 

                

Notes: This table shows mean and standard deviation of residential segregation by socioeconomic status and ethnicity in micro-
neighbourhoods for Denmark’s 98 municipalities during 1986-2016 (31 years). The information is from the five Danish Administrative 
Registers of Population, Income, Employment, Education, and the Central Police Register during 1986-2016, which are linked to the 
constructed micro- and macro-neighbourhoods by Damm et al. (2019). Measures are calculated by the authors. In all of the calculations, 
8,359 micro-neighbourhoods are considered as small geographic units (appendix Table B.1 reports the results after using macro-
neighbourhoods as small geographic units). Column 1 shows whether the calculated standard deviations are based on overall, between, or 
within municipality variations. Columns 2 and 3 show means and standard deviation of residential segregation using the dissimilarity index. 
Columns 4 and 5 present means and standard deviation of residential segregation based on isolation index. Due to the sensitivity of the 
isolation index to the share of minority group in the municipal population, columns 6 and 7 (columns 8 and 9) report the mean and standard 
deviation of the share of each of the variables at municipality (country) level. 
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5.1. TRENDS IN RESIDENTIAL SEGREGATION BY SOCIOECONOMIC STATUS 

Before presenting the results of residential segregation by socioeconomic status, it is important to 

describe Table 4, which is inspired by Davis and Nieuwerburgh (2015). The aim of this table is 

to give insight into how residential segregation of socioeconomic groups respond to fluctuations 

in the macroeconomy. In this regard, the correlations between the detrended real GDP and 

dissimilarity index for socioeconomic characteristics (and their leads)20 are calculated. The results 

in Panel A show positive and high correlations between GDP and house prices, which peak one 

year after a GDP shock. Additionally, house prices vary 3 to 5 times more than GDP (Relative 

S.D. column).  Besides, residential segregation of socioeconomic groups vary less than GDP 

(Panel B). The highest relative variation is for residential segregation of low-income households 

(77%), which is followed by segregation of low-educated persons (38%), criminals (37%), and 

high-income households (34%). Residential segregation of inactive and of employed persons vary 

little relative to GDP. The interpretation of the calculated correlations for each of the 

socioeconomic characteristics in Panel B are presented in the following parts of this sub-section.  

Figure 1 graphically illustrates the trends in residential segregation of low-income 

households during 1988-2016 based on dissimilarity (1.A) and isolation (1.B) indices at the 

country level. Both of the indices display slightly increasing trends of segregation of low-income 

households, except for temporary decline in the aftermath of the Financial Crisis. According to 

the Panel B of Table 4, GDP and residential segregation of low-income households are negatively 

correlated; the correlation (in absolute terms) peaks 3 years after a positive GDP shock (0.17). A 

positive GDP shock is likely to increase both the employment probability—in particular, for low-

skilled persons—and wages. As a result, some low-income households will move above the 

determined threshold for low-income households (i.e. income lower than the half of the median 

of income in the region of residence), thereby lowering income inequality leading to lower 

residential segregation of low-income households in the short-run. In the medium run, 

households’ relocations in response to a positive GDP shock seem to lower residential segregation 

of low-income households further. 

 

 

                                                            
20 Since income is the main determinant of neighbourhood choice (e.g. Tiebout, 1956; Yinger, 1982; Brueckner, 
1979, 1982), income shocks to the macroeconomy must affect future residential segregation of socioeconomic groups. 
Therefore, we focus on the correlations between GDP in year 𝑡 and segregation by socioeconomic status in the same 
and each of the next 5 years.   
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Table 4. Correlations between GDP and residential segregation by socioeconomic status 
(dissimilarity index) in Denmark (1986-2016)21 

 SD. 
Relative 

SD. 
𝒕 𝒕 𝟏 𝒕 𝟐 𝒕 𝟑 𝒕 𝟒 𝒕 𝟓 

Panel A: Correlations between house prices and GDP     

GDP 0.0289 1.00 1 0.8184 0.5617 0.3139 0.1369 -0.0285 

House Price 
(single-family) 

0.0896 3.10 0.6348 0.8506 0.8215 0.7338 0.5297 0.3504 

House Price 
(Flat) 

0.1416 4.90 0.6753 0.8186 0.7178 0.6010 0.4599 0.3772 

Panel B: Correlations between Dissimilarity indices for residential segregation by socioeconomic 
status and GDP 

Low-income 0.0224 0.7751 0.3480 0.1535 -0.0959 -0.1773 -0.1429 0.0187 

High-income 0.0100 0.3460 0.2343 -0.0393 -0.3771 -0.4971 -0.5081 -0.4750 

Low-educated 0.0111 0.3841 -0.1931 -0.1795 -0.1381 -0.0491 0.0744 0.2109 

Inactive 0.0052 0.1799 0.3928 0.2828 0.0067 -0.2075 -0.3283 -0.3313 

Employment 0.0051 0.1765 -0.2089 -0.3026 -0.4937 -0.5833 -0.5767 -0.4462 

Criminal 0.0107 0.3702 0.6881 0.6131 0.4434 0.2486 0.0680 -0.1622 

Notes: This table consists of two panels. Panel A shows correlations between house prices (for both single-
family and flats) at country level and GDP. GDP is in real term (2010=100) and extracted from Statistics 
Denmark’s data bank. House prices are also in real terms (2015=100) and calculated based on the recorded 
transactions in Housing Transaction Register. As described in Table 12.1 of Davis and Nieuwerburgh 
(2015), GDP and house prices are logged and Hodrick-Prescott-filtered. In practice, we calculate 
correlations between leads of the variables in the rows (house prices and GDP) and GDP. Panel B, shows 
correlations between dissimilarity in different terms and GDP. In order to construct dissimilarity indices 
at country level, Population, Housing, Employment, Education, Income, and Central Police Registers are 
linked to the constructed neighbourhoods by Damm et al. (2019). Besides, we use micro-neighbourhood 
as definition of small neighbourhoods, and country as large definition. Practically, we calculate 
correlations between the leads of the dissimilarity indices in different terms and real GDP. Therefore, each 
column shows correlation between 𝐷𝐼  and 𝐺𝐷𝑃 , where 𝑥 ∈ 0,5 . The first column (SD.) shows 
standard deviation of the variables, and the second column (Relative SD.) shows the relative standard 
deviation (or coefficient of variation) for the variables, which is the ratio of the standard deviation of 
variable to the standard deviation of GDP (i.e. 0.0289).  

 

 

 

 

 

                                                            
21 The shares of low- and high-income households in Denmark, as well as the four largest municipalities of Denmark 
(i.e. Copenhagen, Aarhus, Odense, and Aalborg) during 1986-2016 are presented in Figure A.12 in Appendix. 
Consistent with the increasing Gini coefficient for income inequality in Denmark calculated by Statistics Denmark 
for 1987-2017, our calculations of the shares of low-income and high-income households depicted in Figure A.12 
display a large increase in both shares over the period 1988-2016. At the country level, the share of low-income 
households has increased from 6% to 9%; the increase started in 2001. The share of high-income households in 
Denmark has increased steadily from 9.5% in 1988 to 17% in 2016.  
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Figure 1. Residential segregation (dissimilarity and isolation indices) of low-income households in 
Denmark, 1988-2016 

 
Figure 1.A Segregation of low-income households, D. index 

 
Figure 1.B Segregation of low-income households, I. index 

   
Notes: These figures show residential segregation of low-income households (Figures 1.A and 1.B) in Denmark during 1988-2016. 
A household is called low-income whenever family-equivalent (family-adjusted) disposable income of members of that household 
to be less than the half of the median of such income in the region of residence. The data sources are the Population and Income 
Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The measures of segregation are 
dissimilarity (Figure 1.A) and isolation (Figure 1.B) indices, which are computed by the authors. Due to the sensitivity of isolation 
index to the share of minority group at country level, the isolation index in Figure 1.B is adjusted by the share of low-income 
households in the full population in Denmark. Each figure consists of three lines. The blue line shows the calculated segregation 
measure using micro-neighbourhoods as the small geographic unit. The red line presents the computed measure of segregation 
using macro-neighbourhoods as the small geographic unit. The green line reports the computed segregation using municipalities 
as the small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, 98 
municipalities, and 5 regions. 

 

Figure 2 graphically illustrates residential segregation of low-income households in the 98 

municipalities of Denmark at four points of time: 1988 (Figure 2.A), 1995 (Figure 2.B), 2005 

(Figure 2.C), and 2015 (Figure 2.D). Figure 2.A shows that most of the municipalities including 

Copenhagen had low levels of residential segregation of low-income households (dissimilarity 

index in the range of 20-30%) in 1988. Nevertheless, the other large municipalities (Aarhus, 

Odense, and Aalborg) had a moderate level of residential segregation by income, as illustrated by 

orange colour (dissimilarity index between 30-40%). Relative to 1988, there was no considerable 

change in residential segregation of the four municipalities of Denmark with the highest 

population in 1995 (Figure 2.B). Additionally, a group of municipalities were successful in 

reducing residential segregation to the range of 20-30%, while another group experienced an 

increase in the measure of residential segregation to the range of 30-40% (Orange). As in 1995, 

there was no detectable change in residential segregation of municipalities in 2005 (Figure 2.C). 

However, Figure 2.D shows an increase in the number of municipalities with residential 

segregation between 30-40% (Orange) in 2015. More importantly, for the first time, three 

municipalities of Aalborg, Kolding, and Horsens experienced residential segregation levels 

greater than 40%. Totally, while there was not important change in residential segregation of low-

income households across 98 municipalities of Denmark in 1988, 1995, and 2005, the number of 
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municipalities with a dissimilarity index greater than 30% had increased by 2015. In this regard, 

the introduction of “start help” plan, which declined the social assistance for immigrants to the 

60% of the social assistance of citizens during 2002-2012 (re-introduced in 2015), and shortening 

the maximum eligibility period for unemployment insurance from 4 to 2 years for insured workers 

in 2010 are two national policy reforms that may explain the increased residential segregation of 

low-income households by 2015.  

 

Figure 2. Residential segregation (dissimilarity index) of low-income households in 98 municipalities 
of Denmark in 1988, 1995, 2005, 2015 

Figure 2.A Segregation of low-income households, 1988 Figure 2.B Segregation of low-income households, 1995 

  
Figure 2.C Segregation of low-income households, 2005 Figure 2.D Segregation of low-income households, 2015 

  
Notes: These figures show residential segregation of low-income households in the 98 municipalities of Denmark in 1988 
(Figure 2.A), 1995 (Figure 2.B), 2005 (Figure 2.C), and 2015 (Figure 2.D). The data source is the Income Register, which is 
linked to the constructed neighbourhoods by Damm et al. (2019). A household is called low-income whenever family-
equivalent (family-adjusted) disposable income of members of that household to be less than the half of the median of such 
income in the region of residence. The segregation is measured by the dissimilarity index using micro-neighbourhoods as 
small definition of neighbourhoods. The red colour shows that the dissimilarity index is greater than 40%. Orange colour 
means that the dissimilarity index is in the range of 30-40%. The lightest green colour shows that the dissimilarity index is in 
the range of 20-30%, and the darker green colours, the lower is the dissimilarity index. Therefore, the darkest green colour 
shows that the dissimilarity index is lower than 10%. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-
neighbourhoods, 98 municipalities, and 5 regions. 
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Figure 3 shows residential segregation (dissimilarity index) of low-income households in 

the four municipalities of Copenhagen, Aarhus, Odense, and Aalborg during 1988-2016. Figure 

A.1 in Appendix also shows trends in isolation index for segregation of low-income households 

in these municipalities. The national increasing trend of residential segregation of low-income 

households is also detectable in Aarhus, Odense, and Aalborg. By contrast, residential segregation 

of low-income households has a declining trend in Copenhagen. Interestingly, in 1988 the level 

of residential segregation of low-income groups was similar across the four largest municipalities, 

but due to the opposite trends end up being moderate in Aarhus, Odense and Aalborg, but low in 

Copenhagen. The opposite trends is not due to different development of low-income household 

shares. Since around 2000, it has increased in all four municipalities, and at a faster rate than at 

the national level (Figure A.12.A in the Appendix), due to the two national reforms reduction of 

the social assistance/insurance to unemployed workers affecting a higher share of residents in the 

four largest cities than in the rest of the country. The share of high-income households has also 

increased in all four municipalities, but at a faster rate in Copenhagen than in Aarhus, Odense and 

Aalborg (Figure A.12.B in the Appendix). Different municipal housing policies (e.g. 

gentrification of socially deprived neighbourhoods in Copenhagen), and different municipal 

infrastructure policies (e.g. enlargement of the commuting area around Copenhagen due to the 

construction of Øresund Bridge and metro) leading to different regional employment growth are 

among the factors that induce high-income groups to move back into Copenhagen Municipality 

to create more mixed neighbourhoods by income in Copenhagen in contrast to Aarhus, Odense 

and Aalborg.22 

 

 

 

 

 

 

 

 

 

 

 

                                                            
22 In 1988, low-income households were highly overrepresented in Copenhagen, whereas high-income groups were 
highly underrepresented. Since then the share of both groups have increased by, respectively, 8 and 9 percentage 
points. 
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Figure 3. Residential segregation (dissimilarity index) of low-income households in the four largest 
municipalities of Denmark, 1988-2016 

 
Figure 3.A Segregation of low-income households, Copenhagen  

 
Figure 3.B Segregation of low-income households, Aarhus  

   
 

Figure 3.C Segregation of low-income households, Odense 
 

Figure 3.D Segregation of low-income households, Aalborg 

   
Notes: These figures show segregation of low-income households in the four largest municipalities of Denmark during 1988-2016. 
A household is called low-income whenever family-equivalent (family-adjusted) disposable income of members of that household 
to be less than the half of the median of such income in the region of residence. The municipalities are Copenhagen (Figure 3.A), 
Aarhus (Figure 3.B), Odense (Figure 3.C), and Aalborg (Figure 3.D). The data sources are the Population and Income Registers, 
which are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is measured by the dissimilarity index 
(appendix Figure A.1 shows the segregation based on isolation index). Each figure consists of two lines. The blue line shows the 
calculated segregation measure using micro-neighbourhood as small geographic unit. The red line presents the computed measure 
of segregation using macro-neighbourhoods as small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 
macro-neighbourhoods, 98 municipalities, and 5 regions. 

 

Figure 4 presents the trends in residential segregation of high-income households during 

1988-2016 based on dissimilarity (4.A) and isolation (4.B) indices at country level. The 

dissimilarity index shows 3 percentage points increase in the level of residential segregation of 

high-income groups over the 29 years. According to the Panel B of Table 4, a positive GDP shock 

gradually decreases residential segregation of high-income households; the correlation (in 

absolute terms) peaks 3-5 years after the shock. The immediate effect of a positive GDP shock is 

probably to decrease income inequality, moving some high-income households below the 

threshold for being a relatively high-income household and thereby reduce residential segregation 
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of high-income households. In the medium run households outside the group of high-income 

households benefit from the positive shock and move to better neighbourhoods, decreasing 

residential segregation of high-income groups. 

 

Figure 4. Residential segregation (dissimilarity and isolation indices) of high-income households in 
Denmark, 1988-2016 

 
Figure 4.A Segregation of high-income households, D. index 

 
Figure 4.B Segregation of high-income households, I. index 

   
Notes: These figures show residential segregation of high-income households (Figures 4.A and 4.B) in Denmark during 1988-
2016. A household is called high-income whenever family-equivalent (family-adjusted) disposable income of members of that 
household to be1.5 times greater than the median of such income in the region of residence. The data sources are the Population 
and Income Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The measures of segregation 
are dissimilarity (Figure 4.A) and isolation (Figure 4.B) indices, which are computed by the authors. Due to the sensitivity of 
isolation index to the share of minority group at country level, the isolation index in Figure 4.B is adjusted by the share of high-
income households in the full population in Denmark. Each figure consists of three lines. The blue line shows the calculated 
segregation measure using micro-neighbourhoods as the small geographic unit. The red line presents the computed measure of 
segregation using macro-neighbourhoods as the small geographic unit. The green line reports the computed segregation using 
municipalities as the small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, 
98 municipalities, and 5 regions. 

 

Figure 5 graphically illustrates residential segregation of high-income households in the 98 

municipalities of Denmark at four points of time: 1988 (Figure 5.A), 1995 (Figure 5.B), 2005 

(Figure 5.C), and 2015 (Figure 5.D). Totally, residential segregation of high-income households 

were less than 30% (red) in most of the municipalities during the mentioned years. Nevertheless, 

residential segregation in Copenhagen (and some of the surrounding municipalities), Aarhus, and 

Odense were moderate in 1988, and remained greater than 30% in all of the considered years.  

Furthermore, in some municipalities, residential segregation of high-income households increased 

from a low to a moderate level. That is, residential segregation in Aalborg, next to all of the 

municipalities around Copenhagen, Randers, Frederica, and Slagelse increased from below to 

above 30% in 1995 and remained moderate during the next years (Figure 5.B). Besides, the two 

municipalities of Svendborg and Horsens had a moderate level of residential segregation of high-

income households in 2005 and 2015, respectively (Figures 5.C and 5.D). 
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Figure 5. Residential segregation (dissimilarity index) of high-income households in 98 municipalities 
of Denmark in 1988, 1995, 2005, 2015 

Figure 5.A Segregation of high-income households, 1988 Figure 5.B Segregation of high-income households, 1995 

  
Figure 5.C Segregation of high-income households, 2005 Figure 5.D Segregation of high-income households, 2015 

  
Notes: These figures show residential segregation of high-income households in the 98 municipalities of Denmark in 1988 
(Figure 5.A), 1995 (Figure 5.B), 2005 (Figure 5.C), and 2015 (Figure 5.D). The data sources are the Population and Income 
Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). A household is called high-income 
whenever family-equivalent (family-adjusted) disposable income of members of that household to be1.5 times greater than 
the median of such income in the region of residence. The segregation is measured by the dissimilarity index using micro-
neighbourhoods as small definition of neighbourhoods. The red colour shows that the dissimilarity index is greater than 30%. 
Orange colour means that the dissimilarity index is in the range of 25-30%. The lightest green colour shows that the 
dissimilarity index is in the range of 20-25%, and the darker green colours, the lower is the dissimilarity index. Therefore, the 
darkest green colour shows that the dissimilarity index is lower than 15%. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, 98 municipalities, and 5 regions. 

 

Figure 6 shows residential segregation (dissimilarity index) of high-income households in 

the four municipalities of Copenhagen, Aarhus, Odense, and Aalborg during 1988-2016. Figure 

A.2 in Appendix also shows trends in isolation index for segregation of high-income households 

in these municipalities. The level of segregation of high-income households displays an increasing 

trend during 1988-2016 across all of the four largest municipalities (although the increase is 

modest in Odense), and the levels are substantially higher in the two largest municipalities. 

Appendix Figure A.3 shows average house prices per square meter (in real terms) for single-
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family and flats at country—as well as the four larges municipalities—level during 1993-2016. 

This figure shows that – in line with the prediction of the model of the monocentric city (Alonso-

Muth-Mills) that location rent increases with distance to the edge of the commuting area - average 

house prices in the four largest cities in Denmark increase with the city size. The largest city 

Copenhagen has the highest average house prices, followed by the second largest city of Aarhus, 

while the similar-sized smaller cities of Odense and Aalborg have similar average house prices. 

Besides, average house prices in Odense and Aalborg were about the same as country level. 

 

Figure 6. Residential segregation (dissimilarity index) of high-income households in the four largest 
municipalities of Denmark, 1988-2016 

 
Figure 6.A Segregation of high-income households, Copenhagen  

 
Figure 6.B Segregation of high-income households, Aarhus  

   
 

Figure 6.C Segregation of high-income households, Odense 
 

Figure 6.D Segregation of high-income households, Aalborg 

   
Notes: These figures show segregation of high-income households in the four largest municipalities of Denmark during 1988-
2016. A household is called high-income whenever family-equivalent (family-adjusted) disposable income of members of that 
household to be 1.5 times greater than the median of such income in the region of residence. The municipalities are Copenhagen 
(Figure 6.A), Aarhus (Figure 6.B), Odense (Figure 6.C), and Aalborg (Figure 6.D). The data sources are the Population and Income 
Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is measured by the 
dissimilarity index (appendix Figure A.2 shows the segregation based on isolation index). Each figure consists of two lines. The 
blue line shows the calculated segregation measure using micro-neighbourhood as small geographic unit. The red line presents the 
computed measure of segregation using macro-neighbourhoods as small geographic unit. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, 98 municipalities, and 5 regions. 
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Figure 7 shows trends in residential segregation of low-educated persons during 1986-2016 

based on dissimilarity (Figure 7.A) and isolation (Figure 7.B) indices at country level. According 

to this figure, a U-shaped residential segregation of low-educated households is evident, in which 

the residential segregation at the end of the period is slightly higher than the initial year, and the 

lowest in1997. Nevertheless, the dissimilarity index does not exceed the 30% threshold during 

1986-2016, which means residential segregation of low-educated persons is low. Moreover, Table 

4 shows negative correlations between GDP in year t and residential segregation of low-educated 

persons in year t+s, which vary within the range of 5-19%. Such weak correlation is expected 

because a positive GDP shock only affects future residential segregation of low-educated persons 

indirectly (through their employment status). As a support for this argument, Table 4 shows that 

3-4 years after a positive GDP shock, the correlation between segregation of employed persons 

and GDP growth is relatively high and negative (58%).  

 
Figure 7. Residential segregation (dissimilarity and isolation indices) of low-educated persons aged 30-59 

in Denmark, 1986-2016 
Figure 7.A Segregation of low-educated persons, D. index  Figure 7.B Segregation of low-educated persons, I. index 

   
Notes: These figures show residential segregation of low-educated persons aged 30-59 (Figures 7.A and 7.B) in Denmark during 
1986-2016. A person is defined as low-educated whenever he has primary or lower-secondary education. The data sources are the 
Population and Education Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The measures of 
segregation are dissimilarity (Figure 7.A) and isolation (Figure 7.B) indices, which are computed by the authors. Due to the 
sensitivity of isolation index to the share of minority group at country level, the isolation index in Figure 7.B is adjusted by the 
share of low-educated persons aged 30-59 in the full population in Denmark. Each figure consists of three lines. The blue line 
shows the calculated segregation measure using micro-neighbourhoods as the small geographic unit. The red line presents the 
computed measure of segregation using macro-neighbourhoods as the small geographic unit. The green line reports the computed 
segregation using municipalities as the small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-
neighbourhoods, and 98 municipalities. 

 

Figure 8 shows residential segregation of low-educated persons in the 98 municipalities of 

Denmark at four points of time: 1986 (Figure 8.A), 1995 (Figure 8.B), 2005 (Figure 8.C), and 

2015 (Figure 8.D). Overall, the observed U-shaped trend at country level is detectable across 

municipalities. Particularly, while most of the municipalities had residential segregation in the 

range of 15-25% in 1986 (Figure 8.A), residential segregation of those declined to the range of 
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10-20% in 1995. Importantly, residential segregation of low-educated persons in Copenhagen, 

Aarhus and Odense remained as 1986, and declined in Aalborg (Figure 8.B). Nevertheless, in 

2005 a group of municipalities experiencing fast increasing house prices, Aarhus, Copenhagen, 

and the municipalities around Copenhagen (Figure 8.C), saw higher residential segregation of 

low-educated, which for the first time exceeded 25%. Besides, in 2015 even more municipalities 

had levels of residential segregation of low-educated persons in the range of 20-25%, and in 

Aalborg and Odense the segregation exceeded 25% (Figure 8.D). 

 

Figure 8. Residential segregation (dissimilarity index) of low-educated persons in 98 municipalities of 
Denmark in 1986, 1995, 2005, 2015 

Figure 8.A Segregation of low-educated persons, 1986 Figure 8.B Segregation of low-educated persons, 1995 

  
Figure 8.C Segregation of low-educated persons, 2005 Figure 8.D Segregation of low-educated persons, 2015 

  
Notes: These figures show residential segregation of low-educated persons in the 98 municipalities of Denmark in 1986 (Figure 
8.A), 1995 (Figure 8.B), 2005 (Figure 8.C), and 2015 (Figure 8.D). A person is defined as low-educated whenever he has 
primary or lower-secondary education. The data sources are the Population and Education Registers, which are linked to the 
constructed neighbourhoods by Damm et al. (2019). The segregation is measured by the dissimilarity index using micro-
neighbourhoods as small definition of neighbourhoods. The red colour shows that the dissimilarity index is greater than 25%. 
Orange colour means that the dissimilarity index is in the range of 20-25%. The lightest green colour shows that the 
dissimilarity index is in the range of 15-20%, and the darker green colours, the lower is the dissimilarity index. Therefore, the 
darkest green colour shows that the dissimilarity index is lower than 10%. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, 98 municipalities, and 5 regions. 
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Figure 9. Residential segregation (dissimilarity index) of low-educated persons aged 30-59 in the four 
largest municipalities of Denmark, 1986-2016 

 
Figure 9.A Segregation of low-educated persons, Copenhagen  

 
Figure 9.B Segregation of low-educated persons, Aarhus  

   
 

Figure 9.C Segregation of low-educated persons, Odense 
 

Figure 9.D Segregation of low-educated persons, Aalborg 

   
Notes: These figures show segregation of low-educated persons aged 30-59 in the four largest municipalities of Denmark during 
1986-2016. A person is defined as low-educated whenever he has primary or lower-secondary education. The municipalities are 
Copenhagen (Figure 9.A), Aarhus (Figure 9.B), Odense (Figure 9.C), and Aalborg (Figure 9.D). The data sources are the 
Population and Education Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation 
is measured by the dissimilarity index (appendix Figure A.4 shows the segregation based on isolation index). Each figure consists 
of two lines. The blue line shows the calculated segregation measure using micro-neighbourhood as small geographic unit. The 
red line presents the computed measure of segregation using macro-neighbourhoods as small geographic unit. Denmark is divided 
into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities.  

 

Figure 9 shows residential segregation (dissimilarity index) of low-educated persons in the 

four municipalities of Copenhagen, Aarhus, Odense, and Aalborg during 1986-2016. Figure A.4 

in Appendix also shows trends in isolation index for segregation of low-educated persons in these 

municipalities. Figures 9.A and 9.B show fast increasing trends in residential segregation of low-

educated persons in Copenhagen and Aarhus. While the levels of residential segregation in 

Copenhagen and Aarhus were around 23% in 1986, due to the faster increasing trend in Aarhus 

segregation reached 34% in 2016, which was 6 pp greater than for Copenhagen. In contrast to the 

two largest municipalities, residential segregation of low-educated persons in Odense and Aalborg 
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followed the same pattern as at country level. It is also important to note that only in Aarhus 

residential segregation of low-educated persons has increased to levels greater than 30% since 

2010.   

Figure 10 shows trends in residential segregation of inactive persons during 1986-2016 

based on dissimilarity (10.A) and isolation (10.B) indices at country level. According to Figure 

10.A, residential segregation of inactive persons was low but slightly increasing, and fluctuated 

within the range of 19-22% during 1986-2016. Based on Table 4, a positive GDP shock in year 𝑡 

gradually decreases residential segregation of inactive persons up to 5 years after the shock, in the 

short run because more neighbours become employed and in the medium run due to 

neighbourhood relocation.  

 

Figure 10. Residential segregation (dissimilarity and isolation indices) of inactive persons aged 18-64 in 
Denmark, 1986-2016 

 
Figure 10.A Segregation of inactive persons, D. index 

 
Figure 10.B Segregation of inactive persons, I. index 

   
Notes: These figures show residential segregation of inactive persons aged 18-64 (Figures 10.A and 10.B) in Denmark during 
1986-2016. A person is defined as inactive whenever he is neither attached to the labour market nor enrolled in education. The 
data sources are the Population and Employment Registers, which are linked to the constructed neighbourhoods by Damm et al. 
(2019). The measures of segregation are dissimilarity (Figure 10.A) and isolation (Figure 10.B) indices, which are computed by 
the authors. Due to the sensitivity of isolation index to the share of minority group at country level, the isolation index in Figure 
10.B is adjusted by the share of inactive persons aged 18-64 in the full population in Denmark. Each figure consists of three lines. 
The blue line shows the calculated segregation measure using micro-neighbourhoods as the small geographic unit. The red line 
presents the computed measure of segregation using macro-neighbourhoods as the small geographic unit. The green line reports 
the computed segregation using municipalities as the small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 
1,961 macro-neighbourhoods, and 98 municipalities. 

 

Figure 11 graphically reports residential segregation of inactive persons in the 98 

municipalities of Denmark at four points of time: 1986 (Figure 11.A), 1995 (Figure 11.B), 2005 

(Figure 11.C), and 2015 (Figure 11.D). Overall, one can observe relatively stable residential 

segregation across municipalities over time. Comparing residential segregation of inactive 

persons in 1986 and 1995 shows that the segregation was stable (Figures 11.A and 11.B); 

however, declined to the range of 15-20% in Aalborg. Additionally, relative to 1995, residential 
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segregation in Aarhus and Odense increased to above 25% (Figure 11.C). Finally, while in 2015 

most of the municipalities kept the same dissimilarity index as of 2005, residential segregation in 

Frederica and four small municipalities near Copenhagen increased to above 25% (Figure 11.D). 

 

Figure 11. Residential segregation (dissimilarity index) of inactive persons in 98 municipalities of 
Denmark in 1986, 1995, 2005, 2015 

Figure 11.A Segregation of inactive persons, 1986 Figure 11.B Segregation of inactive persons, 1995 

  
Figure 11.C Segregation of inactive persons, 2005 Figure 11.D Segregation of inactive persons, 2015 

  
Notes: These figures show residential segregation of inactive persons in the 98 municipalities of Denmark in 1986 (Figure 
14.A), 1995 (Figure 14.B), 2005 (Figure 14.C), and 2015 (Figure 14.D). A person is defined as inactive whenever he is neither 
attached to the labour market nor enrolled in education. The data sources are the Population and Employment Registers, which 
are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is measured by the dissimilarity index 
using micro-neighbourhoods as small definition of neighbourhoods. The red colour shows that the dissimilarity index is greater 
than 25%. Orange colour means that the dissimilarity index is in the range of 20-25%. The lightest green colour shows that 
the dissimilarity index is in the range of 15-20%, and the darker green colours, the lower is the dissimilarity index. Therefore, 
the darkest green colour shows that the dissimilarity index is lower than 10%. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, 98 municipalities, and 5 regions. 

 

Figure 12 shows residential segregation (dissimilarity index) of inactive persons in the four 

municipalities of Copenhagen, Aarhus, Odense, and Aalborg during 1986-2016. Figure A.5 in 

Appendix also shows trends in isolation index for segregation of inactive persons in these 

municipalities. Aarhus, Odense and Aalborg all saw an increase in the level of residential 
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segregation of inactive persons; it is almost 30% in Aarhus (Figure 12.B) and Odense (Figure 

12.C), while substantially lower in Aalborg (around 22%) (Figure 12.D). In Copenhagen, 

residential segregation of inactive persons is inverse U-shaped; it peaked in 2000. Since then it 

has declined to the initial level of 1986 (i.e. 20-21%) (Figure 12.A).  

 

Figure 12. Residential segregation (dissimilarity index) of inactive persons aged 18-64 in the four largest 
municipalities of Denmark, 1986-2016 

 
Figure 12.A Segregation of inactive persons, Copenhagen  

 
Figure 12.B Segregation of inactive persons, Aarhus  

   
 

Figure 12.C Segregation of inactive persons, Odense 
 

Figure 12.D Segregation of inactive persons, Aalborg 

   
Notes: These figures show segregation of inactive persons aged 18-64 in the four largest municipalities of Denmark during 1986-
2016. A person is defined as inactive whenever he is neither attached to the labour market nor enrolled in education. The 
municipalities are Copenhagen (Figure 12.A), Aarhus (Figure 12.B), Odense (Figure 12.C), and Aalborg (Figure 12.D). The data 
sources are the Population and Employment Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). 
The segregation is measured by the dissimilarity index (appendix Figure A.5 shows the segregation based on isolation index). Each 
figure consists of two lines. The blue line shows the calculated segregation measure using micro-neighbourhood as small 
geographic unit. The red line presents the computed measure of segregation using macro-neighbourhoods as small geographic unit. 
Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities.  

 

Figure 13 shows trends in residential segregation of criminals during 1986-2016 based on 

dissimilarity (13.A) and isolation (13.B) indices at the country level. According to Figure 13.A, 

residential segregation of criminals was moderate and relatively stable (i.e. fluctuated around 
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35%). According to Table 4, the negative correlation between GDP and dissimilarity index for 

criminals from the fourth year suggests that it takes more than 3 years before a positive GDP 

shock reduces residential segregation of criminals, perhaps because of state dependency in the 

criminal status (a minor share of criminals are responsible for the majority of crimes).23 

 

Figure 13. Residential segregation (dissimilarity and isolation indices) of criminals in Denmark, 1986-
2016 

 
Figure 13.A Segregation of criminals, D. index 

 
Figure 13.B Segregation of criminals, I. index 

   
Notes: These figures show residential segregation of criminals (Figures 13.A and 13.B) in Denmark during 1986-2016. A person 
is called criminal whenever his age is 15 or greater and convicted for violation of Panel Code, the Weapons Act, or the Drug Act. 
The data sources are the Population and Central Police Registers, which are linked to the constructed neighbourhoods by Damm 
et al. (2019). The measures of segregation are dissimilarity (Figure 13.A) and isolation (Figure 13.B) indices, which are computed 
by the authors. Due to the sensitivity of isolation index to the share of minority group at country level, the isolation index in Figure 
13.B is adjusted by the share of criminals (aged 15 or greater) in the full population in Denmark. Each figure consists of three 
lines. The blue line shows the calculated segregation measure using micro-neighbourhoods as the small geographic unit. The red 
line presents the computed measure of segregation using macro-neighbourhoods as the small geographic unit. The green line 
reports the computed segregation using municipalities as the small geographic unit. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities. 

 

Figure 14 graphically reports residential segregation of criminals in the 98 municipalities of 

Denmark at four points of time: 1986 (Figure 14.A), 1995 (Figure 14.B), 2005 (Figure 14.C), and 

2015 (Figure 14.D). Comparing 1986 and 1995 shows that in most of the municipalities residential 

segregation of criminals increased from the range of about 25-30% to 30-35% (municipalities like 

Copenhagen, Aarhus, and Aalborg). In addition, the number of municipalities with segregation 

levels greater than 35% increased from 2 to 7 municipalities during the mentioned period (Figures 

14.A and 14.B). Relative to 1995, the number of municipalities with residential segregation 

greater than 35% increased in 2005. Aarhus and municipalities around Copenhagen, for instance, 

saw increases in the levels of segregation of criminals to above 35% (Figure 14.C). However, 

segregation of criminals from 2005 to 2015 did not change importantly, and remained stable 

(Figure 14.D). 

                                                            
23 https://www.dr.dk/nyheder/tema/regeringens-ghettoudspil  
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Figure 14. Residential segregation (dissimilarity index) of criminals in 98 municipalities of Denmark in 
1986, 1995, 2005, 2015 

Figure 14.A Segregation of criminals, 1986 Figure 14.B Segregation of criminals, 1995 

  
Figure 14.C Segregation of criminals, 2005 Figure 14.D Segregation of criminals, 2015 

  
Notes: These figures show residential segregation of criminals in the 98 municipalities of Denmark in 1986 (Figure 14.A), 
1995 (Figure 14.B), 2005 (Figure 14.C), and 2015 (Figure 14.D). A person is called criminal whenever his age is 15 or greater 
and convicted for violation of Panel Code, the Weapons Act, or the Drug Act. The data sources are the Population and Central 
Police Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is measured by 
the dissimilarity index using micro-neighbourhoods as small definition of neighbourhoods. The red colour shows that the 
dissimilarity index is greater than 35%. Orange colour means that the dissimilarity index is in the range of 30-35%. The lightest 
green colour shows that the dissimilarity index is in the range of 25-30%, and the darker green colours, the lower is the 
dissimilarity index. Therefore, the darkest green colour shows that the dissimilarity index is lower than 20%. Denmark is 
divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, 98 municipalities, and 5 regions. 

 

Figure 15 shows residential segregation of criminals in the 98 municipalities of Denmark at 

four points of time: 1986 (Figure 15.A), 1995 (Figure 15.B), 2005 (Figure 15.C), and 2015 (Figure 

15.D). Figure A.6 in Appendix also shows trends in isolation index for segregation of criminals 

in these municipalities. As for residential segregation of inactive persons we see an increasing 

trend for Aarhus, Odense and Aalborg w.r.t. residential segregation of criminals (Figures 15.B-

15.D), whereas Copenhagen saw little change and a level of around 32-33% during 1986-2016 

(Figure 15.A).  
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Figure 15. Residential segregation (dissimilarity index) of criminals in the four largest municipalities of 
Denmark, 1986-2016 

 
Figure 15.A Segregation of criminals, Copenhagen  

 
Figure 15.B Segregation of criminals, Aarhus  

   
 

Figure 15.C Segregation of criminals, Odense 
 

Figure 15.D Segregation of criminals, Aalborg 

   
Notes: These figures show segregation of criminals in the four largest municipalities of Denmark during 1986-2016. A person is 
called criminal whenever his age is 15 or greater and convicted for violation of Panel Code, the Weapons Act, or the Drug Act. 
The municipalities are Copenhagen (Figure15.A), Aarhus (Figure 15.B), Odense (Figure 15.C), and Aalborg (Figure 15.D). The 
data sources are the Population and Central Police Registers, which are linked to the constructed neighbourhoods by Damm et al. 
(2019). The segregation is measured by the dissimilarity index (appendix Figure A.6 shows the segregation based on isolation 
index). Each figure consists of two lines. The blue line shows the calculated segregation measure using micro-neighbourhood as 
small geographic unit. The red line presents the computed measure of segregation using macro-neighbourhoods as small 
geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities.  

 

5.2. TRENDS IN RESIDENTIAL SEGREGATION BY ETHNICITY 

Figure 16 shows the trends in residential segregation of non-Westerns during 1986-2016 across 

neighbourhoods in the country Figure 16.A shows that the dissimilarity index for residential 

segregation of non-Westerns fluctuated around 60% and had a (fairly) flat trend during 1986-

1995 (partly due to the Danish Spatial Dispersal Policy on refugees in place during 1986-1998), 

declined in 1996, mainly due to the large influx of refugees from the former Yugoslavia and their 

spatial dispersal. From 1996-1999 the dissimilarity index for residential segregation of non-

Westerns remained stable, but declined particularly from 2000 to 2003 as relatively many 
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refugees arrived who were spatially dispersed according to the Integration Act implemented from 

1st of Jan. 1999 and still in place. The employment prospects were in general improving in these 

years for many non-Western immigrants in Denmark, which may have influenced their housing 

consumption. However, even after the economic downturn in 2008, the dissimilarity index keeps 

declining trend. In the period 1986-2016 the share of non-Western immigrants in Denmark 

increased from 1.4% to 7.9%.The adjusted isolation index in Figure 16.B reveals an increasing 

trend in the isolation index from 8% in 1986 to 18% in 2000, followed by a relatively flat trend 

during 2001-2006, and a declining trend since then.  

 

Figure 16. Residential segregation (dissimilarity and isolation indices) of non-Western immigrants and 
descendants in Denmark, 1986-2016 

 
Figure 16.A Segregation of non-Westerns, D. index 

 
Figure 16.B Segregation of non-Westerns, I. index 

   
Notes: These figures show residential segregation of non-Western immigrants and descendants (Figures 16.A and 16.B) in 
Denmark during 1986-2016. Data source is Population Register, which is linked to the constructed neighbourhoods by Damm et 
al. (2019). The measures of segregation are dissimilarity (Figure 16.A) and isolation (Figure 16.B) indices, which are computed 
by the authors. Due to the sensitivity of isolation index to the share of minority group at country level, the isolation index in Figure 
16.B is adjusted by the share of non-Western immigrants and descendants in the full population in Denmark. Each figure consists 
of three lines. The blue line shows the calculated segregation measure using micro-neighbourhoods as the small geographic unit. 
The red line presents the computed measure of segregation using macro-neighbourhoods as the small geographic unit. The green 
line reports the computed segregation using municipalities as the small geographic unit. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities. 

 

Figure 17 graphically illustrates residential segregation of non-Western immigrants and 

descendants in the 98 municipalities in Denmark at four points of time: 1986 (Figure 17.A), 1995 

(Figure 17.B), 2005 (Figure 17.C), and 2015 (Figure 17.D). Figure 17.A shows considerable 

variation in the dissimilarity index across municipalities of Denmark in 1986; however, only 3 

municipalities had very high segregation of non-Westerns (red). Besides, segregation in term of 

non-Westerns in Aarhus, Odense, and Aalborg municipalities were in the range of 50-60%, and 

in Copenhagen municipality was even smaller (in the range of 40-50%). Relative to 1986, 

segregation in three municipalities with very high dissimilarity index declined to 60-70%, a few 

municipalities experienced decline in segregation (like Aalborg), and in other municipalities the  
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Figure 17. Residential segregation (dissimilarity index) of non-Western immigrants and descendants in 
98 municipalities of Denmark in 1986, 1995, 2005, 2015 

Figure 17.A Segregation of non-Westerns, 1986 Figure 17.B Segregation of non-Westerns, 1995 

  
Figure 17.C Segregation of non-Westerns, 2005 Figure 17.D Segregation of non-Westerns, 2015 

  
Notes: These figures show residential segregation of non-Western immigrants and descendants in the 98 municipalities of 
Denmark in 1986 (Figure 17.A), 1995 (Figure 17.B), 2005 (Figure 17.C), and 2015 (Figure 17.D). The data source is the 
Population Register, which is linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is measured 
by the dissimilarity index using micro-neighbourhoods as small definition of neighbourhoods. The red colour shows that the 
dissimilarity index is greater than 70%. Orange colour means that the dissimilarity index is in the range of 60-70%. The 
lightest green colour shows that the dissimilarity index is in the range of 50-60%, and the darker green colours, the lower is 
the dissimilarity index. Therefore, the darkest green colour shows that the dissimilarity index is lower than 30%. Denmark is 
divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities. 

 

segregation remained as in 1986 (like Copenhagen and Odense). One important exception is 

Aarhus municipality, for which the dissimilarity index increased from 50-60% in 1986 to 60-70% 

in 1995. One reason for the modest reduction in segregation of non-Westerns during these 10 

years is influx of refugee immigrants from non-Western countries to Denmark during 1986-1998 

and the spatial dispersal of newly recognised refugees across municipalities since 1986 (Damm, 

2005; Damm and Dustmann, 2014). Except for Aarhus and Esbjerg municipalities, the 

segregation index declined to below 60% in 2005 (Figure 17.C). Furthermore, by 2015 all 

municipalities had a dissimilarity index below 60%, which means that Aarhus municipality was 
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successful in decreasing residential segregation of non-Westerns during 2005-2015 (Figure 

17.D). Additionally, except for the large municipalities of Aarhus and Odense, which had 

dissimilarity indices in the range of 50-60%, most municipalities (including Copenhagen) had 

dissimilarity indices below 50%.      

 

Figure 18. Residential segregation (dissimilarity index) of non-Western immigrants and descendants in the 
four largest municipalities of Denmark, 1986-2016 

 
Figure 18.A Segregation of non-Westerns, Copenhagen  

 
Figure 18.B Segregation of non-Westerns, Aarhus  

   
 

Figure 18.C Segregation of non-Westerns, Odense 
 

Figure 18.D Segregation of non-Westerns, Aalborg 

   
Notes: These figures show segregation of non-Western immigrants and descendants in the four largest municipalities of Denmark 
during 1986-2016. The municipalities are Copenhagen (Figure 18.A), Aarhus (Figure 18.B), Odense (Figure 18.C), and Aalborg 
(Figure 18.D). The data source is the Population Register, which is linked to the constructed neighbourhoods by Damm et al. 
(2019). The segregation is measured by the dissimilarity index (appendix Figure A.7 shows the segregation based on isolation 
index). Each figure consists of two lines. The blue line shows the calculated segregation measure using micro-neighbourhood as 
small geographic unit. The red line presents the computed measure of segregation using macro-neighbourhoods as small 
geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities.  

 

Figure 18 shows residential segregation (dissimilarity index) of non-Westerns in the four 

largest municipalities of Copenhagen, Aarhus, Odense, and Aalborg during 1986-2016. Figure 

A.7 in Appendix also shows trends in isolation index for segregation of non-Westerns in these 

municipalities. Throughout the period, Copenhagen has had a lower level of residential 
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segregation of non-Westerns than Aarhus, Odense and Aalborg, but all four large municipalities 

had lower residential segregation of non-Westerns in 2016 than in 1986. The pattern of decline 

was only similar between Copenhagen and Odense. According to Figures 18.A and 18.C, while 

dissimilarity index for Copenhagen varies between 40-46% and for Odense varies between 52-

62%, their dissimilarity indices had a declining trend during 1986-1991, increasing trend during 

1992-2000, and decreasing trend during 2001-2016. In Aarhus (Figure 18.B), the dissimilarity 

index increased between 1986 and 1996 (from 58% to 65%), and declined to 53% in 2016. Finally, 

in Aalborg (Figure 18.D), the dissimilarity index for non-Westerns declined from 56% to 48% in 

1993, fluctuated around 48% during 1993-2006, and had a declining trend during 2007-2016. 

Moreover, by 2016 residential segregation of non-Westerns in Copenhagen and Aalborg had 

dropped to around 40%, while it had only declined to 52-53% in Aarhus and Odense.   

 

6. LOCAL PUBLIC HOUSING PROVISION AND RESIDENTIAL SEGREGATION 

In this section, we present descriptive statistics for segregation of public housing units, and 

investigate its trend over the 1986-2016 period. Moreover, we test for significant differences over 

time in the level of segregation of public housing units by estimation of regression models, and 

investigate the statistical association between segregation of public housing, on the one hand, and 

ethnic and socioeconomic residential segregation, on the other hand.  

 

6.1. SEGREGATION OF PUBLIC HOUSING UNITS 

Table 5 shows means and standard deviations of dissimilarity and isolation indices measuring 

segregation of public housing units at the country level over 31 years. Practically, we use micro-

neighbourhoods, macro-neighbourhoods, and municipalities as small definitions of 

neighbourhoods to compute dissimilarity and isolation indices in this table. Columns 2 and 3 

report mean and standard deviation of the dissimilarity index. By using micro-neighbourhoods as 

the small geographic unit, segregation of public housing is very high in Denmark. In particular, 

to have a perfectly even distribution24 of public housing units in Denmark, 73% of public housing 

                                                            
24 It is important to note that having “perfectly uniform distribution” of public housing is not the final objective. There 
are costs and benefits related to construction of public housing in all of the neighbourhoods. On the one hand, lower 
inequality offers equal opportunities to all of the residents, which affect their outcomes positively. On the other hand, 
due to the higher land prices in specific neighbourhoods, dispersing the construction of public housing to all of the 
neighbourhoods is costly. Additionally, construction of public housing in large scales decreases the costs because of 
the economy of scales, provision of public services like language courses for immigrants in lower costs, etc. 
Consequently, to have welfare-maximizing level of residential segregation, one needs to compare the costs related to 
construction of public housing in all of the neighbourhoods with the benefits of giving equal opportunities to all of 
the residents in Denmark, which is out of the scope of this study. Therefore, the term of “perfectly uniform 
distribution” is used to interpret the magnitude of dissimilarity index, and does not mean that the uniform distribution 
should be the final objective.   
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units in 8,359 micro-neighbourhoods should be redistributed through demolition of public 

housing in some micro-neighbourhoods and construction of new public housing units in other 

micro-neighbourhoods.25 Use of macro-neighbourhoods for calculation of the segregation of 

public housing decreases the magnitude of the dissimilarity index by 25 pp (to 55%), which also 

indicates a moderate level of segregation. Finally, the computed dissimilarity index using 

municipalities as small geographic units shows a fairly even distribution of public housing across 

municipalities. Columns 4 and 5 of Table 5 present mean and standard deviation for exposure, 

which is measured by the isolation index. Column 4 of Table 5 shows a high isolation index for 

public housing (67%) even after considering the share of public housing at country (i.e. 19%). 

Overall, the descriptive statistics show high levels of segregation of public housing units in 

Denmark. 

 

Table 5. Descriptive statistics on segregation of public housing in Denmark 1986-2016 

  
 D. index  I. index  Share Country 

 Obs. 

   
 Mean S.D  Mean S.D  Mean S.D 

 

  [1]   [2]  [3]     [4]  [5]     [6]  [7]     [8] 

Variable  
 

          
Public housing Micro-  0.7336 0.0377  0.6716 0.0305  0.1912 0.0110  31 

 Macro-  0.5504 0.0355  0.4637 0.0171  0.1912 0.0110  31 

 Muni-  0.2313 0.0196  0.2470 0.0048  0.1912 0.0110  31 

             

Notes: This table shows means and standard deviations for segregation of public housing units in Denmark during 1986-
2016 (31 years). The information is from the Housing Register during 1986-2016, which is linked to the constructed 
micro- and macro-neighbourhoods by Damm et al. (2018). Measures are calculated by authors. Column 1 shows 
whether the small geographic unit is micro-neighbourhood, macro-neighbourhood, or municipality. Denmark is divided 
into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities. Columns 2 and 3 show means 
and standard deviation based on dissimilarity index. Columns 4and 5 present means and standard deviation based on 
isolation index. Due to the sensitivity of isolation index to the share of the minority group in the population, columns 6 
and 7 report the share of public housing at country level. 

 

Figure 19 shows trends in segregations of public housing units during 1986-2016. Figure 

19.A shows that segregation of public housing based on the dissimilarity index had a declining 

trend during 1986-2016. That is, the dissimilarity index, computed using micro-neighbourhoods 

as the small definition, declined from about 80% in 1986 to about 70% in 2016. Similarly, the 

isolation index in Figure 19.B shows a declining trend in the exposure dimension of segregation 

of public housing. While the share of public housing in Denmark has been slowly rising from 

16.7% in 1986 to 20.4% in 2016, there has been a considerable increase in the share of non-

Westerns rising from 1.4% to 7.9% in the same period. This development is important to keep in 

mind, when analysing the trends in residential segregation over time. Furthermore, since 1986 

                                                            
25 Alternatively, through conversion of public housing units to other types of housing like owner-occupied, private 
rental, or cooperative housing in micro-neighbourhoods with very high concentration of public housing. 
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newly arrived refugees, as mentioned earlier, have been subjected to the Danish Spatial Dispersal 

Policy on Refugees (1986-1998) or spatial dispersal according to the Integration Act (1999-), 

settling newly arrived refugees across the country (away from municipalities with higher 

concentrations of immigrants), while other immigrants have settled freely.  

 

Figure 19. Segregation (dissimilarity and isolation indices) of public housing units in Denmark, 1986-2016 
 

Figure 19.A Segregation of public housing units, D. index  
 

Figure 19.B Segregation of public housing units, I. index  

   
Notes: These figures show residential segregation of public housing units (Figures 19.A and 19.B) in Denmark during 1986-2016. 
The data source is the Housing Register, which is linked to the constructed neighbourhoods by Damm et al. (2019). The measures 
of segregation are dissimilarity (Figure 19.A) and isolation (Figure 19.B) indices, which are computed by the authors. Due to the 
sensitivity of isolation index to the share of minority group at country level, the isolation index in Figure 19.B is adjusted by the 
share of public housing units from the stock of residential properties in Denmark. Each figure consists of three lines. The blue line 
shows the calculated segregation measure using micro-neighbourhoods as the small geographic unit. The red line presents the 
computed measure of segregation using macro-neighbourhoods as the small geographic unit. The green line reports the computed 
segregation using municipalities as the small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-
neighbourhoods, and 98 municipalities. 

 

As segregation of public housing units in Table 5 shows even after using municipalities as 

small geographic units, the magnitudes of the computed dissimilarity indices are not minor, which 

means that public housing units are not evenly distributed across municipalities. To shed light on 

the variation across municipalities and over time, Table 6 presents averages of the computed 

segregation indices at the municipality level, as well as overall, within, and across municipality 

variation in those indices. Practically, we use micro-neighbourhoods as small units to compute 

segregation indices in Table 6. Moreover, the computed indices using macro-neighbourhoods as 

small units are presented in appendix Table B.1. The calculated dissimilarity index in column 2 

of Table 6 reveals a high level of segregation of public housing. In particular, on average, 69% of 

public housing units should be redistributed among the micro-neighbourhoods of municipalities 

in order to have municipalities with an even distribution of public housing units. Besides, there is 

modest variation around the calculated average: 10% across municipalities and 6% over time. 
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Table 6. Descriptive statistics for segregation of public housing units in Danish municipalities 
1986-2016 (Micro-neighbourhoods as small geographic units) 

   D. index  I. index  Share Muni  Share Country 
 Obs. 

   Mean S.D  Mean S.D  Mean S.D  Mean S.D 
 

  [1]   [2] [3]   [4] [5]   [6] [7]   [8] [9]   [10] 

Variable                
Public housing overall  0.6897 0.1120  0.5314 0.2176  0.1755 0.1272  0.1912 0.0110  3038 

 between   0.0972   0.2134   0.1267     98 

 within   0.0566   0.0473   0.0166     31 

                

Notes: This table shows means and standard deviations of segregation of public housing units at the micro-neighbourhood level for 
Denmark’s 98 municipalities during 1986-2016 (31 years). The information is from the Danish Administrative Registers of Housing during 
1986-2016, which are linked to the constructed micro- and macro-neighbourhoods by Damm et al. (2019). Measures are calculated by the 
authors. In all calculations, 8,359 micro-neighbourhoods are considered as small geographic units (appendix Table B.1 reports the results 
after using macro-neighbourhoods as small geographic units). Column 1 shows whether the calculated standard deviations are based on 
overall, between, or within municipality variations. Columns 2 and 3 show mean and standard deviation of the dissimilarity indices. Columns 
4 and 5 present mean and standard deviation of the isolation indices. Due to the sensitivity of isolation index to the share of minority group 
in the municipal population, columns 6 and 7 (columns 8 and 9) report the mean and standard deviation of the share of public housing in 
each municipality (country) level. 

 

To obtain a better understanding of the trends in residential segregation in terms of public 

housing at the municipality level, Figure 20 graphically illustrates the dissimilarity index for 

segregation of public housing units across the 98 municipalities at four points of time: 1986 

(Figure 20.A), 1995 (Figure 20.B), 2005 (Figure 20.C), and 2015 (Figure 20.D).  

Figure 20.A shows very high (red) and high (orange) segregation of public housing units 

across municipalities in 1986. That is, with exception of a handful of municipalities, most of the 

municipalities had a dissimilarity index greater than 70%.26 Nevertheless, in 1995, municipalities 

with very high segregation (red) were located in the Capital Region, which consists of 

Copenhagen and the surrounding municipalities (Figure 20.B). Besides, the colours of Aarhus, 

Odense, and Aalborg as the other large municipalities of Denmark changed from red to orange. 

Additionally, relative to 1986, the number of municipalities with segregation between 70-80% 

(orange) decreased in 1995. 

As Figure 20.C shows, the declining trend continued in 2005, and only Copenhagen and the 

surrounding municipalities remained with very high segregation (red). Besides, most of the 

municipalities with segregation between 70-80% in 1995 experienced lower levels of segregation 

in 2005. In comparison to 2005, Copenhagen Municipality reduced segregation of public housing 

units from above 80% to between 70-80%, and Aalborg as the fourth largest municipality of 

Denmark was successful in reducing segregation of public housing units to 60-70% in 2015 

(Figure 20.D). As a result, municipalities with very high segregation (red) restricted to the 

surrounding municipalities of Copenhagen, and the second and third largest municipalities of 

Denmark (i.e. Aarhus and Odense) remained with segregation between 70-80%. As these four 

                                                            
26 The red color shows that dissimilarity index is greater than 80%, and orange color shows dissimilarity index is 
between 70-80%. 
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figures show, next to all of the municipalities of Denmark were successful in reducing residential 

segregation of public housing units. However, municipalities like Copenhagen, Aarhus, and 

Odense, with tighter housing and land markets, were not as fast as other municipalities in reducing 

segregation of public housing units, and could not reduce segregation to levels below 70% during 

these years.  

Copenhagen as the capital of Denmark is an interesting case to describe in more details. 

Figures 20.A-20.C show that segregation of public housing units in Copenhagen Municipality 

was greater than 80% during 1986-2005, and declined to the range of 70-80% in 2015. 

Nevertheless, surrounding municipalities of Copenhagen still had very high segregation in 2015. 

This can be due to the implemented policy by Copenhagen Municipality to increase the share of 

middle and high-income households in the Central Copenhagen during 1995-2005 through 

prevention of construction of public housing in this area. As a result, most of the construction of 

public housing occurred in the suburbs of Copenhagen Municipality, which maintained very high 

levels of segregation of public housing in the suburbs in particular and Copenhagen Municipality 

in general. However, because of high rents, the former mayor of Copenhagen city, Ritt 

Bjerregaard, proposed construction of 5,000 affordable dwellings within 5 years (known as 5 5 

program), and cancelled the restriction on construction of public housing in the city of 

Copenhagen, which increased the socioeconomic mix of residential areas in the city of 

Copenhagen and Copenhagen Municipality as a whole. 

Moreover, to gain a better understanding of the trends in segregation of public housing 

across neighbourhoods within municipalities, Figure 21 graphically illustrates trends in the 

calculated dissimilarity indices measuring segregation of public housing units in the four largest 

municipalities in Denmark, Copenhagen, Aarhus, Odense, and Aalborg, during 1986-2016. 

Appendix Figure A.8 also shows the trends for segregation of public housing units as measured 

by the isolation indices.  

Segregation of public housing has declined in all of the four largest municipalities, albeit to 

a lesser extent in Copenhagen (Figure 21.A). In Copenhagen Municipality, the dissimilarity index 

declined from 80% in 1986 to 75% in 1991, increased to 80% in 1992, and fluctuated around 80% 

during 1992-2009. The dissimilarity index for public housing remained constant around 75% 

during 2010-2016. In contrast, according to Figures 21.B-21.D, segregation of public housing had 

declining trends in Aarhus, Odense, and Aalborg. Particularly, the dissimilarity index declined 

from 80% in 1986 to 70% in 2016 in the two municipalities of Aarhus and Odense, and to 65% 

in Aalborg municipality. Consequently, among these municipalities, the magnitude of decline in 

segregation in term of public housing in Aalborg was the same as the observed trend at country 
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level (i.e. from 80% to 65%), in Aarhus and Odense were slightly smaller (80% to 70%), and in 

Copenhagen (80% to 74%). 

 

Figure 20. Residential segregation (dissimilarity index) in term of public housing in 98 municipalities 
of Denmark in 1986, 1995, 2005, 2015 

Figure 20.A Segregation in term of public housing, 1986 Figure 20.B Segregation in term of public housing, 1995 

 
 

Figure 20.C Segregation in term of public housing, 2005 Figure 20.D Segregation in term of public housing, 2015 

  
Notes: These figures show segregation of public housing units in the 98 municipalities of Denmark in 1986 (Figure 20.A), 
1995 (Figure 20.B), 2005 (Figure 20.C), and 2015 (Figure 20.D). The data source is the Housing Register, which is linked to 
the constructed neighbourhoods by Damm et al. (2019). The segregation is measured by the dissimilarity index using micro-
neighbourhoods as small definition of neighbourhoods. The red colour indicates that dissimilarity index is greater than 80%. 
Orange colour means that the dissimilarity index is in the range of 70-80%. The lightest green colour shows that the 
dissimilarity index is in the range of 60-70%, and the darker green colour, the lower is the dissimilarity index. Therefore, the 
darkest green colour shows that dissimilarity index is below 40%. Denmark is divided into 8,359 micro-neighbourhoods, 
1,961 macro-neighbourhoods, and 98 municipalities. 
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Figure 21. Segregation (dissimilarity index) of public housing units in the four largest municipalities of 
Denmark, 1986-2016 

 
Figure 21.A Segregation of public housing units, Copenhagen  

 
Figure 21.B Segregation of public housing units, Aarhus  

   
 

Figure 21.C Segregation of public housing units, Odense 
 

Figure 21.D Segregation of public housing units, Aalborg 

   
Notes: These figures show segregation of public housing in the four largest municipalities of Denmark during 1986-2016. The 
municipalities are Copenhagen (Figure 21.A), Aarhus (Figure 21.B), Odense (Figure 21.C), and Aalborg (Figure 21.D). The data 
source is the Housing Register, which is linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is 
measured by dissimilarity index (appendix Figure A.8 shows the segregation based on isolation index). Each figure consists of two 
lines. The blue line shows the calculated segregation measure using micro-neighbourhood as small geographic unit. The red line 
presents the computed measure of segregation using macro-neighbourhoods as small geographic unit. Denmark is divided into 
8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities.  

 

6.2. TRENDS IN SEGREGATION OF PUBLIC HOUSING AND TRENDS IN RESIDENTIAL SEGREGATION 

IN TERMS OF SOCIOECONOMIC STATUS AND ETHNICITY 

Figure 16 shows declining trends in residential segregation of non-Westerns during 2001-2016. 

Similarly, Figure 21 shows declining trends of segregation of public housing during the mentioned 

period. Other figures in Section 5.1 also illustrate (i) slightly increasing trends in residential 

segregation of low-income households, high-income households, and inactive persons, (ii) U-

shaped residential segregation of low-educated persons, which had declining trend during 1986-

1997 and increasing trend then after, (iii) stable trend in residential segregation of criminals. 

However, to see the magnitude of such trends that are isolated from unobservable time-invariant 
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characteristics of municipalities and time-varying characteristics of regions, we estimate the 

following equation:  

𝑆𝑒𝑔_𝐶ℎ𝑎𝑟 𝛽 𝛽 𝑌𝑒𝑎𝑟 𝛿 𝜃𝑌𝑒𝑎𝑟 ∗ 𝑅𝑒𝑔𝑖𝑜𝑛 𝛽 𝑆ℎ𝑎𝑟𝑒 𝜀  (3) 

 

where 𝑆𝑒𝑔_𝐶ℎ𝑎𝑟  is segregation (dissimilarity or isolation index) in terms of public housing, 

ethnicity (non-Westerns) and socioeconomic characteristics in municipality 𝑖, in year 𝑡. Besides, 

𝑌𝑒𝑎𝑟  presents a group of dummy variables for each year during 1986-2016. Therefore, 𝛽  is the 

coefficient of interest, which shows the magnitude of decline or increase in the residential 

segregation relative to the reference year (i.e. 1986 or 1988). To control for time-invariant 

unobservable characteristics of municipalities that can affect residential segregations, we include 

municipality fixed effect (𝛿 ). Furthermore, following Ellen et al. (2016), we include a set of 

region-specific year dummies, that help us control for regionally varying time effect (𝑌𝑒𝑎𝑟 ∗

𝑅𝑒𝑔𝑖𝑜𝑛 ). Finally, we also control for 𝑆ℎ𝑎𝑟𝑒_𝐶ℎ𝑎𝑟  which is the share of public housing, non-

Westerns, or individuals with the same socioeconomic characteristics at municipality level. It is 

an important control variable in specifications in which the isolation index measures residential 

segregation. By contrast, in specifications in which the dissimilarity index measures residential 

segregation, our estimates should not be affected by control for 𝑆ℎ𝑎𝑟𝑒_𝐶ℎ𝑎𝑟  because the 

dissimilarity index takes account of the change in the share.  

Figures 22 and 23 show the estimated trends in segregation (dissimilarity index) of public 

housing units and in residential segregation of non-Westerns during 1987-2016, respectively.27 

Practically, each point shows the estimated parameter 𝛽  in equation (3), and the related 

confidence intervals at 95% level. Appendix Figures A.9 and A.10 also show the results of the 

same equation, but using the isolation index for the dependent variable. 

As Figure 22 shows, only in two years of 1990 and 1991 within the period of 1987-1993 

residential segregation of public housing were significantly lower than residential segregation in 

1986. Nevertheless, the declining trend in residential segregation of public housing units started 

in 1994 and continued until 2012. One explanation for such declining trend is the 1994’s reform 

in Public housing Act. Before 1994, there was a centralized quota system in construction of public 

housing; however, since 1994, such decision has been decentralized, and local authorities now 

make decisions on this matter.28 Consequently, local housing associations should now apply and 

                                                            
27 1986 is the base year. 
28 Lov nr 440 af 30/06/1993: Lov om ændring af lov om boligbyggeri, lov om boliger for ældre og personer med 
handicap og realkreditloven (Decentralisering af det støttede byggeri), 
https://www.retsinformation.dk/Forms/R0710.aspx?id=55342 
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compete with each other to get a share of the mentioned localized quota. In turn, to increase the 

socioeconomic mix in neighbourhoods, municipalities try to disperse construction of public 

housing across neighbourhoods through introducing target areas in their municipal plans. Such 

attempts by municipalities can be an explanation for the 10 pp declining trend in residential 

segregation of public housing during 1994-2011.   

 

Figure 22. Trend in segregation of public housing units in municipalities, 1986-2016 

 
Notes: This figure shows trend in segregation of public housing units in Denmark’s 98 municipalities during 
1986-2016. In practice, each point shows the estimated coefficient (and the related confidence interval at 95%) 
for each indicator variable of year in equation 3. The reference year is 1986. Segregation is measured by the 
dissimilarity index using micro-neighbourhoods as small geographic unit. Appendix Figure A.9 shows the 
results for isolation index.  

 

Figure 23 shows the estimated trend in residential segregation of non-Westerns during 1986-

2016. As this figure shows, during 1987-1994 residential segregation of non-Westerns was 5 

percentage points lower than residential segregation in 1986 (significant at 10%). The declining 

trend in residential segregation of non-westerns started in 1995 and continued up to 2002. For 

instance, residential segregation in 2002 was 15 percentage points lower than residential 

segregation in 1986. Nevertheless, while during 2003-2006 the residential segregation of non-

Westerns was lower than in 1986 (by between 12 and 15 percentage points), there was not a 

detectable trend. The declining trend started again in 2007 and reached the highest difference from 

1986 in 2011, when residential segregation of non-Westerns was 22 percentage points lower than 

1986. Furthermore, during the last five years of 2012-2016, there was neither a declining nor an 
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increasing trend in residential segregation of non-Westerns, in line with the relatively stable trend 

segregation of public housing over the same period. Over the entire period 1986-2016, residential 

segregation of non-Westerns declined by 20 pp. 

 

Figure 23. Trend in residential segregation of non-Westerns in municipalities, 1986-2016 

 
Notes: This figure shows trend in residential segregation of non-Western immigrants and descendants in 
Denmark’s 98 municipalities during 1986-2016. In practice, each point shows the estimated coefficient (and 
the related confidence interval at 95%) for each indicator variable of year in equation 3. The reference year is 
1986. Residential segregation is measured by the dissimilarity index using micro-neighbourhoods as small 
geographic unit. Appendix Figure A.10 shows the results for isolation index.  

 

Figure 24 compares the levels of residential segregation of socioeconomic groups with the 

observed levels in the base year (1986 or 1988) using the dissimilarity index. Figure 24.A and 

24.B show trends in residential segregation of low-income and high-income households, 

respectively, during 1988-2016. As these figures show, residential segregation of low- and high-

income households fluctuate within the range of ± 2% of the observed level of residential 

segregation in 1988. Nevertheless, with exception of 1991 and 2009 for residential segregation of 

low-income households, as well as 1990-1992 and 2000 for segregation of high-income 

households, after controlling for unobservable time-invariant characteristics of municipalities and 

time-varying characteristics of regions, residential segregation of high- and low-income 

households are not significantly different from the observed segregation levels in 1988. Figure 

24.C shows trends in residential segregation of low-educated persons. As this figure illustrates, 

relative to residential segregation of low-educated persons in 1986, segregation has started to 
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increase since 1994, and has become significantly higher than the segregation level in 1986 since 

2008. For instance, after isolating segregation levels from unobservable time-invariant 

characteristics of municipalities and time-varying characteristics of regions, residential 

segregation of low-educated persons in 2016 was 12 pp higher than the segregation in 1986. 

According to Figure 24.D, residential segregation of inactive persons has been significantly higher 

than the level of segregation in 1986 since 2007. For example, residential segregation of inactive 

persons in 2016 was 4 pp higher than the observed level in 1986. Finally, residential segregation 

of criminals fluctuated insignificantly around the observed level of segregation in 1986 (Figure 

24.E). Therefore, one can say after controlling for unobservable time-invariant characteristics of 

municipalities and time-varying characteristics of regions, residential segregation of criminals has 

remained stable during 1986-2016. Figure A.11 shows the results of the same analyses using 

isolation index instead of dissimilarity index. 

 

6.3. THE ROLE OF SEGREGATION OF PUBLIC HOUSING FOR RESIDENTIAL SEGREGATION OF 

SOCIOECONOMIC AND ETHNIC GROUPS 

The aim of this section is to investigate the degree to which residential segregation of public 

housing is associated with ethnic and socioeconomic segregation. To do this, we estimate a model 

in which we regress measures of ethnic and socioeconomic segregation on segregation of public 

housing. Practically, we estimate the following model: 

 

𝑆𝑒𝑔_𝐶ℎ𝑎𝑟 𝛾 𝛾 𝑆𝑒𝑔_𝑃𝐻 𝛾 𝑿𝒊𝒕 𝛿 𝛿 𝜃𝑌𝑒𝑎𝑟 ∗ 𝑅𝑒𝑔𝑖𝑜𝑛 𝜖  (4) 

 

where 𝑆𝑒𝑔_𝐶ℎ𝑎𝑟  is ethnic and socioeconomic segregation (dissimilarity index) in municipality 

𝑖, in year 𝑡. Besides, 𝑆𝑒𝑔_𝑃𝐻  shows residential segregation of public housing, and 𝛾  is the 

parameter of interest. 𝑿𝒊𝒕 is a vector of two variables that control for the share of public housing 

(only necessary in specifications which uses the isolation index to measure segregation), as well 

as the share of ethnic or socioeconomic characteristics that is under investigation at municipality 

level. To control for time-invariant unobservable characteristics of municipalities and time trends 

(macro-trends) we include municipality and year fixed effects (𝛿  and 𝛿 , respectively). 

Furthermore, to control for regionally varying time effects, we include a set of region-specific 

year dummies (𝑌𝑒𝑎𝑟 ∗ 𝑅𝑒𝑔𝑖𝑜𝑛 ).     
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Figure 24. Residential segregation (dissimilarity) in terms of socioeconomic characteristics 
 

Figure 24.A. Segregation of low-income households, 
1988-2016 

Figure 24.B. Segregation of high-income households, 
1988-2016 

   
  
Figure 24.C. Segregation of low-educated persons,  

1986-2016 
Figure 24.D. Segregation of inactive persons, 

 1986-2016 

   
   

Figure 24.E. Segregation of criminals, 1986-2016  

 

 

Notes: These figures show trends in residential segregation in terms of socioeconomics characteristics in 
Denmark’s 98 municipalities during 1986-2016. In practice, each point shows the estimated coefficient (and the 
related confidence interval at 95%) for each indicator variable of year in equation 3. The reference year is 1986. 
Segregation is measured by the dissimilarity index using micro-neighbourhoods as small geographic unit. 
Appendix Figure A.11 shows the results for isolation index. Descriptions of socioeconomic characteristics are 
provided in Table 1. 
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Table 7 reports the estimation results. To begin with, the first column of Panel A shows that 

without any controls, a 1 percentage point increase in segregation of public housing is associated 

with a 0.15 percentage point of increase in segregation of non-Westerns. Adding municipality 

fixed effects and year fixed effects in columns 2 and 3 doubles the magnitude of point estimate to 

0.34 percentage points. Besides, controlling for regionally varying time effect decreases the 

magnitude of point estimate by 0.07 percentage points, but it remains significant at the 1% level. 

Finally, controlling for the share of public housing and share of non-Westerns at municipality 

level in column 5 does not change the magnitude of point estimate importantly. As a result, there 

is a significantly positive association between segregation of public housing and segregation of 

non-Westerns. That is, a 1 percentage point increase in segregation of public housing increases 

segregation of non-Westerns by 0.28 percentage points. The same argument holds for immigrants 

and descendants from the ten countries (Panel B). That is, as the point estimate in column 4 shows, 

a 1 percentage point increase in the segregation of public housing units is associated with a 0.18 

percentage point increase in residential segregation of immigrants and descendants from the 10 

countries. The 10 percentage point decline in segregation of public housing over the period 1986-

2016 is therefore associated with 2.8 percentage point decrease in residential segregation of non-

Westerns corresponding to 14% of the total decline in residential segregation of non-Westerns 

over that period. 

Panel E of Table 6 also shows positive but marginally significant association between 

segregation of public housing units and segregation of low-educated persons (i.e. persons with 

primary education). That is, a 1 percentage point increase in the segregation of public housing 

units is associated with a 0.054 percentage point increase in segregation of poorly educated 

residents (column 4). This can be due to the positive association between segregation of public 

housing and segregation of non-Westerns.  

However, after controlling for municipality and year fixed effects, associations between 

segregation of public housing units and residential segregation of low-income households, 

inactive persons in the working-age population, and employed persons become insignificant and 

close to zero (Panels C, F, and G, columns 3 and 4). Besides, while after controlling for 

municipality and year fixed effects, there are positive and significant associations between 

segregation of public housing units and residential segregation of high-income persons and 

segregation of  criminals (column 3 of Panels D and H), the associations become insignificant 

after controlling for regionally varying time effect in column 4. 

Overall, there are positive associations between segregation of public housing and 

segregation of non-Westerns (and immigrants from the ten countries) and low-educated persons. 
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Table 7. Associations between the level of segregation of public housing and the level of 
residential segregation of ethnic and socioeconomic groups 

 
Dependent Variables [1] [2] [3] [4] [5] 

           
Panel A: non-Westerns      
Seg. by public housing (Dissimilarity) 0.153* 0.742*** 0.339*** 0.279*** 0.250*** 

 (0.0771) (0.0560) (0.0798) (0.0681) (0.0664) 

R-squared 0.026 0.372 0.520 0.568 0.571 

      

Panel B: Ten countries      

Seg. by public housing (Dissimilarity) 0.164** 0.0129 0.128** 0.176*** 0.168*** 

 (0.0780) (0.0487) (0.0589) (0.0511) (0.0499) 

      

R-squared 0.033 0.000 0.298 0.342 0.344 

      

Panel C: Low-income      

Seg. by public housing (Dissimilarity) 0.145*** -0.00542 -0.0601 -0.0263 -0.0586 

 (0.0380) (0.0307) (0.0416) (0.0439) (0.0372) 

R-squared 0.080 0.000 0.100 0.172 0.216 

      

Panel D: High-income      

Seg. by public housing (Dissimilarity) 0.501*** -0.0137 0.0864** 0.0443 0.0415 

 (0.0611) (0.0276) (0.0429) (0.0435) (0.0414) 

R-squared 0.389 0.001 0.163 0.291 0.330 

      

Panel E: Low-educated      

Seg. by public housing (Dissimilarity) 0.195*** -0.0505** 0.106*** 0.0539* 0.0275 

 (0.0327) (0.0216) (0.0329) (0.0305) (0.0294) 

R-squared 0.181 0.021 0.408 0.524 0.585 

 

Panel F: Inactive      

Seg. by public housing (Dissimilarity) 0.225*** -0.0445*** 0.00719 0.0199 0.0152 

 (0.0306) (0.0138) (0.0295) (0.0237) (0.0245) 

R-squared 0.257 0.026 0.126 0.225 0.227 

      

Panel G: Employed      

Seg. by public housing (Dissimilarity) 0.248*** -0.0313** -0.000393 0.00598 -0.00223 

 (0.0338) (0.0151) (0.0336) (0.0287) (0.0286) 

R-squared 0.260 0.012 0.140 0.219 0.228 

      

Panel H: Criminal      

Seg. by public housing (Dissimilarity) 0.0428* -0.123*** 0.0726** 0.0534 0.0364 

 (0.0240) (0.0232) (0.0355) (0.0381) (0.0382) 

R-squared 0.009 0.033 0.174 0.217 0.251 

            

Controlled for:      

Municipality FE NO YES YES YES YES 

Year FE NO NO YES YES YES 

Region*Year FE NO NO NO YES YES 

Share of public housing and variable NO NO NO NO YES 

Number of Municipalities 98 98 98 98 98 

Observations 3,038 3,038 3,038 3,038 3,038 
Notes: This table shows associations between segregation in term of public housing and residential segregations in other 
terms. In particular, this table shows the results of linear regressions of dissimilarity index for different ethnic and 
socioeconomic characteristics on dissimilarity index for public housing (equation 4). The considered ethnic and 
socioeconomic characteristics are: non-Westerns, ten countries, low-income households, high-income households, low-
educated persons, inactive persons, employed persons, and criminals. The description of these dependent variables are 
presented in Table 1. The segregation measures are computed using micro-neighbourhoods as small geographic unit. 
Column 1 presents the results without any further control. Column 2 shows the results after controlling for municipality 
fixed effect, and column 3 reports the results after controlling for neighbourhood and year fixed effects. Column 4 shows 
the results after controlling for neighbourhood and year fixed effects, as well as region by year fixed effect. Column 5 adds 
control for share of public housing and share of each of the ethnic and socioeconomic characteristics at municipality level. 
The period of study is 1986-2016. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, 98 
municipalities, and 5 regions. Standard errors are reported in parentheses and clustered at municipality level. 
*** p<0.01, ** p<0.05, * p<0.1 
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7.  CONCLUSION 

Using high-quality micro data for the full population of Denmark during the period from 1986-

2016, we measure residential segregation of socioeconomic groups and non-Western immigrants 

and descendants by calculating annual dissimilarity and isolation indices for the country as the 

whole and for the 98 Danish municipalities over this period. Our results show that residential 

segregation by socioeconomic status is low, but has increased between 2005 and 2015, and 

reached a moderate level for low-income households, high-income households and criminals, but 

remained at a low level for low-educated persons, inactive persons and employed persons. By 

contrast, residential segregation of non-Western immigrants and descendants as measured by the 

dissimilarity index is moderate but has declined by 20 percentage points over this period, while 

the isolation index increased by 10 percentage points before the millennium, but declined after 

2006, just like the dissimilarity index. 

Since non-Western immigrants are overrepresented in public housing in Denmark compared 

to natives, we test the hypothesis empirically that the decline in residential segregation of non-

Western immigrants and descendants is due to a decline in segregation of public housing units 

over the period. We show that public housing is very segregated in Denmark, but that there has 

been a strong declining trend in public housing units over the period considered of around 10 

percentage points. Exploiting only the within-municipality variation in segregation of public 

housing units and residential segregation of socioeconomic and ethnic groups, the results from 

regression analyses using the dissimilarity index to measure segregation show a strong positive 

statistical association between the level of segregation of public housing units and the level of 

residential segregation of non-Western immigrants and descendants. According to our estimate, a 

1 percentage points decrease in segregation of public housing units in the municipality is 

associated with 0.28 percentage points decrease in the level of residential segregation of non-

Western immigrants and descendants in the municipality. The 10 percentage point decline in 

segregation of public housing can thus explain around 14% of the decline in residential 

segregation of non-Western immigrants and descendants. Spatial dispersal of newly recognised 

refugees has also contributed to the decline. Similarly, we find a statistically significant and 

positive association between the level of segregation of public housing units and the level of 

residential segregation of low-educated individuals. According to our estimate, a 1 percentage 

point decrease in segregation of public housing units in the municipality is associated with 0.05 

percentage points decrease in the level of residential segregation of low-educated individuals. The 

latter result reflects that non-Western immigrants are overrepresented in the group of low-

educated in Denmark. By contrast, we find no statistical association between the level of 
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segregation of public housing units in the municipality and the level of residential segregation of 

low-income households, criminals, employed, and individuals in their working-ages who are 

inactive (neither employed, nor enrolled in education). 

Our findings suggest that construction of public housing units in neighbourhoods with 

relatively low shares of public housing and demolition of public housing blocks in 

neighbourhoods with relatively high shares of public housing units has led to a considerable 

reduction in the level of residential segregation of non-Western immigrants and descendants and 

to a lesser extent to a reduction in the level of segregation of low-educated individuals in Denmark 

since the beginning of the 21st century. Lower residential segregation of non-Western immigrants 

and descendants in Danish municipalities is likely to facilitate cultural integration of non-Western 

immigrants and descendants both in neighbourhoods and schools. However, research on the 

question of whether lower residential segregation of non-Western immigrants and descendants 

improve educational attainment and labour market outcomes of non-Western immigrants and 

descendants is inconclusive. Quasi-experimental evidence from Denmark and Sweden show that 

living in an established ethnic enclave improves socioeconomic outcomes of recent immigrants 

(Edin et al. 2003; Damm 2009b; Damm, 2014; Åslund et al., 2011), in particular low-skilled. In 

theory, residential segregation of immigrants and descendants may hamper their socioeconomic 

outcomes in the long-run, but due to location sorting it is very difficult to test empirically. In 

Denmark, the native-immigrant gap in upper-secondary education has steadily narrowed since 

1990, both the raw gap and the gap conditional on parental socioeconomic status (Fallesen, 2017). 

The remaining gap is entirely explained by the lower grades at the lower-secondary school exit 

exam. The decline in residential segregation of non-Western immigrants may have contributed to 

the improved lower-secondary school outcomes of non-Western immigrants and descendants and 

the narrowing of the native-immigrant gap in upper-secondary education in Denmark. In the long 

run, the decline in the residential segregation of non-Western immigrants and descendants may 

also improve social cohesion which can be important for the legitimation of a generous Nordic 

welfare state. 

The increase in residential segregation by income in Denmark, observed especially for low-

income households over the 2005-2015-period, can be explained by increasing income inequality 

over our observation period, and in particular since around 2002. The top decile of the income 

distribution has an increasing share of total disposable income in Denmark. Since 2002, the top 

decile has seen a 40% increase in real disposable income, whereas the bottom decile has had a 1% 

decrease in real disposable income (Arbejderbevægelsens Erhvervsråd 2019). Two Danish 

welfare reforms have contributed to the increase in income inequality at the bottom of the 

distribution: “start help” to immigrants at 60% of the social assistance level for citizens (in place 
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in 1999, 2002-2012 and re-introduced in 2015) and shortening the maximum eligibility period for 

unemployment insurance from 4 to 2 years for insured workers in 2010. Other factors like rising 

median income may also have been decisive for the increasing income inequality and increasing 

residential segregation of low-income households. By 2015, residential segregation of low-

income households has even increased to moderate levels in 3 out of 98 municipalities. The 

increase in residential segregation of low-income households is a concerning trend since (quasi-) 

experimental studies on neighbourhood effects find that living in a poor neighbourhood has 

adverse effects on children’s schooling and risk-behaviour and adult mental well-being (e.g. 

Chetty et al. 2016; Damm and Dustmann 2014).  
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Appendix A. Figures 

 

 

Figure A.1. Residential segregation (isolation index) of low-income households in the four largest 
municipalities of Denmark, 1988-2016 

 
Figure A.1.A. Segregation of low-income HHs, Copenhagen  

 
Figure A.1.B. Segregation of low-income HHs, Aarhus  

   
 

Figure A.1.C. Segregation of low-income HHs, Odense 
 

Figure A.1.D. Segregation of low-income HHs, Aalborg 

   
Notes: These figures show segregation of low-income households in the four largest municipalities of Denmark during 1988-2016. 
A household is called low-income whenever family-equivalent (family-adjusted) disposable income of members of that household 
to be less than the half of the median of such income in the region of residence.The municipalities are Copenhagen (Figure A.1.A), 
Aarhus (Figure A.1.B), Odense (Figure A.1.C), and Aalborg (Figure A.1.D). The data sources are the Population and Income 
Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is measured by the isolation 
index (Figure 3 shows the segregation based on dissimilarity index). Due to the sensitivity of the isolation index to the share of 
minority group in the (municipal) population, the isolation index is adjusted by the share of low-income households in the 
municipality. Each figure consists of two lines. The blue line shows the calculated segregation measure using micro-neighbourhood 
as small geographic unit. The red line presents the computed measure of segregation using macro-neighbourhoods as small 
geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, 98 municipalities, and 5 
regions. 
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Figure A.2. Residential segregation (isolation index) of high-income households in the four largest 
municipalities of Denmark, 1988-2016 

 
Figure A.2.A. Segregation of high-income HHs, Copenhagen  

 
Figure A.2.B. Segregation of high-income HHs, Aarhus  

   
 

Figure A.2.C. Segregation of high-income HHs, Odense 
 

Figure A.2.D. Segregation of high-income HHs, Aalborg 

   
Notes: These figures show segregation of high-income households in the four largest municipalities of Denmark during 1988-2016. 
A household is called high-income whenever family-equivalent (family-adjusted) disposable income of members of that household 
to be 1.5 times greater than the median of such income in the region of residence.The municipalities are Copenhagen (Figure 
A.2.A), Aarhus (Figure A.2.B), Odense (Figure A.2.C), and Aalborg (Figure A.2.D). The data sources are the Population and 
Income Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation is measured by the 
isolation index (Figure 6 shows the segregation based on dissimilarity index). Due to the sensitivity of the isolation index to the 
share of minority group in the (municipal) population, the isolation index is adjusted by the share of high-income households in 
the municipality. Each figure consists of two lines. The blue line shows the calculated segregation measure using micro-
neighbourhood as small geographic unit. The red line presents the computed measure of segregation using macro-neighbourhoods 
as small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, 98 municipalities, 
and 5 regions. 
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Figure A.3. Annual average house prices per square meter (in real term) at country level and 
the four largest municipalities of Denmark 1993-2016 

 
Figure A.3.A. Single-family houses 

 

 
Figure A.3.B. Flats 

 

 
Notes: These figures show annual average house prices per square meter at country level as well as the four larges 
municipalities of Denmark (i.e. Copenhagen, Aarhus, Aalborg, and Odense) during 1993-2016. The data source is 
the Housing Transaction. All of the prices are in real terms (2015=100) and calculated by the authors. Figure A.3.A 
shows average house prices for single-family houses, and Figure A.3.C presents average house prices for flats. 
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Figure A.4. Residential segregation (isolation index) of low-educated persons aged 30-59 in the four 
largest municipalities of Denmark, 1986-2016 

 
Figure A.4.A. Segregation of low-educated persons, Copenhagen  

 
Figure A.4.B. Segregation of low-educated persons, Aarhus  

   
 

Figure A.4.C. Segregation of low-educated persons, Odense 
 

Figure A.4.D. Segregation of low-educated persons, Aalborg 

   
Notes: These figures show segregation of low-educated persons aged 30-59 in the four largest municipalities of Denmark during 
1986-2016. A person is defined as low-educated whenever he has primary or lower-secondary education. The municipalities are 
Copenhagen (Figure A.4.A), Aarhus (Figure A.4.B), Odense (Figure A.4.C), and Aalborg (Figure A.4.D). The data sources are the 
Population and Education Registers, which are linked to the constructed neighbourhoods by Damm et al. (2019). The segregation 
is measured by the isolation index (Figure 9 shows the segregation based on dissimilarity index). Due to the sensitivity of the 
isolation index to the share of minority group in the (municipal) population, the isolation index is adjusted by the share of low-
educated persons aged 30-59 in the municipality. Each figure consists of two lines. The blue line shows the calculated segregation 
measure using micro-neighbourhood as small geographic unit. The red line presents the computed measure of segregation using 
macro-neighbourhoods as small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-
neighbourhoods, and 98 municipalities.  
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Figure A.5. Residential segregation (isolation index) of inactive persons aged 18-64 in the four largest 
municipalities of Denmark, 1986-2016 

 
Figure A.5.A. Segregation of inactive persons, Copenhagen  

 
Figure A.5.B. Segregation of inactive persons, Aarhus  

   
 

Figure A.5.C. Segregation of inactive persons, Odense 
 

Figure A.5.D. Segregation of inactive persons, Aalborg 

   
Notes: These figures show segregation of inactive persons aged 18-64 in the four largest municipalities of Denmark during 1986-
2016. A person is defined as inactive whenever he is neither attached to the labour market nor enrolled in education. The 
municipalities are Copenhagen (Figure A.5.A), Aarhus (Figure A.5.B), Odense (Figure A.5.C), and Aalborg (Figure A.5.D). The 
data sources are the Population and Employment Registers, which are linked to the constructed neighbourhoods by Damm et al. 
(2019). The segregation is measured by the isolation index (Figure 12 shows the segregation based on dissimilarity index). Due to 
the sensitivity of the isolation index to the share of minority group in the (municipal) population, the isolation index is adjusted by 
the share of inactive persons aged 18-64 in the municipality. Each figure consists of two lines. The blue line shows the calculated 
segregation measure using micro-neighbourhood as small geographic unit. The red line presents the computed measure of 
segregation using macro-neighbourhoods as small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 
macro-neighbourhoods, and 98 municipalities.  
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Figure A.6. Residential segregation (isolation index) of criminals in the four largest municipalities of 
Denmark, 1986-2016 

 
Figure A.6.A. Segregation of criminals, Copenhagen  

 
Figure A.6.B. Segregation of criminals, Aarhus  

   
 

 
Figure A.6.C. Segregation of criminals, Odense 

 
Figure A.6.D. Segregation of criminals, Aalborg 

   
Notes: These figures show segregation of criminals in the four largest municipalities of Denmark during 1986-2016. A person is 
called criminal whenever his age is 15 or greater and convicted for violation of Panel Code, the Weapons Act, or the Drug Act. 
The municipalities are Copenhagen (Figure A.6.A), Aarhus (Figure A.6.B), Odense (Figure A.6.C), and Aalborg (Figure A.6.D). 
The data sources are the Population and Central Police Registers, which are linked to the constructed neighbourhoods by Damm 
et al. (2019). The segregation is measured by the isolation index (Figure 15 shows the segregation based on dissimilarity index). 
Due to the sensitivity of the isolation index to the share of minority group in the (municipal) population, the isolation index is 
adjusted by the share of criminals (aged 15 or greater) in the municipality. Each figure consists of two lines. The blue line shows 
the calculated segregation measure using micro-neighbourhood as small geographic unit. The red line presents the computed 
measure of segregation using macro-neighbourhoods as small geographic unit. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities.  
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Figure A.7. Residential segregation (isolation index) of non-Western immigrants and descendants in the 
four largest municipalities of Denmark, 1986-2016 

 
Figure A.7.A. Segregation of non-Westerns, Copenhagen  

 
Figure A.7.B. Segregation of non-Westerns, Aarhus  

   
 

Figure A.1.C. Segregation of non-Westerns, Odense 
 

Figure A.1.D. Segregation of non-Westerns, Aalborg 

   
Notes: These figures show segregation of non-Western immigrants and descendants in the four largest municipalities of Denmark 
during 1986-2016. The municipalities are Copenhagen (Figure A.7.A), Aarhus (Figure A.7.B), Odense (Figure A.7.C), and 
Aalborg (Figure A.7.D). The data source is the Population Register, which is linked to the constructed neighbourhoods by Damm 
et al. (2019). The segregation is measured by the isolation index (Figure 18 shows the segregation based on dissimilarity index). 
Due to the sensitivity of the isolation index to the share of minority group in the (municipal) population, the isolation index is 
adjusted by the share of non-Western immigrants and descendants in the municipality. Each figure consists of two lines. The blue 
line shows the calculated segregation measure using micro-neighbourhood as small geographic unit. The red line presents the 
computed measure of segregation using macro-neighbourhoods as small geographic unit. Denmark is divided into 8,359 micro-
neighbourhoods, 1,961 macro-neighbourhoods, and 98 municipalities.  
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Figure A.8. Segregation (isolation index) of public housing units in the four largest municipalities of 
Denmark, 1986-2016 

 
Figure A.8.A. Segregation of public housing units, Copenhagen  

 
Figure A.8.B. Segregation of public housing units, Aarhus  

   
 

Figure A.8.C. Segregation of public housing units, Odense 
 

Figure A.8.D. Segregation of public housing units, Aalborg 

   
Notes: These figures show segregation of public housing units in the four largest municipalities of Denmark during 1986-2016. 
The municipalities are Copenhagen (Figure A.8.A), Aarhus (Figure A.8.B), Odense (Figure A.8.C), and Aalborg (Figure A.8.D). 
The data source is the Housing Register, which is linked to the constructed neighbourhoods by Damm et al. (2019). The segregation 
is measured by the isolation index (Figure 21 shows the segregation based on the dissimilarity index). Due to the sensitivity of 
isolation index to the share of minority group in the (municipal) population, the isolation index is adjusted by the share of public 
housing units in municipality. Each figure consists of two lines. The blue line shows the calculated segregation measure using 
micro-neighbourhood as small geographic unit. The red line presents the computed measure of segregation using macro-
neighbourhoods as small geographic unit. Denmark is divided into 8,359 micro-neighbourhoods, 1,961 macro-neighbourhoods, 
and 98 municipalities.  
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Figure A.9. Trend in residential segregation (Isolation index) of public housing units in 
municipalities, 1986-2016 

 
Notes: This figure shows the trend in segregation of public housing units in Denmark’s 98 municipalities during 
1986-2016. In practice, each point shows the estimated coefficient (and the related confidence interval at 95%) 
for each indicator variable of year in equation 3. The reference year is 1986. Segregation is measured by the 
isolation index using micro-neighbourhoods as small geographic unit. Figure 22 shows the results for the 
dissimilarity index. 

 

Figure A.10. Trend in residential segregation (Isolation index) of non-Westerns in 
municipalities, 1986-2016 

 
Notes: This figure shows the trend in residential segregation of non-Western immigrants and descendants in 
Denmark’s 98 municipalities during 1986-2016. In practice, each point shows the estimated coefficient (and 
the related confidence interval at 95%) for each indicator variable of year in equation 3. The reference year is 
1986. Residential segregation is measured by the isolation index using micro-neighbourhoods as small 
geographic unit. Figure 23 shows the results for the dissimilarity index. 
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Figure A.11. Residential segregation (isolation) in terms of socioeconomic characteristics 
 

Figure A.11.A. Segregation of low-income 
households, 1988-2016 

Figure A.11.B. Segregation of high-income 
households, 1988-2016 

   
  
Figure A.11.C. Segregation of low-educated persons,  

1986-2016 
Figure A.11.D. Segregation of inactive persons, 

 1986-2016 

   
   

Figure A.11.E. Segregation of criminals, 1986-2016  

 

 

Notes: These figures show trends in residential segregation in terms of socioeconomics characteristics in 
Denmark’s 98 municipalities during 1986-2016. In practice, each point shows the estimated coefficient (and the 
related confidence interval at 95%) for each indicator variable of year in equation 3. The reference year is 1986. 
Segregation is measured by the isolation index using micro-neighbourhoods as small geographic unit. Figure 24 
shows the results for dissimilarity index. 
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Figure A.12. Share of low- and high-income households in Denmark and the four largest 
municipalities of Denmark, 1988-2016 

 
Figure A.12.A. Share of low-income households 

 
 

Figure A.12.B. Share of high-income households 

 
Notes: These figures show shares of low-income households (Figure A.12.A) and high-income households 
(A.12.B) in Denmark and four largest municipalities of Denmark during 1988-2016. A household is called low-
income whenever family-equivalent (family-adjusted) disposable income of members of that household to be 
less than the half of the median of such income in the region of residence. Alternatively, a household is called 
high-income whenever family-equivalent (family-adjusted) disposable income of members of that household 
to be 1.5 times greater than the median of such income in the region of residence. The data sources are the 
Population and Income Registers. The shares are calculated by authors.  
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Appendix B. Table 

Table B.1. Descriptive statistics for segregation in Danish municipalities 1986-2016 
(Macro-neighbourhoods as small geographic units) 

   D. index  I. index  Share Muni  
Obs. 

   Mean S.D  Mean S.D  Mean S.D 
 

  [1]   [2] [3]   [4] [5]   [6] [7]   [8] 

Variable             
Non-Western overall  0.3417 0.1181  0.0754 0.0718  0.0383 0.0400  3029 

origin between   0.1042   0.0628   0.0344  98 

 within   0.0590   0.0353   0.0206  31 

             

Ten countries overall  0.2524 0.1099  0.0544 0.0515  0.0326 0.0304  3029 

 between   0.1010   0.0467   0.0276  98 

 within   0.0460   0.0222   0.0128  31 

             

Low- overall  0.1640 0.0686  0.0698 0.0296  0.0535 0.0183  2833 

income between   0.0628   0.0246   0.0152  98 

household within   0.0290   0.0165   0.0102  29 

             

High- overall  0.1722 0.0816  0.1565 0.0823  0.1347 0.0724  2833 

income between   0.0803   0.0780   0.0690  98 

household within   0.0183   0.0273   0.0230  29 

             

Low  overall  0.1191 0.0482  0.3302 0.0953  0.3158 0.0978  3029 

education between   0.0459   0.0620   0.0642  98 

 within   0.0165   0.0731   0.0746  31 

             

Inactive overall  0.1125 0.0469  0.2281 0.0420  0.2143 0.0399  3029 

 between   0.0452   0.0380   0.0362  98 

 within   0.0145   0.0184   0.0174  31 

             

Employed overall  0.1203 0.0513  0.7778 0.0408  0.7729 0.0422  3029 

 between   0.0496   0.0374   0.0386  98 

 within   0.0150   0.0169   0.0176  31 

             

Criminal  overall  0.1936 0.0605  0.0154 0.0083  0.0081 0.0030  3029 

 between   0.0505   0.0062   0.0026  98 

 within   0.0346   0.0055   0.0014  31 

             

Public housing  overall  0.4684 0.1310  0.3296 0.1887  0.1759 0.1271  3029 

 between   0.1211   0.1883   0.1267  98 

 within   0.0549   0.0246   0.0166  31 

Notes: This table shows means and standard deviations for residential segregation in terms that have mentioned in Table 1 for Denmark’s 98 
municipalities during 1986-2016 (31 years). The information is from the six Danish Administrative Registers of Population, Housing, Income, 
Employment, Education, and the Central Police Register during 1986-2016, which are linked to the constructed micro- and macro-neighbourhoods 
by Damm et al. (2019). Measures are calculated by the authors. In all of the calculations, 1,961 macro-neighbourhoods are considered as small 
geographic units (Tables 3 and 5 report the results after using micro-neighbourhoods as small geographic units). Column 1 shows whether the 
calculated standard deviations are based on overall, between, or within municipality variations. Columns 2 and 3 show mean and standard deviation 
of the dissimilarity indices. Columns 4 and 5 present mean and standard deviation of the isolation indices. Due to the sensitivity of the isolation 
index to the share of minority group in the (municipal) population, columns 6 and 7 report the mean and standard deviation of the share of each of 
the variables in the (municipal) population. 
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Abstract: This paper investigates the effect of growing up in public housing on children’s schooling 

outcomes exploiting a reform introducing a cap on costs for construction of public housing in a tight 

housing market situation, providing exogenous variation in whether low-income households live in 

public instead of private rental housing. According to theories, living in public housing can effect 

schooling outcomes of children from low-income households negatively through endogenous or 

exogenous peer effects, or positively through providing dwellings with higher qualities relative to the 

other types of rental housing. Empirically, I find that growing up in public housing significantly 

increases the probabilities of dropping out from the 2nd grade Danish tests and 3rd grade Math tests. 

Moreover, conditional on participation in tests, the effects of duration of exposure to public housing 

on standardized scores in Danish and Math tests are positive but insignificant. Despite insignificant 

effects of duration of exposure to public housing on test scores in general, living one more month in 

public housing significantly improves children’s scores in language comprehension (as one of the 

three subject areas tested in Danish tests) by 1.9 percentage point of a standard deviation. 

Additionally, without affecting drop out from the tests, duration of exposure to public housing 

positively affects boys’ scores in Danish and Math tests, and negatively affects non-Western students’ 

scores in Danish test. 
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1. INTRODUCTION 

Many countries in the developed world provide a range of assistance programs to encourage the 

development of low-income housing, such as construction of public housing units and rental 

assistance programs. Public housing units are generally offered below market rents because they carry 

subsidies and displace private construction. By contrast, rental assistance programs act to stimulate 

housing demand and encourage private construction, thereby expanding the housing opportunities for 

low-income groups (DiPasquale and Wheaton, 1996).  

A long-standing motivation for low-income housing programs is the possibility that housing 

affordability and housing conditions generate positive externalities. Positive externalities may include 

improved educational and behavioral outcomes of children in low-income families. Brennan (2011) 

through reviewing several empirical studies on the topic suggests six channels through which 

providing affordable housing causes improvements in children’s educational outcomes. Those 

channels are: reducing unwanted movements, moving to communities with stronger school systems, 

reducing housing related stresses such as over-crowding, reducing housing related health problems 

through building standard houses, improving the quality of schools in a community, and reducing 

homelessness among families.  

This study addresses the question of whether growing up in public housing generates larger 

positive externalities for the children of low-income households than other types of rental housing. 

In theory, the effects of living in public housing instead of private and public rental with receipt of 

rent subsidy on children’s educational outcomes are ambiguous. On the one hand, private rental 

tenants tend to have more housing moves because of the common use of fixed short-term contracts. 

In addition, private rental housing units tend to be smaller than public housing units. Therefore, 

children in low-income households may benefit in terms of schooling from living in public housing 

due to a less crowded home and longer housing tenure and, as a result, fewer school moves.1 On the 

other hand, public housing projects tend to be more spatially concentrated than private rental housing 

units, increasing residential concentration of low-income families and, consequently, increasing 

school concentration of low SES pupils with potential adverse peer effects.2    

                                                            
1 On a related note, Gibbons, Silva and Weinhardt (2017) find evidence for the UK that neighbour’s turnover damages 
education through the disruption of local ties and friendships, highlighting a spillover effect of mobility.  
2 Evaluations of the Gautreaux program in which Black households in high-density public housing projects in Chicago 
were assisted to move to less segregated neighbourhoods find that outcomes of parents and children were markedly better 
for individuals who moved to less segregated neighbourhoods (see Popkin, Rosenbaum and Meaden, 1993; Rosenbaum, 
1995; Rosenbaum, de Lucca and Miller, 1999). Evaluations of the Moving to Opportunity Experiment in the five U.S. 
cities in the short-run (see Katz, Kling and Liebman, 2001; Ludwig, Ladd and Duncan, 2001; Kling and Liebman, 2004; 
Kling, Liebman and Katz, 2007) and medium- or long-run (see Ludwig, Duncan, Gennetian, Katz, Kessler, Kling and 
Sanbonmatsu, 2013) find mixed effects of moving out of deprived neighbourhoods on children. For instance, the findings 
include improvements in educational outcomes and mental health for girls, as well as reduced likelihood of risky 
behaviour and increased experience of physical health problems for boys. In a recent evaluation of the Moving to 
Opportunity Experiment, Chetty, Hendren and Katz (2016) use tax data and find that moving to a lower-poverty 
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Empirically, it is difficult to estimate the causal effects of living in public housing because 

certain types of families may self-select into public housing in terms of personal traits, like innate 

abilities, which are unobserved by researchers (Tiebout, 1956). 

This study is the first to exploit supply-side factors to estimate the effects of living in public 

housing on outcomes of children of low-income families. In particular, I exploit a Danish reform in 

2004, which introduced a cap on the construction costs of public housing. The cap was introduced in 

the context of a tight housing market and fast increasing land prices, in particular in the Capital Region 

(including Copenhagen) and large cities of Denmark. As a result, there was a major drop in 

construction of public housing units. By contrast, due to rising rents in the private rental sector, 

construction of private rental units saw a substantial increase. Hence, there was a gradual decline in 

the share of low-income families living in public housing after the reform without a change in the 

self-selection pattern into public housing. I use the full-population administrative register data for 

Denmark and extract information for children who were born in the years around the reform date (i.e. 

2002-2006). The administrative register data covers the individual’s complete housing career since 

birth. In order to investigate the effects of living in public housing on outcomes of children of low-

income households—for whom living in public housing is an important choice, I restrict the samples 

to children who never lived in owner-occupied and/or cooperative housing. There are three reasons 

for selecting the samples of children based on ownership types rather than parental incomes. First, 

according to the Public Housing Act (§ 5 b.), everyone with need for a reasonable rent can live in 

public housing. Therefore, irrespective of the income levels, households can stay in waiting lists and 

move into the public housing based on duration of waiting time. Nevertheless, more than the 76% of 

children in the final samples are from families in the first (more than 50%) and second (26%) income 

quartiles, which show very high concentration of low-income households in the private and public 

rental markets. Second, considering the policy relevant question that I want to answer, the good 

control group for children who live in public housing is another group of children for whom living in 

public housing is an important alternative (i.e. children living in private rental housing). Third, 

Dipasquale and Glaeser (1999) argue that homeowners have greater incentives than renters to invest 

in their children, which improve their children’s outcomes. This is more important for low-income 

households who live (or will live) in owner-occupied housing. Since such incentives are not 

                                                            
neighbourhood when young increases college attendance and earnings and reduces single parenthood rates, while moving 
as an adolescent has slightly negative effects, possibly due to the disruption effects. They interpret the different MTO 
impacts for children and adolescents as evidence that the duration of exposure to better environments during childhood 
is an important determinant of children’s long-run outcomes. Oreopoulos (2003) exploits waiting lists for public housing 
to evaluate the long-run impact of childhood neighbourhood quality on long-run labour market outcomes and finds little 
effect. Arguing that—due to long waiting lists—the time of moving into very deprived neighbourhoods in the UK, which 
is characterized by a high density of public housing, Weinhardt (2014) finds no evidence for negative short-term effects 
on adolescents’ test scores. Damm and Dustmann (2014) provide quasi-experimental evidence for Denmark that exposure 
to juvenile delinquents during childhood increase the likelihood of engagement in violent crime for boys, but not for girls. 
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observable, I restrict my sample based on observable characteristics of households. I also link the 

administrative register data with individual test scores and individual school absence. I estimate the 

ITT effect of living in public housing on children’s outcomes through regressing children’s outcome 

on distance from birth date to the reform date (i.e. January 2004). I also investigate the average effects 

of months of living in public housing on children’s school outcomes in the second (age 8-9) and third 

grades (age 9-10). To do this, I instrument for the months of living in public housing by distance from 

birth date to the reform date (in month).  

The main empirical findings are as follows. First, linear regressions show that children with 

more exposure to public housing are more likely to drop out from Math and Danish tests, and 

conditional on participation, they have significantly lower test scores in Math and Danish tests, even 

after controlling for a large set of background characteristics, as well as neighbourhood and school 

fixed effects. Second, the ITT (reduced-form) estimates from linear regressions of children’s 

outcomes on distance from birth date to the reform date (in month) show that pre-reform children 

(with higher likelihood of living more months of their lives in public housing up to age 8 or 9) are 

more likely to drop out from Danish and Math tests. Nevertheless, conditional on participation, their 

performances in Danish and Math tests do not differ from post-reform children significantly. Third, 

by instrumenting for duration of exposure to public housing with distance from the birth date to the 

reform date using 2SLS estimator, I find that living one more month in public housing significantly 

increases the probabilities of dropping out from the Danish and Math tests by respectively 0.8 and 

1.6 percentage points, and has positive but insignificant effects on children’s scores in the Danish and 

Math tests. Fourth, despite insignificant effects, living one more month in public housing significantly 

increases scores in language comprehension (as one of the 3 subject areas of the Danish test) by 1.9 

percentage point of a standard deviation. Fifth, by investigating the heterogeneous effects of growing 

up in public housing in terms of gender and ethnicity, I find pre-reform boys preform significantly 

better than post-reform boys in Danish and Math tests. This finding is not conditional on participation 

in the tests, because the interaction results for dropping out from the tests show that pre-reform boys 

are not statistically different from post-reform boys in dropping out from the tests. However, pre-

reform non-Western children perform significantly weaker than post-reform non-Western children in 

the Danish test. Sixth, the results are robust to controlling for time-invariant neighbourhood and 

school characteristics, excluding children who were born in 2002 or 2006, excluding children who 

lived completely or more than 85% of their lives up to age 8 or 9 in public housing, and nonlinear 

functional forms.  

The rest of the paper is structured as follows: Section 2 is allocated to describe the education 

system, national tests, and housing in Denmark. Section 3 outlines theoretical framework and short 

literature review. Section 4 describes data, sample selection, and ends with descriptive statistics. 
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Section 5 describes the empirical strategy and identifying assumptions. Section 6 reports the results, 

and Section 7 concludes.  

 

2. INSTITUTIONAL SETTING 

2.1. EDUCATION AND NATIONAL TESTS IN DENMARK 

Children in Denmark start their compulsory education (Grade 0) in August of the year they turn 6, 

and stay in school until they complete the 9th grade.3 While compulsory education is free for children 

studying in public schools4, students in private schools should pay the tuition fees, which constitute 

around 10% of the costs per pupil—and the remaining 90% of the costs are financed by the 

government.  

The parental residential area determines the school in which a child is enrolled. Each residential 

area belongs to a school district with one school, and each of the 98 Danish municipalities consists 

of one or more school districts. Nevertheless, conditional on availability of open slots, since 2006 it 

has become possible for parents to freely select and enroll their children in schools of other school 

districts.5 In addition, to improve language abilities and integration of children of immigrants, in 

Aarhus municipality the Danish language proficiency of bilingual children is tested before starting 

school, and children with inadequate language proficiency are sent to other school districts with less 

than 20% of bilingual school starters (Damm et al., 2018). Other municipalities also have policies 

for bilingual children. Because of a high concentration of non-Western immigrants in public housing 

projects, it is more likely that children in these projects are sent to schools outside of their school 

districts. As a result, it is possible to have two children who live in the same school district but are 

enrolled in different schools.  

Evaluation of students in lower grades take place through the National Tests, which started in 

2010. The main aim of the tests is to give feedback about the abilities of students to the teachers and 

parents. Therefore, the tests’ outcomes help teachers modify their teaching methods based on the 

ability of each student, and do not affect students’ careers in the future.6  

Taking the national tests is mandatory for students enrolled in regular public schools and public 

schools for students with special education needs;7 however, students in private schools can choose 

                                                            
3 While registration in pre-school was optional in years before 2009, the rates of registration of children in pre-school 
were high. For instance, 83% of children in age 6 were registered in pre-school in 2005 (UNI-C, 2012). 
4 Municipalities use municipal income tax as well as between-municipality redistribution scheme to finance public schools 
in Denmark (Nandrup, 2016). 
5 Folkeskoleloven (the Danish Public School Act.) 
6 In other words, national tests are low stake tests. 
7 Folkeskoleloven (the Danish Public School Act.) §13, stk. 3. 
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to participate in the test. Students’ abilities in Danish and Math are measured in the 2nd, 4th, 6th, and 

8th grades, and 3rd and 6th grades, respectively. For the Danish subject, the test simultaneously 

evaluates a student’s ability in three profile areas of language comprehension, decoding, and reading 

comprehension. Besides, Math tests evaluate students’ abilities in profile areas of geometry, algebra, 

and applied mathematics, simultaneously. 

The national tests take place during spring (January to April), and each teacher books a test 

session for her students. Hence, students in the same class take the test simultaneously but using 

separate computers. 

The national tests are computer-based and adaptive (Beuchert & Nandrup, 2014). In contrast to 

linear tests, the national tests measure students’ abilities rather than the number of the correctly 

answered questions. In other words, in the beginning of the test, the software asks a question with 

average difficulty from each student. The difficulty of the next question depends on the answer to 

the first question. That is, the difficulty of the next question increases whenever the first question is 

answered correctly, and decreases otherwise. Using the answers to the first five questions, the 

software estimates the student’s initial ability and updates that as a function of the estimated student’s 

ability and difficulty of questions through asking next questions. New questions follow until the 

software can estimate the student’s ability with a pre-determined precision (standard error). 

Consequently, the test score is determined based on the difficulty level of questions and ability of 

students (Kristoffersen et al., 2015). The final ability measure is a continuous logit scale (theta), 

which is distributed in the range of [-7,7]. 

Each test observation in the national test data includes theta scores, test date, school identifier, 

grade level, school type, municipality, as well as the encrypted civil register number (PNR) of the 

participant. Therefore, one can easily link the test results to the rich Danish Administrative Registers. 

 

2.2. PUBLIC HOUSING IN DENMARK 

The housing sector in Denmark is divided into five categories based on ownership types. Those types 

are owner-occupied, public housing, private rental, cooperative, and public rental housing. During 

1995-2015, next to 50% of housing stock in Denmark were owner-occupied, while slightly more than 

20% of those were public housing. Besides, less than 20% of dwellings were private rental; and 

cooperative, public rental and unknown housing types formed less than 10% of the housing stock 

during the mentioned period. 

Housing associations provide and organize public housing in Denmark. Although housing 

associations act independently, central and local governments supervise their actions through several 
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rules and regulations. There were 565,705 public housing units in 2015, which were owned and 

managed by about 580 housing associations. More than 24% of the public housing stock was 

constructed during the 1940s and 1950s. Most of the constructions in this period were low-density 

housing projects and located within the cities. However, construction of public housing increased 

during the 1960s and 1970s and 36% of public housing stock were constructed in this period. To 

construct that amount of housing, housing associations focused on construction of high-rise and high-

density housing projects on the suburbs of cities. Since the end of the 1970s, new public housing units 

have been constructed in low-density projects (Scanlon & Vestergaard, 2007; Vestergaard & Scanlon, 

2014).  

In contrast to many countries with mean-testing eligibility criteria, everyone can live in public 

housing in Denmark.8 The main rule for allocation of public housing is the duration of staying on 

waiting lists, while families with children, older people, and divorced people have priority. The 

duration of staying on a waiting list varies across municipalities. For instance, in municipalities like 

Copenhagen and Aarhus with tight housing markets, households stay on waiting lists for 10–20 years 

(Vestergaard & Scanlon, 2014). Besides, around every fourth (every third in the City of Copenhagen) 

vacant public housing unit is allocated to households with an acute housing need and social problems 

(Alves & Andersen, 2015). Therefore, whereas the aim of public housing in Denmark was provision 

of descent housing to all types of households, public housing has housed lower socioeconomic 

groups, and immigrants and descendants since the 1970s. According to Vestergaard & Scanlon 

(2014), the share of non-Western immigrants and their children in public housing increased from 12% 

to more than 25% within the period of 1994 to 2012. Besides, more than one third of working-age 

residents of public housing were not active in the labour market in 2010, and the average gross income 

amongst public housing tenants was 32% lower than the national average in 2009. In order to improve 

the socioeconomic mix in public housing sector, Denmark's Ministry of Transport, Building and 

Housing9 has published annual lists of ‘ghettos’ (their term for socially deprived neighbourhoods) 

since 2010, and public housing associations on the list are eligible for large amounts of funds from 

‘Landsbyggefonden’ for social programs for their tenants and physical improvements of the 

neighbourhoods.  

Rules and regulations in the public housing sector (Public Housing Act) have been subject to 

several changes since 1990.  For instance, a central quota system determined the annual number of 

public housing construction in each municipality, previously; however, since 1994, such decision has 

been decentralized, and local authorities now make decisions on this matter. Consequently, local 

                                                            
8 European Parliament (2013) classifies public housing in Netherlands, Denmark, and Sweden in the Universalistic 
Allocation Criteria group with large share of public housing (>19%).  
9 Transport-, Bygnings- og Boligministeriet. 
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housing associations should now apply and compete with each other to get a share of the mentioned 

localized quota.  

Another important reform that I use in this study to identify the effect of living in public 

housing on children’s schooling outcomes dates back to 2004. In order to slowdown the rent growth 

in the public housing sector, the Danish Parliament passed a law about maximum costs (cap hereafter) 

on construction of public housing in 2004.10 The mentioned cap includes the costs related to the land 

acquisition and construction. In other words, the central government has determined the annual 

maximum cost on construction of public housing in different municipalities since 2004. The amounts 

of the mentioned caps depend on the type of assisted housing (i.e. public housing for family, housing 

for elderly, and youth housing) as well as the tightness of housing market in each municipality. Due 

to the aim of this study, I concentrate on public housing for families. 

Table 1 shows groups of municipalities with similar caps on construction costs of public 

housing and the amounts of the imposed caps (in DKK, 2015=100) per square meter during 2004-

2017. There were two different groups of “The Capital Region” 11 and “Other Municipalities” during 

2002-2007. The “Aarhus Group” as the third group of municipalities was introduced in 2009.12 The 

fourth group of municipalities, which is the “Odense Group” was introduced in mid-2009.13 During 

2004 to mid-2009, the cap on construction costs in the Aarhus group and other municipalities were 

the same, and lower than the Capital Region. Since mid-2009, The Capital Region has had the highest 

amount of cap, followed by the Aarhus and Odense groups with the same amount of caps.  

 

Table 1. The imposed caps on construction costs of public housing per sq. meter in DKK (real) [DKK 1 = USD 0.156] 

Year  2004 2005 2006 2007 2008 

1st 
half 

2nd 
half 2010 2011 2012 2013 2014 2015 2016 2017 

2009  2009 

The Capital Region 20,606 20,524 20,678 20,666 20,289 20,932 22,193 22,197 22,065 22,016 22,202 22,289 22,410 22,592 22,574 

Aarhus Group . . . . 17,303 17,851 18,925 18,928 18,811 18,778 18,929 19,006 19,110 19,262 19,250 

Odense Group . . . . . . 18,925 18,928 18,811 18,778 18,929 19,006 19,110 19,262 19,250 

Other municipalities 17,576 17,500 17,629 17,623 17,303 17,851 17,851 17,856 17,748 17,709 17,859 17,922 18,030 18,175 18,156 
Notes: This table shows imposed caps on construction costs of public housing per square meter in different groups of municipalities during 2004-2017. 
The values are extracted from the Public housing Act. in several years, and converted to real values (2015=100).“The Capital Region” includes 
Copenhagen and Frederiksberg municipality and the municipalities of the former Copenhagen, Frederiksberg and Roskilde County (Amt). The “Aarhus 
Group” includes Aarhus, Skanderborg, Odder, Holbæk, Ringsted, Slagelse, Sorø, Næstved and Faxe municipalities. The “Odense Group” includes 
Odense, Silkeborg, Vejle, Fredericia, Kolding and Horsens municipalities. 

 

                                                            
10 See Lov nr. 1233 af 27/12/2003, § 1., stk. 2. (Lov om ændring af lov om almene boliger samt støttede private 
andelsboliger m.v.), as well as LBK nr. 1103 dated the 15th of June 2016, § 115., stk. 10. (Bekendtgørelse af lov om 
almene boliger m.v.). 
11 “The Capital Region” includes Copenhagen and Frederiksberg municipality and the municipalities of the former 
Copenhagen, Frederiksberg and Roskilde County (Amt). 
12 “Aarhus Group” includes the following municipalities: Aarhus, Skanderborg, Odder, Holbæk, Ringsted, Slagelse, Sorø, 
Næstved and Faxe.  
13 “Odense Group” includes the following municipalities: Odense, Silkeborg, Vejle, Fredericia, Kolding and Horsens. 
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Looking at the trends in each of these four groups reveals that from 2004 to 2017 caps were 

adjusted based on inflation rates and did not react to the housing market fluctuations. However, there 

was 6% growth in the cap on construction costs of public housing in each of the four groups in mid-

2009. 

 Figure 1 shows average house prices per square meter for flats in Copenhagen during 2000-

2015 (in DKK, 2015=100). Comparing the imposed caps on construction costs of public housing (red 

line) with average house prices (blue line) reveals that while house prices experienced considerable 

fluctuations during the mentioned period, the imposed cap remained relatively constant (with 

exception of 6% jump in 2009). For instance, average house prices per square meter for flats in 

Copenhagen during 2004-2009 increased from DKK 26,000 to about DKK 39,000 in 2006, and 

dropped to around DKK 24,000 in 2009, whereas cap on construction costs of public housing 

increased from DKK 20,600 to DKK 20,900 during the mentioned period. Consequently, as Figure 2 

shows, growth rates in construction costs (including both land prices and other construction costs) of 

flats during 2005-2008 were considerably higher than the growth rates in the imposed caps on the 

construction costs of public housing (per square meter and in real terms).  

 

Figure 1. Average flat prices per square meter in Copenhagen during 2000-2015 (2015=100) 
 

 
                                   Source: Housing transaction register 
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Figure 2. Growth rates (in percent) in construction costs and CAP on construction costs of public housing per 
square meter in Copenhagen group during 2000-2015 (2015=100) 

 

 
Sources: Growth rates in construction costs of residential buildings from Statistics Denmark (BYG52), and own calculations of the growth 
rates in imposed caps on construction costs of public housing from annual reports by the Danish Ministry of Transport, Building, and 
Housing. 

 

Because of gaps between annual caps on construction costs of public housing and construction 

costs of flats during 2004-2008, public housing associations could not construct in all of the 

neighbourhoods in large municipalities. Nevertheless, to fulfill the needs for affordable housing as 

well as dealing with disadvantaged neighbourhoods, municipalities have been trying to improve 

socioeconomic mix in neighbourhoods through introducing target areas for construction of public 

housing.14 Since the construction costs in those neighbourhoods are higher than the imposed caps on 

construction costs of public housing, and provision of land by municipalities below market prices is 

prohibited, the number of completed public housing units started decreasing from 2004. Figure 3 

presents the number of completed public housing and private rental housing in Denmark during 1995-

2015. According to this figure, construction of private rental housing had an increasing trend during 

2000-2007. Increased land prices because of construction booms coupled with the imposed cap on 

construction costs of public housing resulted in a declining trend in construction of public housing 

during 2005-2010.15 However, reduction in construction of private rental housing (and owner-

occupied) after the housing bubble burst in 2008, depressed land prices. Lower land prices coincided 

with 6% growth in cap on construction costs of public housing, which resulted in an increasing trend 

in construction of public housing since 2010. 

                                                            
14 For instance, according to City of Copenhagen Municipal Plan in 2011, the construction of public housing is restricted 
to school districts with less than 20% public housing. 
15 Moreover, the number of municipalities with construction of public housing has decreased since 2004. In other words, 
while the number of municipalities with construction of private rental housing remained constant during 2000-2014 (about 
90 municipalities), municipalities with construction of public housing decreased from 62 municipalities in 2000 to 13 
municipalities in 2010 (Appendix Figure B.1).  
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Figure 3. Trends in construction of public housing and private rental housing in Denmark 2000-2014 

 
                                   Note: Vertical axis shows the number of constructed private rental and public housing units.                                    
                                   Source: Housing register 

 

After the introduction of the cap on construction costs of public housing, municipalities like 

Copenhagen and Aarhus with tighter housing and land markets were faced with difficulties to increase 

the socioeconomic mix of neighbourhoods through construction of public housing projects in more 

affluent neighbourhoods. To deal with this issue, the amendment to the Planning Act and Public 

Housing Act on 26 February 2015 gives an opportunity to municipalities to construct public housing 

in neighbourhoods wherein the share of public housing are less than 25%. Based on this amendment, 

municipalities with an estimated increase in population by more than 10,000 persons during 2014-

2025 have the possibility to provide additional loans to public housing associations that want to 

construct new projects in areas with higher land prices. This amendment is additional evidence in the 

effectiveness of the imposed cap in restricting the construction of public housing after 2004.  

 

3. THEORETICAL BACKGROUND AND LITERATURE REVIEW 

For many decades, social scientists have been concerned with the question of whether growing up in 

a socially deprived neighbourhood leads to lifelong disadvantages (Brooks-Gunn, 1993; Chetty et al., 

2016). On the one hand, this may happen through two channels: (i) endogenous (social multiplier, 

positive externality) peer effects, wherein the propensity of an individual to behave in some way 

varies with the behaviour of the group, (ii) exogenous (contextual) peer effects, wherein the 

propensity of an individual to behave in some way varies with the exogenous characteristics of the 

group (Manski, 1993). On the other hand, children in low-income households may benefit in terms 

of schooling from living in public housing due to higher qualities of public housing units (such as 
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less crowded homes), longer housing tenure and hence, fewer school moves (Currie & Yelowitz, 

2000). As a result, the net effect of living in public housing on students’ outcomes is unclear and 

depends on the interaction of these two opposite forces. 

Because of methodological challenges in identification of peer influence on individual 

outcomes caused by the reflection problem and location sorting (Manski, 1993; Tiebout, 1956), few 

empirical studies provide rigorous evidence on neighbourhood effects (Angrist, 2014). Regarding the 

effects of living in deprived neighbourhoods or public housing on students’ educational outcomes, 

exceptions include evaluations of the MTO experiment in the US, and some high-quality studies that 

utilize quasi-random experiments in the US, Canada, and the UK.    

The MTO experiment was implemented in Baltimore, Boston, Chicago, Los Angeles, and 

New York during 1994-1998 and gave an opportunity to randomly selected households living in high-

poverty areas of public housing projects to use housing vouchers and move into neighbourhoods with 

lower poverty. Since the experiment randomly assigned households to treatment and control groups, 

and households in the treatment group benefited from large improvements in the quality of 

neighbourhoods of residence, several studies use this experiment to identify the causal effect of living 

in better neighbourhoods on outcomes of children in the short-, medium-, and long-term. In particular, 

these studies evaluate differences in the mean of outcomes between the treatment and control groups 

by regressing outcomes (like test scores, college attendance, etc.) on a binary variable of whether the 

children’s households were randomly assigned to the treatment or control groups (intent-to-treat). 

Since a portion of households—rather than all—in the treatment group took up the offer, these studies 

also estimate the treatment-on-the-treated (TOT) specifications by instrumenting for the MTO take 

up rate with the binary variable of assignment to the treatment group (Kling, Liebman, and Katz, 

2007).  

Using the mentioned strategy, a study by Katz, Kling, and Liebman (2001) shows that moving 

out of high-poverty neighbourhoods reduces the probabilities of injuries, asthma attack, and 

victimization by crime among the children in the short-run. Ludwig, Ladd, and Duncan (2001) find 

that children of households assigned to treatment group perform better in elementary schools. That 

is, in comparison to children in the control group, children in the treatment group have about one-

quarter of a standard deviation higher math and reading scores. However, the probability of grade 

retention is higher among the teens in the treatment group. They argue that the higher grade retention 

among teens in the treatment group can be due to different academic and behavioral standards in the 

low-poverty neighbourhoods relative to the high-poverty neighbourhoods. Sanbonmatsu et al. (2006) 

evaluate the medium-run effect of moving out of high-poverty neighbourhoods on children’s reading 

and math scores, behavioral problems, and school engagement. They cannot find evidence of 

improvements in the mentioned outcomes. Chetty, Hendren, and Katz (2016) investigate the effect 
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of the MTO experiment on the long-term outcome of children. They find that the age of moving out 

of high-poverty neighbourhoods has an important role on children’s outcomes. In other words, the 

results of their study show that while children who moved out of high-poverty neighbourhoods before 

age 13 have better outcomes in terms of college attendance, earnings, and single parenthood rates, 

moving out of high-poverty areas during the teenage years (age 13-18) has negative effects on the 

mentioned outcomes. As they argue, moving to a different neighbourhood during adolescent can 

disrupt the social networks that teenagers formed during the 13 to 18 years of their lives. Such 

disruptive effect of relocation, in turn, can affect their future outcomes, negatively. Consequently, the 

duration of living in better neighbourhood during the childhood has deterministic role on children’s 

outcomes in the future. 

Jacob (2004) exploits a quasi-random experiment of demolition of high-rise public housing 

buildings in Chicago during the 1990s to analyze the short-run effect of moving out of high-poverty 

neighbourhoods on students’ education outcomes, such as dropping out, and math and reading scores. 

He finds that students who were affected by the demolition do not perform better or worse than their 

peers. His further investigations show that the displaced children by the demolition of public housing 

moved into neighbourhoods and schools that were similar to their public housing neighbourhoods. 

Benefiting from the same quasi-random experiment, Chyn (2018) studies the long-term effects of 

relocation of low-income households from high-poverty public housing neighbourhoods on their 

children’s probability of being employed, being arrested for violent crime, and earnings in the future. 

The results of his study imply that the affected children by the demolition have better outcomes 

relative to their peers who lived in public housing projects that were not subject to demolition. Similar 

to Chetty, Hendren, and Katz (2016), this study finds that exposure to better neighbourhoods during 

the early ages has more positive effects on children’s outcomes in the future.      

Currie & Yelowitz (2000) implement a 2SLS approach to identify the effect of living in public 

housing on children’s holding back from school in the US. To address the endogeneity problem, 

which arises from unobserved factors that can affect both the probability of living in public housing 

and children’s outcomes, they instrument for the probability of living in public housing with sex 

compositions of children in households.16 They find that children who lived in public housing are 11 

percentage point less likely to hold back from school relative to their peers who lived in other types 

of rental housing. Their study also shows that children in public housing are less likely to live in 

overcrowded housing units, and more likely to live in low-density buildings. Therefore, since low-

                                                            
16 Currie and Yelowitz (2000) argue that because of rules by the US Housing and Urban Development (HUD), the sex 
composition of children in a household affects the size of public housing to which that household is eligible. That is, a 
household with two boys (girls) is eligible for a two-bedroom apartment, while a household with one boy and one girl is 
eligible for a three-bedroom apartment. Consequently, all else being equal, households with two opposite sex children are 
more likely to live in public housing (21% more likely based on first-stage estimation result). 
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income households cannot afford to live in owner-occupied housing, public housing gives them a 

chance to live in housing units with higher qualities relative to the other types of rental housing. 

To deal with the location sorting problem in identifying the long-term effects of 

neighbourhood quality on labour market outcomes, Oreopolous (2003) exploits quasi-random 

assignment of households into public housing units through waiting lists system in Toronto. The idea 

is that households could not specify their preferences about neighbourhoods, and moved into the 

public housing units after staying in waiting lists for several years. Hence, the location wherein their 

children grew up were not affected by their preferences. Oreopolous does not detect any effect of 

living in low-poverty neighbourhoods on children’s long-run labour market outcomes. 

Due to long waiting lists for public housing in high-demand areas of England, Weinhardt 

(2014) argues that the timing of moving into public housing is exogenous from observable and 

unobservable characteristics of households. Exploiting the exogenous variations in timing of moving 

into public housing, and using a difference-in-difference approach he shows that living in deprived 

neighbourhoods—characterized by areas with high concentration of public housing—does not affect 

teenagers test scores in the short-run.  

 

4. DATA, SAMPLE SELECTION, AND DESCRIPTIVE STATISTICS  

4.1. DATA AND SAMPLE SELECTION 

I draw information from the full population of seven Danish Administrative Registers: Population, 

Family, Housing, Income, Employment, Education, and spells of residence in different housing units. 

I link the information from these registers with the national tests and school absence datasets. This 

section provides information about the procedures of preparing the children’s full sample. 

Furthermore, appendix A describes the procedures of sample selection for samples that I use for 

estimations. These samples are, drop out from the 3rd grade’s Math test, 3rd grade’s Math test, drop 

out from the 2nd grade’s Danish test, and 2nd grade’s Danish test. 

I use the full sample of the Population register, restrict the observations to those who were 

born during 2002-2006, and track them up to 2016. Consequently, for each child I find unique 

identifier numbers for himself/herself (PNR) and his/her family and parents, as well as the child’s 

gender, date of birth, age, country of origin (Denmark or other countries),17 and family environment 

(living with both parents, single parent, etc.). I call this sample “children’s full sample” and add 

information from other registers through the following steps.  

                                                            
17 For children with non-Danish origin, I use the provided convertor by Statistics Denmark to see whether the country of 
origin is Western, or non-Western country. 



147 
 

 

First, I use the PNR to link the children’s full sample to the spells of residence. Then I merge 

the result with Housing register using the unique identifier of housing addresses in municipalities. 

Therefore, I find duration of living in each housing unit as well as ownership type of that housing 

unit18 for each child across several years. 

Second, in order to obtain annual information about the level of education, income, and 

employment status of children’s parents, I link the children’s full sample to the Education, Income, 

and Employment registers using the unique identifier number of parents. I also use the unique 

identifier number of families to link the children’s full sample to the Family register. So, I get 

information about the number of children, and the age of the youngest, and oldest child in each family 

over years. I also code a child as “first-born” whenever in his/her birth year: (i) there is one child in 

the family and his/her age is 0, or (ii) there are more than one child in the family but the age of all of 

them are zero (twins, etc.). 

Third, I calculate the annual population growth, house price growth, and employment growth 

for each municipality across years using the Population, Employment, and Property Sales registers. 

Then, I add the calculated annual growth rates at municipality level to the children’s full sample using 

the municipality of residence and year information.  

As discussed by Damm, Hassani, and Schultz-Nielsen (2019), municipalities, parishes and 

postal districts are defined for administrative purposes and very heterogeneous in terms of size and 

number of residents. Hence, those are not appropriate definitions for neighbourhood effect studies. 

Therefore, they divide the 459,497 inhabited hectare cells of Denmark into 8,359 small and 1,961 

large neighbourhoods. On average, each large neighbourhood consists of four small neighbourhoods, 

and those neighbourhoods are delineated by physical barriers and homogenous in terms of type of 

housing and ownership during 1986-2016. To obtain the small and large neighbourhoods wherein 

each child lived across years, I link the children’s full sample to the neighbourhood clusters’ dataset 

using the unique identifiers of housing address in municipalities. 

The Ministry of Education provides individual-level school absence and national tests 

datasets. For students enrolled in public schools, the school absence dataset contains monthly 

information about the number of absence days as well as school identifiers. It is also possible to 

identify whether the attended schools are regular public schools or public schools for students with 

special education needs. Hence, I use the absence dataset to identify whether a student in the second 

or third grade is enrolled in public or private school during the school year, and conditional on 

enrollment in public school, the type of public school in the beginning and end of the school year. 

Therefore, the selected dataset gives information about the students who were enrolled at least one 

                                                            
18 Whether the housing unit is owner-occupied, public housing, private rental, public rental, cooperative, or unidentified 
ownership.   
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month in public schools during the second and third grades. The national test dataset contains 

students’ test scores in continuous logit scales (theta) in three profile areas of each subject. I select 

students’ scores in the second grade’s Danish test and the third grade’s Math test. Then I link the 

selected datasets from the absence and national tests’ datasets to the children’s full sample. I code a 

student as enrolled in public school in the second (third) grade whenever his attended schools in the 

beginning and end of the second (third) grade were public schools. Besides, I code a student as 

dropped out from Danish (Math) test whenever he enrolled in public schools in the beginning and 

end of the second (third) grade but I cannot observe his second (third) grade’s Danish (Math) test 

scores.  

I use the final dataset to construct the four estimation samples of drop out from the 3rd grade’s 

Math test, 3rd grade’s Math test, drop out from the 2nd grade’s Danish test, and 2nd grade’s Danish 

test. The procedures of sample selection are as bellow: 

1. Due to the importance of duration of living in each type of housing unit (Section 5), I drop 

children without information about the housing ownership type from the estimation samples. 

2. There are different reasons for missing students’ test scores. First, as described in sub-section 

2.1, taking national tests is not compulsory for students in private schools. Second, according 

to Beuchert & Nandrup (2014), less than 4% of students who were enrolled in public school 

in grades 2-8 in 2012 had missing test scores; among those, 12% were legally exempted. There 

are different reasons for missing test results for students who are enrolled in public schools: 

(i) it is possible that during a school year a student moves from a public school to a private 

school, where taking the national tests is not mandatory. (ii) since there is no formal sanction 

against students in public schools who do not take the tests, it is possible that students 

deliberately avoid taking the tests (hereafter dropped out). (iii) a group of students might miss 

the tests because of sickness. Consequently, I look at the attended schools in the beginning 

and the end of the school years (i.e. August and June, respectively) and exclude students 

whenever their attended school(s) in August or (and) June is (are) private school(s). Besides, 

I code students as dropped out from the tests whenever they are enrolled in public school in 

August and June but I cannot observe their test scores. Additionally, since students who miss 

the tests because of sickness can take the test in the subsequent retesting period—known as 

“sickness period”—in May or June of the same year (Beuchert & Nandrup, 2014), I observe 

their test scores. Moreover, I exclude pupils enrolled in the designated schools for students 

with special education needs, because the likelihood of missing the tests (because of sickness 

or exemption from the tests) is higher among such students (Beuchert & Nandrup, 2014). 

3. I restrict the estimation samples to children who never lived in owner-occupied and/or 

cooperative housing. There are three reasons for selecting the samples of children based on 
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ownership types rather than parental incomes. First, according to the Public Housing Act (§ 5 

b.), everyone with need for a reasonable rent can live in public housing. Therefore, irrespective 

of the income levels, households can stay in waiting lists and move into the public housing 

based on duration of waiting time. Nevertheless, more than the 76% of children in the final 

samples are from families in the first (more than 50%) and second (26%) income quartiles, 

which show very high concentration of low-income households in the private and public rental 

markets. Second, considering the policy relevant question that I want to answer, the good 

control group for children who live in public housing is another group of children for whom 

living in public housing is an important alternative (i.e. children living in private rental 

housing). Third, Dipasquale and Glaeser (1999) argue that homeowners have greater 

incentives than renters to invest in their children, which improve their children’s outcomes. 

This is more important for low-income households who live (or will live) in owner-occupied 

housing. Since such incentives are not observable, I restrict my sample based on observable 

characteristics of households. 

4. Since households can move from municipalities with longer waiting lists of public housing to 

municipalities with shorter waiting lists, I exclude children who change the municipality of 

residence.19 

Appendix A describes the procedures of sample selection for the four estimation samples in 

more detail.  

 

4.2. DESCRIPTIVE STATISTICS 

Table 2 lists the outcomes and background characteristics of students in the drop out from the Math 

test (column 2) and Math test scores (column 4), and compares those with the characteristics of the 

children’s full sample (column 1). Additionally, appendix Table C.1 defines all of the variables that 

I use in this study. Detailed descriptive statistics for the drop out from the Math test and Math test 

scores (including standard deviations) are also provided in appendix Tables C.2 and C.3. Comparing 

the first and second columns in Table 2 shows that 31% of students in the drop out from the Math test 

sample were non-Western descendants, while that share for the full sample of children who were born 

during 2002-2006 (the first column) was 8%. Additionally, the share of children who lived with one 

of their parents (mostly mothers) in the drop out from Math sample was two times larger than the full 

sample of children. Besides, more than half of the students in the drop out from the Math test sample 

were from families with the lowest levels of income (1st quartile). Moreover, in comparison to the 

full sample of children, children in the drop out from the Math test sample were from younger parents, 

                                                            
19 The estimation results are not affected by including children who have changed the municipality of residence. 
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who were more likely to have lower levels of education, and labour market attachments. These 

differences are not surprising, because I restrict the drop out from the Math test sample to the students 

who never lived in owner-occupied and/or cooperative housing. As a result, while a quarter of 

students in the children’s full sample (column 1) ever lived in public housing, the share of students 

who ever lived in public housing in the drop out sample was 70%. On average, the duration of living 

in public housing among children in the drop out from the Math test sample was four times higher 

than children in the children’s full sample. They also lived two times more in private rental and three 

times more in the public rental housing. However, as will be discussed in Section 5.1, the duration of 

living in public housing varies among children depending on their birth dates. 

The third column of Table 2 shows characteristics of a group of students in the drop out 

sample, who ever lived in public housing. Comparing the second and third columns shows that the 

probability of dropping out from the Math test was 16% higher among the students who ever lived in 

public housing. Relative to the students in the drop out sample, they were even more likely to have 

non-Western origin (41%), and lower SES background.  

Columns 4 and 5 show outcomes and background characteristics of students in the Math test 

sample and those who ever lived in public housing, respectively. The mentioned characteristics of 

students in the drop out from the Math test (columns 2 and 3) also hold for students in this sample. 

Moreover, relative to students in the Math test sample, students who ever lived in public housing 

performed weaker in their Math tests by 12% of a standard deviation. 

Table 3 shows the same characteristics mentioned in Table 2 for drop out from Danish test 

sample (columns 2 and 3) as well as the Danish test sample (columns 4 and 5). On average and relative 

to the second column, the probability of dropping out from the Danish test were higher among 

students who ever lived in public housing, and their scores were 13% of a standard deviation lower 

than students in the full sample of drop out from the Danish test.  

To sum up, in comparison to the children’s full sample (column 1 in Tables 2 and 3), students 

in the selected four samples were close to four times more likely to have non-Western origin, and 

lived four times more in public housing. In addition, they were from parents with lower levels of 

education, income, and labour market participation. Among students in these four samples, students 

who ever lived in public housing had lower outcomes, and even weaker socioeconomic 

characteristics. 
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Table 2. Summary statistics for drop out from the 3rd grade Math test, and 3rd grade's Math scores 
 

 Children's 
Full Sample 

 
Drop out from Math 

Sample  
3rd grade Math test 

Sample 

  Full  Ever SH  Full  Ever SH 

  [1]   [2]   [3] 
 

[4]   [5] 

Panel A: Outcome - Drop out from 3rd grade Math test       

Drop out from 3rd grade Math test   0.037  0.043     

Math score (standardized)       0  -0.121 

Panel B: Child's characteristics at age 5         

Male 0.512  0.493  0.492  0.494  0.493 

Non-Western student 0.084  0.31  0.406  0.317  0.413 

One parent - not in new relation 0.151  0.301  0.346  0.299  0.343 

First-born child 0.439  0.388  0.352  0.385  0.351 

Panel C: Child's exposure to different types of housing up to age 9 (Math), and 8 (Drop out)   

Ever lived in public housing (age 9) 0.265      0.711  1 

Ever lived in public housing (age 8) 0.259  0.704  1     

Months in public housing (age 9) 16.222      70.254  98.821 

Months in public housing (age 8) 14.526  61.94  88.038     

Months in private rental housing (age 9) 12.601      26.648  8.001 

Months in private rental housing (age 8) 11.063  23.704  6.88     

Months in public rental housing (age 9) 4.314      12.671  2.752 

Months in public rental housing (age 8) 4.065  11.755  2.481     

Panel D: Family income at age 5         

Income in the first quartile 0.25  0.505  0.599  0.509  0.602 

Income in the fourth quartile 0.25  0.088  0.033  0.087  0.033 

Panel E: Mother's characteristics at age 5         

Age less than 31 0.134  0.224  0.265  0.223  0.263 

Max lower secondary education 0.235  0.367  0.443  0.368  0.443 

Upper secondary education 0.365  0.386  0.398  0.389  0.399 

Academic or Short cycle education 0.4  0.247  0.159  0.244  0.158 

Unemployed 0.035  0.068  0.078  0.068  0.078 

Out of labour force 0.154  0.331  0.398  0.333  0.4 

Panel F: Father's characteristics at age 5         

Age less than 31 0.062  0.107  0.126  0.105  0.123 

Max lower secondary education 0.261  0.375  0.44  0.376  0.44 

Upper secondary education 0.42  0.406  0.403  0.408  0.404 

Academic or Short cycle education 0.319  0.219  0.157  0.215  0.156 

Unemployed 0.03  0.068  0.081  0.068  0.081 

Out of labour force 0.082  0.208  0.25  0.21  0.253 

Number of observations 350,619   29,517   20,767   28,148   20,011 
Notes: Data sources are Danish Administrative registers and the Ministry of Educations’ National Test Scores and Absence datasets. Column [1] 
represents the characteristics of children (and their parents) who were born during 2002-2006. Column [2] shows characteristics of children (and their 
parents) in the Drop out from the 3rd grade’s Math test sample. Column [3] shows characteristics of children and their parents for sub-population of 
Drop out from 3rd grade Math test sample, who ever lived in public housing. Column [4] presents characteristics of children (and their parents) in the 
3rd grade’s Math test sample. Column [5] shows characteristics of children and their parents for sub-population of the 3rd grade Math test sample, who 
ever lived in public housing. Appendix Table C.1 presents the description of all of the variables, and appendix Tables C.2 and C.3 provide summary 
statistics (means and standard deviations) for all of the covariates in these samples. 
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Table 3. Summary statistics for drop out from the 2nd grade Danish test, and 2nd grade's Danish scores 
 

 Children's 
Full Sample 

 
Drop out from Danish 

Sample  
2nd grade Danish test 

Sample 

  Full  Ever SH  Full  Ever SH 

  [1]   [2]   [3]   [4]   [5] 

Panel A: Outcome       

Drop out from 2nd grade Danish test   0.04  0.043     

Dansih score (standardized)       0  -0.133 

Panel B: Child's characteristics at age 5        

Male 0.512  0.495  0.496  0.495  0.496 

Non-Western student 0.084  0.304  0.402  0.31  0.406 

One parent - not in new relation 0.151  0.3  0.346  0.303  0.348 

First-born child 0.439  0.394  0.357  0.389  0.353 

Panel C: Child's exposure to different types of housing up to age 8 (Danish), and 7 (Drop out)    

Ever lived in public housing (age 8) 0.259      0.703  1 

Ever lived in public housing (age 7) 0.251  0.693  1     

Months in public housing (age 8) 14.526      61.75  87.873 

Months in public housing (age 7) 12.818  53.562  77.249     

Months in private rental housing (age 8) 11.063      23.972  7.018 

Months in private rental housing (age 7) 9.57  21.075  5.806     

Months in public rental housing (age 8) 4.065      11.677  2.509 

Months in public rental housing (age 7) 3.781  10.589  2.171     

Panel D: Family income at age 5        

Income in the first quartile 0.25  0.5  0.596  0.507  0.6 

Income in the fourth quartile 0.25  0.09  0.034  0.088  0.032 

Panel E: Mother's characteristics at age 5        

Age less than 31 0.134  0.227  0.269  0.226  0.267 

Max lower secondary education 0.235  0.364  0.442  0.366  0.442 

Upper secondary education 0.365  0.384  0.396  0.387  0.399 

Academic or Short cycle education 0.4  0.252  0.161  0.247  0.159 

Unemployed 0.035  0.067  0.078  0.068  0.078 

Out of labour force 0.154  0.326  0.394  0.33  0.397 

Panel F: Father's characteristics at age 5        

Age less than 31 0.062  0.11  0.129  0.108  0.127 

Max lower secondary education 0.261  0.375  0.441  0.376  0.441 

Upper secondary education 0.42  0.405  0.402  0.407  0.404 

Academic or Short cycle education 0.319  0.22  0.157  0.217  0.156 

Unemployed 0.03  0.068  0.08  0.068  0.081 

Out of labour force 0.082  0.206  0.251  0.208  0.252 

Number of observations 350,619   31,370   21,751   29,424   20,677 
Notes: Data sources are Danish Administrative registers and the Ministry of Educations’ National Test Scores and Absence datasets. Column [1] 
represents the characteristics of children (and their parents) who were born during 2002-2006. Column [2] shows characteristics of children (and their 
parents) in the Drop out from the 2nd grade’s Danish test sample. Column [3] shows characteristics of children and their parents for sub-population of 
Drop out from 2nd grade’s Danish test sample, who ever lived in public housing. Column [4] presents characteristics of children (and their parents) in 
the 2nd grade’s Danish test sample. Column [5] shows characteristics of children and their parents for sub-population of the 2nd grade’s Danish test 
sample, who ever lived in public housing. Appendix Table C.1 presents the description of all of the variables, and appendix Tables C.4 and C.5 provide 
summary statistics (means and standard deviations) for all of the covariates in these samples. 
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5. EMPIRICAL STRATEGY 

5.1. DURATION OF EXPOSURE TO DIFFERENT TYPES OF RENTAL HOUSING 

As described in Section 2.2, the imposed caps on construction costs of public housing coupled with 

the increased construction costs (because of housing booms) resulted in a decrease in the supply of 

public housing. Since public housing units are allocated based on waiting lists, the decreased supply 

of public housing can be translated into longer waiting time of applicants before moving into public 

housing. Considering the point that more than half of the students in the selected samples were from 

families with the lowest levels of income (family income in the first quartile), they could not afford 

to live in owner-occupied or cooperative housing. Hence, they were likely to have lived in private or 

public rental housing during the time that they were in waiting lists. Consequently, one can expect 

the average duration of living in public housing up to age 8 or 9 to be higher among children who 

were born before 2004 relative to those who were born after that.  

Figure 4 presents the average months of living in public housing for children in the Math 

sample by birth date (i.e. month of birth in year) up to age 9. As this figure shows, there was a 

declining trend in duration of living in public housing by birth date. For instance, while children born 

in January 2002 lived (on average) 73 months in public housing, children born in December 2006 

lived about 58 months in public housing. Alternatively, Figures 5 and 6 show that for the same group 

of children in the Math test sample, durations of living in private rental and public rental housing up 

to age 9 had increasing trends. Overall, children born before the reform lived in public housing, 

private rental, and public rental housing for 73.26, 24.58, and 11.73 months, respectively. In 

comparison to before the reform children, children born after the reform lived 5 months less in public 

housing (68.20 months), 3.5 months more in private rental (28.05 months), and 1.5 months more in 

pubic rental (13.31 months) housing.   

In conclusion, despite the importance of living in public housing for low-income households, 

due to the reduction in the supply of public housing after the 2004 reform, the descriptive evidence 

indicates that they stayed longer time on waiting lists, and hence lived more months in other types of 

rental housing until they reached the top of waiting lists and moved into public housing. In Section 

5.2, I will exploit variations in duration of exposure into public housing, which arise from the 2004 

reform, to identify the effects of living in public housing on students’ outcomes. 
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Figure 4. Average months in public housing up to age 9 based on birth month in years – Math test sample  

 

 

 

Figure 5. Average months in private rental housing up to age 9 based on birth month in years – Math test sample 
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Figure 6. Average months in public rental housing up to age 9 based on birth month in years – Math test sample 

 

 

5.2. MODEL 

The main goal of this study is to estimate the effects of (duration of) living in public housing on 

schooling outcomes of children of low-income households. In this regard, I exclude children who 

ever lived in owner-occupied or cooperative housing from the samples. Consequently, the final 

samples consist of children with low socioeconomic background characteristics, for whom living in 

public housing is an important option. Empirically, I estimate the following equation: 

 

𝑦 𝛼 𝛼 𝑃𝐻 𝑿𝒊𝛼 𝛿 𝛿 𝛿 𝜖  (1) 

 

where 𝑦 represents outcomes of child 𝑖, who lived in neighbourhood 𝑛, attended school 𝑠, and was in 

age group (by month) 𝑎 at the start of the 2nd or 3rd grade (for drop out outcomes) or at the test date 

(for test scores). It is important to note that two of the outcome variables (i.e. drop out from Danish 

and Math tests) are binary variables, and estimated by Linear Probability Models (LPM). In this 

regard, to satisfy the requirements of a saturated model, my model specification uses a set of binary 

variables for each of the explanatory variables. Based on Angrist (2001), a saturated model with a 

discrete outcome will identify identical coefficient estimates and standard errors as a logit (probit) 

model. Additionally, two other outcome variables are standardized Danish and Math tests scores in 

the 2nd and 3rd grades.  

𝑃𝐻 is duration of living in public housing (by month) up to age 7 (for drop out from the 

Danish test), 8 (for drop out from the Math test, and the Danish test scores), or 9 (for Math test scores). 

Hence, 𝛼  is the parameter of interest. 𝑋 is a vector of baseline covariates measured at age 5 (before 

Reform 
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starting school).20 To consider time-invariant characteristics of neighbourhoods and schools that can 

affect both households’ decisions about living in specific residential areas and children’s outcomes, 

I also include small-area neighbourhood (𝛿 ) and school (𝛿 ) fixed effects in equation (1). Besides, 

𝛿  is a series of dummy variables for age (measured in months) at the date I observe the outcomes. 

These dummy variables help me compare outcomes among children with the same possibility of 

exposure to different types of housing after the age I use to calculate 𝑆𝐻.21 To allow for common 

error components across children in a neighbourhood, I also cluster standard errors (𝜖) at the 

neighbourhood level. 

Even after using a rich set of control variables as well as neighbourhood and school fixed 

effects, the main challenge in identification of the true effect of living in public housing on children’s 

outcomes in equation (1) is the well-known omitted variable issue. This problem arises from the 

possibility of existence of unobserved (omitted) factors that affect both households decision about 

(duration of) living in public housing and their children’s educational outcomes. In particular, the 

problem is that estimation of equation (1) would not help me to identify whether (duration of) living 

in public housing per se affect children’s educational outcome or households with specific 

(unobserved) characteristics live in public housing. Nevertheless, 𝛼  in equation (1), which is 

estimated using linear regression, is useful to give a first impression about associations between 

(duration of) living in public housing and children’s outcomes.  

Therefore, I will exploit the Danish reform on public housing provision voted in 2004 for 

empirical investigation of the effects of growing up in public housing on children’s outcomes. In 

particular, I estimate the “intent-to-treat” (ITT) effects of distance from birth date to reform (in 

months) on each of the four outcomes using the following equation. 

 

𝑦 𝛽 𝛽 𝑅𝑒𝑓𝑜𝑟𝑚 𝑿𝒊𝛽 𝛿 𝛿 𝛿 𝜀  (2) 

 

where, 𝑅𝑒𝑓𝑜𝑟𝑚 is distance from child’s birth date to the reform date (i.e. 1 January, 2004), and 

hence, 𝛽  is the parameter of interest. The graphical illustration of 𝑅𝑒𝑓𝑜𝑟𝑚 variable is shown in 

Figure 7. 

Since not all of the post-reform children were affected by that, ITT estimates understate the 

actual effect duration of living in public housing on children’s outcomes. Therefore, I instrument 

                                                            
20 The detailed list of variables and their descriptions are presented in appendix Table C.1. 
21 Difference between the age at which I observe the outcomes and the age up to which I calculate 𝑆𝐻 varies across 
students. For instance, I calculate duration of exposure to public housing up to age 9 in the Math test sample; however, 
students took their tests from the first month after turning 9 to the last month of age 10. As a result, students in the latter 
group were exposed more months to different types of rental housing, relative to the former group at the date I observe 
their outcomes. Therefore, I include 𝛿  in regressions to capture differences in outcomes because of different age (in 
months) that I observe the outcomes.  
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duration of living in public housing, which is an endogenous variable, by distance from birth date to 

the reform date (in months). In particular, I estimate the following first-stage equation and use the 

predicted values of 𝑆𝐻 to estimate equation (1) using 2SLS. 

 

𝑃𝐻 𝛾 𝛾 𝑅𝑒𝑓𝑜𝑟𝑚 𝑿𝒊𝛾 𝛿 𝛿 𝛿 𝜃  (3) 

 

Under the assumption that distance from the birth date to the reform only affects outcomes 

through affecting duration of exposure to public housing, 𝛽 /𝛾  can be interpreted as the effects of 

duration of living in public housing on children’s outcomes. 

 

Figure 7. Illustration of calculating distance from birth date to the reform 
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5.3. IDENTIFYING ASSUMPTION 

The key identifying assumption in estimation of equation (2) is that distance from birth date to the 

reform date should be independent from unobservable (omitted) characteristics. In order to test this 

assumption, I regress distance from birth date to the reform date on all of the covariates that I use to 

estimate equations (1) to (3). Appendix Table C.6 shows the results of balancing tests for the two 

samples of drop out from Math test and Math test scores. Appendix Table C.7 also presents the same 

balancing tests for two samples of drop out from Danish test and Danish test scores. 

Overall, post-reform children are less likely to have non-Western origin, and more likely to 

have mothers with academic or short cycle tertiary education. However, their parents (fathers and 

mothers) are more likely to be inactive in the labour market.  

Here, I argue that the reasons for dissimilarities in the mentioned characteristics between pre- 

and post-reform children are the national declining trend in the influx of non-Western immigrants  

due to stricter immigration laws from 2002 (and hence growth rate of share of non-Western 

immigrants) and economic downturn after the housing bubble burst in 2008. Based on Appendix 

Figure B.6-a, the shares of non-Western children in the Math test score’s sample have a declining 
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trend and the lowest shares are evident among the children who were born in 2006.22 Appendix Figure 

B.6-b also use information of all of the inhabitants of Denmark to show the growth rates in the share 

of non-Westerns during 1990-2010. For the purpose of this study, the mentioned growth rates 

declined from 6.2 percent in 2002 to 1.9 percent in 2006. Consequently, the observed declining trend 

in the share of non-Western children in the Math test score’s sample (and three other samples) is due 

to the existence of such declining trend in demographic composition of Denmark. 

Figure B.7 shows increasing trend in the share of mothers who were inactive in labour market 

(i.e. unemployed or out of labour force), declining trend in the share of mothers with lower levels of 

educating (i.e. lower secondary or below that), and increasing trend in the share of mothers with 

higher education (i.e. academic or short cycle tertiary) for children in the Math test score’s sample. 

Figure B.8 also shows increasing trend in the share of fathers who were inactive in labour market for 

the mentioned sample. Considering the points that children in all of the four samples were born during 

2002-2006 and I obtain their background characteristics at age 5, pre-reform children’s characteristics 

are observed in years before economic downturn (i.e. 2007-2008) and post-reform children’s 

characteristics are collected in years of economic downturn. Due to the economic downturn, lower 

labour market participation of post-reform children’s parents is expectable. Moreover, because of 

reductions in the opportunity costs of schooling and the probability of finding unskilled jobs during 

the recessions, several studies show that the demand for education has a counter-cyclical pattern 

(Sievertsen, 2016; Bedard & Herman, 2008; Card & Lemieux, 2000). As a result, it is expectable that 

post-reform children to have mothers with higher levels of education relative to the pre-reform 

children.  

To address this issue, I control for a rich set of covariates that reflect children’s background 

characteristics, as well as municipality of residence characteristics (population growth, house price 

growth, and employment growth) at age 5, which capture most of the existing trends in the labour 

market and education. Furthermore, in Section 6.6, I show that by including neighbourhood FE, and 

incrementally controlling for more background characteristics in estimation of equations (2) and (3), 

the stability of my instrument (i.e. distance from birth date to the reform date) in predicting duration 

of living in public housing does not change substantially. In addition, since children born in 2002 and 

2006 have the highest dissimilarities, I will show that my baseline estimates are robust to excluding 

these students from the estimations (Section 6.6). 

 

 

 

                                                            
22 Such a trend is observable in four estimation samples, as well as full sample of children born during 2002-2006.  
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6. RESULTS 

6.1. BENCHMARK RESULTS (FROM LINEAR REGRESSIONS) 

Before turning to the main results, it is useful to present some benchmark linear regression results. 

These regressions show correlations between duration of exposure to public housing (in months) and 

children’s outcomes.  

Table 4 shows the results from equation (1) for drop out from Math test (columns 1-4) and 

standardized Math test scores (columns 5-8) by adding more covariates, subsequently. Without 

further controls, column 1 shows that there is a positive and significant correlation between duration 

of living in public housing (up to age 8) and drop out from Math test. In particular, living one more 

month in public housing is associated with 0.019 percentage point higher probability of dropping out 

of Math test. Adding controls for children’s characteristics, family income, parental characteristics, 

and municipality of residence in the second column decreases the magnitude of association by half. 

Furthermore, including small-area neighbourhood FE in column 3, and neighbourhood and school 

FEs in column 4 does not change the magnitude of the association importantly. 

Columns 5-8 show associations between duration of living in public housing (up to age 9) and 

Math test scores. The unconditional regression in column 5 shows that living one more month in 

public housing is associated with 0.36 percentage point of a standard deviation (hereafter SD) 

reduction in Math test scores. By adding all of the covariates in column 6, the magnitude of point 

estimate declines to -0.0896 percentage point of a SD. Moreover, controlling for neighbourhood FE 

in column 7, and neighbourhood and school FEs in column 8 does not change the size of point 

estimates significantly. 

Table 5 replicates Table 4 for drop out from Danish test (columns 1-4) and Danish test scores 

(columns 5-8). In comparison to the first column, including all of the control variables in column 2 

decline the magnitude of point estimates by half (i.e. from 0.019 percentage point to 0.009 percentage 

point). Furthermore, by controlling for neighbourhood FE in column 3, the magnitude of association 

declines more, and becomes insignificant. Besides, including neighbourhood and school FEs in 

column 4 does not change the magnitude of point estimates. Additionally, the estimation results for 

association between duration of living in public housing and Danish test scores show that without 

controlling for background characteristics, living one more month in public housing is associated 

with 0.45 percentage point of a SD decline in Danish test scores (column 5). As well as estimation 

results for Math test, including all of the covariates in column 6 decreases the magnitude of 

association to -0.11 percentage point of a SD. Moreover, controlling for neighbourhood and school 

FEs in columns 7 and 8 does not change the magnitude of point estimates, importantly. For instance, 

in column 8, where I control for all of the covariates as well as neighbourhood and school FEs, living 
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one more month in public housing is associated with 0.13 percentage point of a SD reduction in 

Danish test scores. 

Overall, living one more month in public housing is correlated (significantly) with drop out 

from Math test positively, and Danish and Math test scores negatively. Furthermore, by controlling 

for all of the observable background characteristics, the magnitudes of associations decline 

significantly. Nevertheless, including neighbourhood and school fixed effects does not change the 

magnitudes of point estimates, importantly. Consequently, duration of living in public housing is 

highly correlated with observable background characteristics of children, and after including those 

characteristics, controlling for time-invariant characteristics of neighbourhoods and schools does not 

affect the results. In other words, households with specific characteristics self-select themselves into 

the public housing. Moreover, the probability of dropping out is higher among boys and lower among 

non-Western students. Boys also perform weaker than girls in Danish test. Furthermore, non-Western 

students perform weaker in both of the Danish and Math tests.      
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Table 4. Linear regressions of Drop out from Math test and Math test scores on duration of exposure to public housing 
(in months)  

 Drop out from Math test  Math test scores 

  [1] [2] [3] [4]   [5] [6] [7] [8] 

Months in public housing 0.000187*** 9.77e-05*** 0.000110*** 9.42e-05**  -0.00364*** -0.000896*** -0.00102*** -0.00111*** 

 (2.57e-05) (2.85e-05) (3.54e-05) (3.69e-05)  (0.000180) (0.000146) (0.000185) (0.000189) 

Panel A: Child's characteristics at age 5         
Male  0.0158*** 0.0154*** 0.0131***   0.0198* 0.0151 0.0150 

  (0.00237) (0.00249) (0.00246)   (0.0112) (0.0114) (0.0117) 

Non-Western student  -0.00991*** -0.00990*** -0.00934**   -0.126*** -0.101*** -0.100*** 

  (0.00346) (0.00383) (0.00365)   (0.0184) (0.0188) (0.0193) 

Four or more children in family  0.00302 0.00199 0.000818   -0.0947*** -0.0749*** -0.0675*** 

  (0.00459) (0.00478) (0.00458)   (0.0197) (0.0207) (0.0212) 

Panel B: Family income at age 5         
Income in the Second quartile  -0.00104 -0.000255 -0.000273   0.0347** 0.0328* 0.0332* 

  (0.00319) (0.00333) (0.00327)   (0.0171) (0.0177) (0.0179) 

Panel C: Mother's characteristics at age 5         
Age less than 31  -0.000130 -0.00132 -0.000140   -0.0125 0.00364 0.000582 

  (0.00411) (0.00432) (0.00418)   (0.0201) (0.0208) (0.0214) 

Age greater than 45  -0.00422 -0.00636 -0.0112*   -0.0134 -0.0227 -0.0303 

  (0.00652) (0.00658) (0.00618)   (0.0371) (0.0383) (0.0396) 

Max lower secondary education  0.00926*** 0.00934*** 0.00689**   -0.145*** -0.131*** -0.126*** 

  (0.00285) (0.00301) (0.00300)   (0.0143) (0.0148) (0.0155) 

Unemployed  0.00799 0.00657 0.00638   -0.0757*** -0.0563** -0.0497** 

  (0.00498) (0.00507) (0.00493)   (0.0234) (0.0232) (0.0235) 

Out of labour force 0.00929*** 0.00922*** 0.0103*** -0.0567*** -0.0590*** -0.0564*** 

(0.00289) (0.00300) (0.00303) (0.0159) (0.0161) (0.0164) 

Panel D: Father's characteristics at age 5         
Age less than 31  -0.000297 -0.000924 0.000290   -0.0744*** -0.0738*** -0.0655** 

  (0.00489) (0.00505) (0.00503)   (0.0240) (0.0245) (0.0256) 

Age greater than 45  -0.00745** -0.00705* -0.00751**   0.0173 0.0205 0.0213 

  (0.00360) (0.00365) (0.00365)   (0.0197) (0.0197) (0.0198) 

Max lower secondary education  0.00881*** 0.00882*** 0.00839***   -0.0844*** -0.0654*** -0.0579*** 

  (0.00267) (0.00285) (0.00280)   (0.0138) (0.0143) (0.0141) 

Unemployed  0.00594 0.00676 0.00752   -0.0577** -0.0551** -0.0491** 

  (0.00512) (0.00528) (0.00513)   (0.0229) (0.0232) (0.0239) 

Out of labour force  0.00713** 0.00753** 0.00798**   -0.0480*** -0.0498*** -0.0555*** 

  (0.00342) (0.00348) (0.00336)   (0.0171) (0.0171) (0.0172) 

Months in PH (sample average) 61.94 61.94 61.94 61.94  70.254 70.254 70.254 70.254 

  [44.293] [44.293] [44.293] [44.293]   [49.585] [49.585] [49.585] [49.585] 

Controlled for:          
Municipality, Children, Income NO YES YES YES  NO YES YES YES 

Parental characteristics NO YES YES YES  NO YES YES YES 

Neighbourhood FE NO NO YES YES  NO NO YES YES 

School FE NO NO NO YES   NO NO NO YES 

R-squared 0.007 0.015 0.013 0.117  0.043 0.119 0.070 0.140 

Number of Neighbourhoods   1,925 1,925    1,920 1,920 

Observations 29,517 29,509 29,509 29,509   28,148 28,140 28,140 28,140 
Notes: This table presents linear regressions (equation 1) of Drop out from Math test (columns 1-4) and Math test scores (columns 5-8) on duration of 
living in public housing up to age 8 (for Drop out sample) or 9 (for Math test scores sample). In estimation samples, mean of drop out from Math test 
is 0.037 (0.189) and mean of Math test score is 0 (1).  All of the control variables are collected at age 5 (before start of schools). Columns 1 & 5 show 
estimation results without any further control variable (only duration of living in public housing in months). Columns 2 & 6 include all of the 
covariates—the list of those available in appendix Table C.1. Columns 3 & 7 show the results after controlling for all of the covariates, as well as 
neighbourhood FE. In columns 4 & 8, all of the covariates, as well as neighbourhood and school FEs are considered. “Months in public housing (sample 
average)” shows average number of months children in each of the samples lived in public housing, and the following column presents the standard 
deviations of those averages. Standard errors are reported in parentheses and clustered at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1 
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Table 5. Linear regressions of Drop out from Danish test and Danish test scores on duration of exposure to public 
housing (in months) 

 Drop out from Danish test   Danish test scores 

  [1] [2] [3] [4]   [5] [6] [7] [8] 

Months in public housing 0.000194*** 9.26e-05*** 4.68e-05 3.59e-05  -0.00457*** -0.00106*** -0.00112*** -0.00131*** 

 (3.04e-05) (3.37e-05) (4.27e-05) (4.38e-05)  (0.000226) (0.000163) (0.000196) (0.000199) 

Panel A: Child's characteristics at age 5         
Male  0.0179*** 0.0171*** 0.0138***   -0.228*** -0.226*** -0.227*** 

  (0.00223) (0.00227) (0.00223)   (0.0102) (0.0104) (0.0107) 

Non-Western student  -0.0114*** -0.0155*** -0.0147***   -0.219*** -0.176*** -0.167*** 

  (0.00338) (0.00385) (0.00371)   (0.0171) (0.0179) (0.0182) 

Four or more children in family  0.00241 -0.00152 -0.00259   -0.146*** -0.113*** -0.113*** 

  (0.00480) (0.00474) (0.00454)   (0.0189) (0.0195) (0.0201) 

Panel B: Family income at age 5         
Income in the Second quartile  -0.000274 3.53e-05 -0.000242   0.0379** 0.0374** 0.0349** 

  (0.00339) (0.00348) (0.00349)   (0.0167) (0.0168) (0.0171) 

Panel C: Mother's characteristics at age 5         
Age less than 31  -0.00350 -0.00478 -0.00399   -0.0634*** -0.0460** -0.0458** 

  (0.00391) (0.00411) (0.00407)   (0.0201) (0.0203) (0.0213) 

Age greater than 45  -0.00381 -0.00498 -0.00558   0.0523 0.0681* 0.0582 

  (0.00719) (0.00718) (0.00687)   (0.0360) (0.0372) (0.0380) 

Max lower secondary education  0.0119*** 0.0107*** 0.00816***   -0.140*** -0.127*** -0.122*** 

  (0.00284) (0.00293) (0.00293)   (0.0136) (0.0136) (0.0141) 

Unemployed  0.00526 0.00483 0.00750   -0.109*** -0.0917*** -0.0888*** 

  (0.00469) (0.00476) (0.00461)   (0.0238) (0.0238) (0.0242) 

Out of labour force 0.0139*** 0.0133*** 0.0129*** -0.0593*** -0.0541*** -0.0499*** 

(0.00308) (0.00324) (0.00322) (0.0153) (0.0150) (0.0156) 

Panel D: Father's characteristics at age 5         
Age less than 31  -0.00580 -0.00752 -0.00730   -0.0585** -0.0540** -0.0668*** 

  (0.00458) (0.00466) (0.00460)   (0.0231) (0.0235) (0.0240) 

Age greater than 45  0.000688 0.00221 0.000761   0.000884 0.00105 0.00277 

  (0.00373) (0.00380) (0.00367)   (0.0196) (0.0198) (0.0200) 

Max lower secondary education  0.00856*** 0.00850*** 0.00775***   -0.104*** -0.0922*** -0.0926*** 

  (0.00269) (0.00276) (0.00269)   (0.0138) (0.0141) (0.0143) 

Unemployed  0.0117** 0.0130** 0.0129**   -0.0434** -0.0415* -0.0327 

  (0.00525) (0.00538) (0.00523)   (0.0218) (0.0218) (0.0219) 

Out of labour force  0.0126*** 0.0117*** 0.0113***   -0.0657*** -0.0553*** -0.0554*** 

  (0.00350) (0.00359) (0.00356)   (0.0166) (0.0166) (0.0169) 

Months in PH (sample average) 53.562 53.562 53.562 53.562  61.75 61.75 61.75 61.75 

  [39.031] [39.031] [39.031] [39.031]   [44.31] [44.31] [44.31] [44.31] 

Controlled for:          
Municipality, Children, Income NO YES YES YES  NO YES YES YES 

Parental characteristics NO YES YES YES  NO YES YES YES 

Neighbourhood FE NO NO YES YES  NO NO YES YES 

School FE NO NO NO YES   NO NO NO YES 

R-squared 0.008 0.018 0.015 0.118  0.052 0.159 0.100 0.167 

Number of Neighbourhoods   1,930 1,930    1,926 1,926 

Observations 31,370 31,360 31,360 31,360   29,424 29,416 29,416 29,416 
Notes: This table presents linear regressions (equation 1) of Drop out from Danish test (columns 1-4) and Danish test scores (columns 5-8) on duration 
of living in public housing up to age 7 (for Drop out sample) or 8 (for Danish test scores sample). In estimation samples, mean of drop out from Danish 
test is 0.04 (0.196) and mean of Danish test score is 0 (1).  All of the control variables are collected at age 5 (before start of schools All of the control 
variables are collected at age 5 (before start of schools). Columns 1 & 5 show estimation results without any further control variable (only duration of 
living in public housing in months). Columns 2 & 6 include all of the covariates—the list of those available in appendix Table C.1. Columns 3 & 7 
show the results after controlling for all of the covariates, as well as neighbourhood FE. In columns 4 & 8, all of the covariates, as well as neighbourhood 
and school FEs are considered. “Months in public housing (sample average)” shows average number of months children in each of the samples lived in 
public housing, and the following column presents the standard deviations of those averages. Standard errors are reported in parentheses and clustered 
at neighbourhood level. *** p<0.01, ** p<0.05, * p<0.1 
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6.2. REDUCED-FORM RESULTS (ITT) 

Due to the reduction in construction of public housing (because of the 2004 reform) and existence of 

waiting list system for allocation of public housing, children born before the reform (hereafter pre-

reform children) lived in public housing for more months (up to the respective ages) relative to 

children who were born after the reform (hereafter post-reform children).23 In particular and under 

the mentioned setting, the likelihood of moving into public housing in early ages (and hence duration 

of living in public housing) was the highest among children who were born in January 2002, and the 

lowest among children who were born in December 2006. In addition, based on the birth month, the 

probability of moving into public housing in early ages had a declining trend among children who 

were born between these two months (Figure 4). Consequently, the ITT estimates (equation 2) in 

Tables 6 and 7 compare means of outcomes among children based on their birth month, as 

probabilities of moving into public housing in earlier ages subsequently declined from being born in 

January 2002 to being born in December 2006. Negative coefficients of ITT estimates for dropping 

out from Math test, for instance, show that pre-reform students (with probably more duration of 

exposure to public housing) were more likely to drop out from Math test relative to the post-reform 

children.          

Table 6 shows the ITT estimates for the dropping out from Math test (columns 1-4) and 

standardized Math test scores (columns 5-8) by adding more controls, incrementally. I begin with 

column 1, which presents the ITT estimates of the effect of distance from birth date to the reform date 

(in months) on binary variable of dropping out from Math test without further controls. The result 

shows that the probability of dropping out is significantly higher among pre-reform children. 

Including the child’s background characteristics, family income, parental characteristics, and 

municipality of residence in column 2 does not change the point estimates importantly. Besides, after 

controlling for neighbourhood FE in column 3, and neighbourhood and school FEs in column 4, the 

point estimate does not change considerably. The probabilities of dropping out are also higher among 

boys, and children from parents with lower levels of education, and labour market attachment.  

Columns 5-8 of Table 6 present the ITT estimates for standardized test scores in Math. The 

restricted estimation in column 5 shows that pre-reform children perform slightly weaker (but 

insignificantly) than post-reform children in Math test (positive sign of the point estimate). However, 

after controlling for all of the background characteristics in column 6, the sign of the point estimate 

changes to negative (but still insignificant). Furthermore, adding neighbourhood FE in column 7, and 

neighbourhood and school FEs in column 8 does not change the size of the point estimates 

considerably. According to these columns, pre-reform children perform slightly—but not 

                                                            
23 I calculate duration of living in public housing up to ages 7 (for drop out from Danish test sample), 8 (for drop out from 
Math test and Danish test scores samples), and 9 (for Math test scores sample).  
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significantly—better than post-reform children. Moreover, non-Western children, and children from 

parents with weaker background characteristics perform worse than their peers.  

Table 7 shows the ITT estimates from linear regressions (equation 2) of dropping out from 

Danish test (columns 1-4) and Danish test scores (columns 5-8) on distance from birth date to the 

reform date (in months). Based on columns 1-4, the probability of dropping out from Danish test is 

significantly higher among pre-reform children relative to the post-reform children. In particular, 

adding all of the covariates in column 2, and controlling for neighbourhood and school FEs in 

columns 3 and 4 does not affect the magnitude of the point estimate importantly. As well as drop out 

from Math test, the probabilities of dropping out from Danish tests are higher among boys, and 

children from parents with low levels of education, and labour market attachment.  

Without controlling for background characteristics, column 5 of Table 7 shows that pre-

reform children perform marginally (but not significantly) weaker than post-reform children in 

Danish test. Nevertheless, controlling for background characteristics in column 6 changes the sign of 

point estimate from positive to negative, but still keeps that insignificant. The results in column 7 

shows that adding neighbourhood FE does not change the sign and size of point estimates. 

Furthermore, after controlling for time-invariant characteristics of the attended schools at Danish test 

dates through school FE (column 8), the magnitude of pre-reform children’s better performance 

increases and becomes marginally significant at 10% significance level. That is, among children who 

lived in the same neighbourhood and attended the same school, pre-reform children (with higher 

probability of moving into public housing earlier in their lives) perform slightly better in Danish tests 

relative to the post-reform children. I investigate this result later in Section 6.4 where I present 

different estimation results based on standardized scores in each of the three subject areas of Danish 

test. 

Overall, based on ITT estimates, the probabilities of dropping out from Math and Danish tests 

were higher among pre-reform children, which are along with the linear regression results in section 

6.1. However, despite the negative and significant associations between duration of living in public 

housing and Math and Danish test scores (linear regressions), the ITT estimates show that conditional 

on participation in tests, pre-reform children’s scores in Math and Danish tests were slightly but not 

significantly better than post-reform children. Moreover, the ITT estimates show that after controlling 

for children’s background characteristics, including neighbourhood and school FEs does not change 

the magnitude and sign of the distance from birth date to the reform date (in months) importantly. 

This is in accordance with my expectation because balancing test results in Section 5.3 show that 

distance from birth date to the reform date is correlated with some of the observable characteristics 

of children, and after controlling for those, adding neighbourhood and school FEs does not 

considerably change the magnitudes of point estimates. 
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Table 6. The effects of distance from birth date to reform date (in months) on Drop out from Math test and Math test 
scores – ITT 

 Drop out from Math test  Math test scores 

  [1] [2] [3] [4]   [5] [6] [7] [8] 

Distance from reform in month -0.000591*** -0.000631*** -0.000667*** -0.000646***  0.000372 -4.97e-05 -0.000161 -0.000101 

 (6.72e-05) (6.79e-05) (7.13e-05) (7.15e-05)  (0.000389) (0.000371) (0.000381) (0.000393) 

Panel A: Child's characteristics at age 5         
Male  0.0161*** 0.0157*** 0.0134***   0.0206* 0.0158 0.0157 

  (0.00236) (0.00248) (0.00245)   (0.0112) (0.0114) (0.0116) 

Non-Western student  -0.00895*** -0.0102*** -0.00977***   -0.153*** -0.115*** -0.114*** 

  (0.00331) (0.00374) (0.00357)   (0.0181) (0.0186) (0.0191) 

Four or more children in family  0.00251 0.00171 0.000616   -0.0936*** -0.0748*** -0.0677*** 

  (0.00460) (0.00479) (0.00459)   (0.0198) (0.0207) (0.0212) 

Panel B: Family income at age 5         
Income in the Second quartile  -0.00101 -0.000332 -0.000435   0.0358** 0.0344* 0.0348* 

  (0.00319) (0.00333) (0.00327)   (0.0172) (0.0177) (0.0180) 

Panel C: Mother's characteristics at age 5         
Age less than 31  -0.000839 -0.00230 -0.00102   -0.0167 0.000461 -0.00242 

  (0.00413) (0.00434) (0.00421)   (0.0201) (0.0208) (0.0214) 

Age greater than 45  -0.00353 -0.00554 -0.0102   -0.00949 -0.0183 -0.0259 

  (0.00651) (0.00657) (0.00620)   (0.0373) (0.0384) (0.0397) 

Max lower secondary education  0.00894*** 0.00885*** 0.00642**   -0.147*** -0.132*** -0.127*** 

  (0.00285) (0.00300) (0.00300)   (0.0143) (0.0148) (0.0155) 

Unemployed  0.0102** 0.00908* 0.00867*   -0.0766*** -0.0583** -0.0522** 

  (0.00497) (0.00506) (0.00492)   (0.0233) (0.0232) (0.0235) 

Out of labour force  0.0109*** 0.0110*** 0.0119***   -0.0592*** -0.0612*** -0.0590*** 

 (0.00288) (0.00300) (0.00304)  (0.0159) (0.0161) (0.0163) 

Panel D: Father's characteristics at age 5 

Age less than 31  0.000285 -0.000610 0.000523  -0.0780*** -0.0738*** -0.0653** 

  (0.00490) (0.00506) (0.00504)   (0.0240) (0.0245) (0.0256) 

Age greater than 45  -0.00727** -0.00687* -0.00730**   0.0163 0.0182 0.0191 

  (0.00360) (0.00366) (0.00365)   (0.0197) (0.0197) (0.0198) 

Max lower secondary education  0.00906*** 0.00897*** 0.00850***   -0.0879*** -0.0682*** -0.0610*** 

  (0.00267) (0.00285) (0.00280)   (0.0138) (0.0143) (0.0142) 

Unemployed  0.00926* 0.0103* 0.0106**   -0.0616*** -0.0575** -0.0513** 

  (0.00516) (0.00529) (0.00515)   (0.0231) (0.0233) (0.0240) 

Out of labour force  0.00909*** 0.00950*** 0.00970***   -0.0507*** -0.0510*** -0.0571*** 

  (0.00342) (0.00347) (0.00336)   (0.0171) (0.0171) (0.0173) 

Months in PH (sample average) 61.94 61.94 61.94 61.94  70.254 70.254 70.254 70.254 

  [44.293] [44.293] [44.293] [44.293]   [49.585] [49.585] [49.585] [49.585] 

Controlled for:          
Municipality, Children, Income NO YES YES YES  NO YES YES YES 

Parental characteristics NO YES YES YES  NO YES YES YES 

Neighbourhood FE NO NO YES YES  NO NO YES YES 

School FE NO NO NO YES   NO NO NO YES 

R-squared 0.008 0.017 0.016 0.119  0.011 0.118 0.069 0.138 

Number of Neighbourhoods   1,925 1,925    1,920 1,920 

Observations 29,517 29,509 29,509 29,509  28,148 28,140 28,140 28,140 
Notes: This table reports reduced-form (ITT) estimates from linear regressions (equation 2) of Drop out from Math test (columns 1-4) and Math test 
scores (columns 5-8) on distance from the birth date to the reform date (in months – Figure 7). In estimation samples, mean of drop out from Math test 
is 0.037 (0.189) and mean of Math test score is 0 (1).  All of the control variables are collected at age 5 (before start of schools). All of the control 
variables are collected at age 5 (before start of schools). Columns 1 & 5 show estimation results without any further control variable (only duration of 
living in public housing in months). Columns 2 & 6 include all of the covariates—the list of those available in appendix Table C.1. Columns 3 & 7 
show the results after controlling for all of the covariates, as well as neighbourhood FE. In columns 4 & 8, all of the covariates, as well as neighbourhood 
and school FEs are considered. “Months in public housing (sample average)” shows average number of months children in each of the samples lived in 
public housing, and the following column presents the standard deviations of those averages. Standard errors are reported in parentheses and clustered 
at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1 
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Table 7. The effects of distance from birth date to reform date (in months) on Drop out from Danish test and Danish 
test scores – ITT 

 Drop out from Danish test   Danish test scores 

  [1] [2] [3] [4]   [5] [6] [7] [8] 

Distance from reform in month -0.000315*** -0.000362*** -0.000377*** -0.000312***  0.000446 -0.000362 -0.000396 -0.000616* 

 (5.82e-05) (5.93e-05) (6.33e-05) (6.59e-05)  (0.000396) (0.000355) (0.000358) (0.000365) 

Panel A: Child's characteristics at age 5         
Male  0.0181*** 0.0173*** 0.0140***   -0.227*** -0.226*** -0.227*** 

  (0.00223) (0.00227) (0.00223)   (0.0103) (0.0104) (0.0108) 

Non-Western student  -0.0102*** -0.0160*** -0.0151***   -0.249*** -0.191*** -0.183*** 

  (0.00321) (0.00375) (0.00363)   (0.0170) (0.0177) (0.0181) 

Four or more children in family  0.00209 -0.00168 -0.00262   -0.145*** -0.113*** -0.113*** 

  (0.00479) (0.00473) (0.00453)   (0.0190) (0.0195) (0.0201) 

Panel B: Family income at age 5         
Income in the Second quartile  -0.000314 -1.23e-05 -0.000346   0.0392** 0.0389** 0.0367** 

  (0.00340) (0.00349) (0.00350)   (0.0168) (0.0168) (0.0171) 

Panel C: Mother's characteristics at age 5         
Age less than 31  -0.00381 -0.00540 -0.00446   -0.0685*** -0.0490** -0.0496** 

  (0.00390) (0.00411) (0.00408)   (0.0201) (0.0203) (0.0213) 

Age greater than 45  -0.00366 -0.00465 -0.00526   0.0559 0.0724* 0.0630* 

  (0.00719) (0.00717) (0.00687)   (0.0361) (0.0373) (0.0381) 

Max lower secondary education  0.0118*** 0.0104*** 0.00795***   -0.142*** -0.128*** -0.123*** 

  (0.00283) (0.00293) (0.00293)   (0.0137) (0.0136) (0.0141) 

Unemployed  0.00653 0.00612 0.00846*   -0.109*** -0.0934*** -0.0906*** 

  (0.00469) (0.00475) (0.00460)   (0.0238) (0.0238) (0.0242) 

Out of labour force  0.0149*** 0.0143*** 0.0136***   -0.0612*** -0.0559*** -0.0517*** 

 (0.00309) (0.00324) (0.00322)  (0.0154) (0.0150) (0.0156) 

Panel D: Father's characteristics at age 5 

Age less than 31  -0.00537 -0.00731 -0.00713  -0.0623*** -0.0548** -0.0668*** 

  (0.00457) (0.00466) (0.00460)   (0.0231) (0.0235) (0.0239) 

Age greater than 45  0.000909 0.00238 0.000938   -7.09e-05 -0.000891 0.00104 

  (0.00373) (0.00381) (0.00368)   (0.0196) (0.0198) (0.0200) 

Max lower secondary education  0.00879*** 0.00857*** 0.00778***   -0.108*** -0.0948*** -0.0958*** 

  (0.00271) (0.00277) (0.00270)   (0.0139) (0.0141) (0.0143) 

Unemployed  0.0136** 0.0148*** 0.0143***   -0.0461** -0.0431** -0.0327 

  (0.00528) (0.00539) (0.00526)   (0.0219) (0.0219) (0.0219) 

Out of labour force  0.0138*** 0.0128*** 0.0120***   -0.0682*** -0.0564*** -0.0559*** 

  (0.00349) (0.00357) (0.00356)   (0.0166) (0.0166) (0.0170) 

Months in PH (sample average) 53.562 53.562 53.562 53.562  61.75 61.75 61.75 61.75 

  [39.031] [39.031] [39.031] [39.031]   [44.31] [44.31] [44.31] [44.31] 

Controlled for:          
Municipality, Children, Income NO YES YES YES  NO YES YES YES 

Parental characteristics NO YES YES YES  NO YES YES YES 

Neighbourhood FE NO NO YES YES  NO NO YES YES 

School FE NO NO NO YES   NO NO NO YES 

R-squared 0.007 0.019 0.016 0.119  0.011 0.158 0.099 0.166 

Number of Neighbourhoods   1,930 1,930    1,926 1,926 

Observations 31,370 31,360 31,360 31,360   29,424 29,416 29,416 29,416 
Notes: This table reports reduced-form (ITT) estimates from linear regressions (equation 2) of Drop out from Danish test (columns 1-4) and Danish test 
scores (columns 5-8) on distance from the birth date to the reform date (in months - Figure 7). In estimation samples, mean of drop out from Danish 
test is 0.04 (0.196) and mean of Danish test score is 0 (1).  All of the control variables are collected at age 5 (before start of schools). All of the control 
variables are collected at age 5 (before start of schools). Columns 1 & 5 show estimation results without any further control variable (only duration of 
living in public housing in months). Columns 2 & 6 include all of the covariates—the list of those available in appendix Table C.1. Columns 3 & 7 
show the results after controlling for all of the covariates, as well as neighbourhood FE. In columns 4 & 8, all of the covariates, as well as neighbourhood 
and school FEs are considered. “Months in public housing (sample average)” shows average number of months children in each of the samples lived in 
public housing, and the following column presents the standard deviations of those averages. Standard errors are reported in parentheses and clustered 
at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1 
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6.3. INSTRUMENTAL VARIABLE RESULTS (TOT) 

As mentioned in Section 5.2, not all of the children who were born during 2002-2006 were affected 

by the 2004 reform. As a result, ITT estimates understate the effect of (duration of) living in public 

housing on children’s schooling outcomes. Tables 8 and 9 present the results from 2SLS estimators, 

where I instrument for duration of living in public housing with distance from birth date to the reform 

date (equation 3), and use the predicted duration of living in public housing to estimate equation (1).  

Table 8 reports the results of duration of living in public housing on children’s drop out from 

Math test (columns 1-4) and standardized test scores in Math (columns 5-8). According to column 1, 

which presents the result without including any background characteristics, living one more month 

in public housing increases the probability of dropping out from Math test by 0.44 percentage point. 

Controlling for all of the covariates in columns 2 increases the magnitude of the point estimates to 

0.89 percentage point. Additionally, column 3 shows that among children who lived in the same 

neighbourhood, by living one more month in public housing, the probability of dropping out from 

Math test increases by 1.3 percentage point. In comparison to column 3, the results in column 4 reveal 

that including school FE in the model does not change the magnitude of the point estimate 

considerably. In particular, among children who lived in the same neighbourhood and enrolled in the 

same school, by living one more month in public housing the likelihood of dropping out from Math 

test increases by 1.6 percentage point. 

Columns 5-8 of Table 8 present the effect of duration of living in public housing on 

standardized test scores in Math. Without controlling for any background characteristics, living one 

more month in public housing negatively (but insignificantly) affect Math test scores (column 5). 

However, after controlling for all of the covariates in column 6, the sign of point estimate becomes 

positive but remains insignificant. Furthermore, including neighbourhood FE in column 7 increases 

the magnitude of point estimates from 0.07 percentage point of a SD (in column 6) to 0.26 percentage 

point of a SD. However, adding school FE in column 8 does not change the size of point estimate 

importantly. Therefore, the results in columns 7 and 8 show that duration of exposure to public 

housing has positive but insignificant effects on test scores in Math.  

Table 9 presents the TOT estimates for the effect of duration of exposure to public housing 

on drop out from Danish test (columns 1-4) and Danish test scores (columns 5-8). The result in 

column 1 shows that without including any background characteristics, living one more month in 

public housing increases the probability of dropping out from Danish test by 0.27 percentage point. 

After controlling for all of the children’s background characteristics in columns 2, the magnitude of 

the point estimate increases to 0.63 percentage point.  Besides, according to column 3, among children 

who lived in the same neighbourhood, by living one more month in public housing, the probability 

of dropping out from Danish test increases by 0.91 percentage point. Relative to column 3, column 4 
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reveals that including school FE in the model does not change the magnitude of the point estimate 

considerably. In particular, among children who lived in the same neighbourhood and enrolled in the 

same school, by living one more month in public housing the likelihood of dropping out from Danish 

test increases by 0.8 percentage point. 

 

Table 8. The effects of duration of exposure to public housing (in months) on Drop out from Math test and Math test 
scores – TOT 

 Drop out from Math test  Math test scores 

  [1] [2] [3] [4]   [5] [6] [7] [8] 

Months in public housing 0.00445*** 0.00891*** 0.0136*** 0.0160***  -0.00289 0.000694 0.00261 0.00189 

 (0.000715) (0.00197) (0.00335) (0.00460)  (0.00298) (0.00518) (0.00624) (0.00719) 

          
First-stage -0.133*** -0.0709*** -0.0492*** -0.0405***  -0.129*** -0.0716*** -0.0615*** -0.0534*** 

 (0.0162) (0.0140) (0.0111) (0.0112)  (0.0185) (0.0162) (0.0126) (0.0129) 

          
Kleibergen-Paap rk Wald F statistic 67.43 25.61 19.78 13.07  48.53 19.53 23.67 17.06 

          
Months in PH (sample average) 61.94 61.94 61.94 61.94  70.254 70.254 70.254 70.254 

  [44.293] [44.293] [44.293] [44.293]   [49.585] [49.585] [49.585] [49.585] 

Controlled for:          
Municipality, Children, Income NO YES YES YES  NO YES YES YES 

Parental characteristics NO YES YES YES  NO YES YES YES 

Neighbourhood FE NO NO YES YES  NO NO YES YES 

School FE NO NO NO YES   NO NO NO YES 

Number of Neighbourhoods 1,841 1,841 1,838 1,838 

Observations 29,433 29,425 29,425 29,425  28,066 28,058 28,058 28,058 
Notes: This table presents the effects of duration of living in public housing on Drop out from Math test and Math test scores. In particular, this table 
reports TOT estimates using 2SLS estimator, instrumenting for duration of living in public housing up to age 8 (for Drop out sample) or 9 (for Math 
test scores sample) with distance from birth date to the reform date (equation 3). Figure 7 graphically illustrated the instrument. In estimation samples, 
mean of drop out from Math test is 0.037 (0.189) and mean of Math test score is 0 (1).  All of the control variables are collected at age 5 (before start 
of schools). All of the control variables are collected at age 5 (before start of schools). Columns 1 & 5 show estimation results without any further 
control variable (only duration of living in public housing in months). Columns 2 & 6 include all of the covariates—the list of those available in appendix 
Table C.1. Columns 3 & 7 show the results after controlling for all of the covariates, as well as neighbourhood FE. In columns 4 & 8, all of the covariates, 
as well as neighbourhood and school FEs are considered. “Months in public housing (sample average)” shows average number of months children in 
each of the samples lived in public housing, and the following column presents the standard deviations of those averages. Standard errors are reported 
in parentheses and clustered at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1 
 

 

Column 5 of Table 9 shows that in the restricted model, duration of living in public housing 

negatively but insignificantly affect children’s scores in the Danish test. Nevertheless, controlling for 

all of the background characteristics in column 6 change the sign of point estimate to positive (but 

still insignificant). Adding neighbourhood FE in column 7 increases the magnitude of point estimate 

from 0.44 percentage point of a SD (in column 6) to 0.72 percentage point of a SD. Moreover, adding 

school FE in column 8 shows that while the effect of living in public housing on children’s 

standardized test scores in Danish is positive, the point estimate is not significant.  

Overall, duration of exposure to public housing increases the probabilities of dropping out 

from Danish and Math tests significantly. Besides, conditional on participation in tests (i.e. not 

dropping out), the effects of duration of exposure to public housing on children’s scores in Danish 

and Math tests are positive, which are not estimated precisely. 
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Table 9. The effects of duration of exposure to public housing (in months) on Drop out from Danish test and Danish 
test scores – TOT 

 Drop out from Danish test   Danish test scores 

  [1] [2] [3] [4]   [5] [6] [7] [8] 

Months in public housing 0.00275*** 0.00630*** 0.00911*** 0.00796***  -0.00305 0.00444 0.00724 0.0118 

 (0.000636) (0.00174) (0.00269) (0.00263)  (0.00264) (0.00442) (0.00670) (0.00727) 

          
First-stage -0.115*** -0.0574*** -0.0414*** -0.0392***  -0.146*** -0.0816*** -0.0548*** -0.0523*** 

 (0.0151) (0.0125) (0.0100) (0.0102)  (0.0172) (0.0141) (0.0111) (0.0114) 

          
Kleibergen-Paap rk Wald F statistic 57.38 21.1 17.03 14.9  72.84 33.31 24.41 20.86 

          
Months in PH (sample average) 53.562 53.562 53.562 53.562  61.75 61.75 61.75 61.75 

  [39.031] [39.031] [39.031] [39.031]   [44.31] [44.31] [44.31] [44.31] 

Controlled for:          
Municipality, Children, Income NO YES YES YES  NO YES YES YES 

Parental characteristics NO YES YES YES  NO YES YES YES 

Neighbourhood FE NO NO YES YES  NO NO YES YES 

School FE NO NO NO YES   NO NO NO YES 

Number of Neighbourhoods   1,860 1,860    1,851 1,851 

Observations 31,300 31,290 31,290 31,290  29,349 29,341 29,341 29,341 
Notes: This table reports the effects of duration of living in public housing on Drop out from Danish test and Danish test scores. In particular, this table 
presents the  TOT estimates using 2SLS estimator, by instrumenting for duration of living in public housing up to age 7 (for Drop out sample) or 8 (for 
Danish test scores sample) with distance from birth date to the reform date (equation 3). Figure 7 graphically illustrates the instrument. In estimation 
samples, mean of drop out from Danish test is 0.04 (0.196) and mean of Danish test score is 0 (1). All of the control variables are collected at age 5 
(before start of schools). All of the control variables are collected at age 5 (before start of schools). Columns 1 & 5 show estimation results without any 
further control variable (only duration of living in public housing in months). Columns 2 & 6 include all of the covariates—the list of those available 
in appendix Table C.1. Columns 3 & 7 show the results after controlling for all of the covariates, as well as neighbourhood FE. In columns 4 & 8, all 
of the covariates, as well as neighbourhood and school FEs are considered. “Months in public housing (sample average)” shows average number of 
months children in each of the samples lived in public housing, and the following column presents the standard deviations of those averages. Standard 
errors are reported in parentheses and clustered at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1 

 
 
6.4. SUBJECT AREAS 

As described in Section 2.1, children’s abilities in Math tests are measured in three subject areas of 

geometry, algebra, and applied mathematics. Besides, Danish tests measure peers’ abilities in the 

subject areas of language comprehension, decoding, and reading comprehension. Table 10 presents 

OLS (Panel A), ITT (Panel B), and TOT estimates (Panel C) using all of the six subject areas (each 

of those is standardized within and across school years to have mean of zero and standard deviation 

of one) as outcome variables. In all of the estimations in this table background characteristics, as well 

as neighbourhood and school FEs are considered. Therefore, the outcomes of children within the 

same neighbourhoods and schools but with different duration of (probabilities of) exposure to public 

housing are compared with each other.  

Panel A of Table 10 reports the simple OLS results of regressions of standardized scores in 

each of the six subject areas on duration of living in public housing (equation 1). Based on the results, 

there are negative and significant associations between duration of living in public housing and 

students test scores in all of the subject areas. That is, living one more month in public housing 
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decreases standardized test scores in 3 subject areas of Math test and 3 subject areas of Danish test 

by about 0.11 percentage point of a SD.  

Panel B of Table 10 shows ITT estimates from OLS regressions of standardized scores in each 

of the six subject areas on distance from birth date to the reform date (equation 2). Totally, pre-reform 

students perform marginally (but insignificantly) better in 3 subject areas of Math test and two subject 

areas of decoding and reading comprehension in Danish test. Nevertheless, among children who lived 

in the same neighbourhoods and enrolled in the same schools, pre-reform children perform 

significantly better in language comprehension relative to the post-reform children. 

Panel C of Table 10 presents the effects of duration of living in public housing on children’s 

standardized scores in 6 subject areas of Math and Danish tests, by instrumenting for duration of 

living in public housing with distance from birth date to the reform date. Along with Panel B, duration 

of exposure into public housing does not significantly affect standardized scores in 3 subject areas of 

Math test and 2 subject areas (i.e. decoding and reading comprehension) of Danish test. However, 

living one more month in public housing increases children’s scores in language comprehension by 

1.9 percentage point of a SD. As a result, among children who lived in the same neighbourhoods and 

enrolled in the same schools, students who lived more months in public housing and less months in 

private and public rental housing, performed better in language comprehension part of the Danish 

test. It is important to note that the selected samples in this study consider children with poor 

socioeconomic background, and students in the sample of Danish test scores on average lived in 

public housing for 62 months (standard deviation of 44 months) up to age 8—as stated in the “months 

in public housing (sample average)” row of Table 10.          
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Table 10. Association and relationships between (duration of) living in public housing and subject areas in Math and Danish tests – OLS, ITT, and TOT estimates 

 Math test scores  Danish test scores 

 Baseline Geometry Algebra Applied Math 
 

Baseline 
Language 

Decoding 
Reading 

 
 comprehension comprehension 

 [1] [2] [3] [4]  [5] [6] [7] [8] 

Panel A: OLS Results          
Months in public housing -0.00111*** -0.000997*** -0.00108*** -0.000902***  -0.00131*** -0.00116*** -0.00112*** -0.00118*** 

 (0.000189) (0.000191) (0.000196) (0.000186)  (0.000199) (0.000199) (0.000203) (0.000204) 

          
Panel B: ITT Results         
Distance from reform in month -0.000101 -0.000115 -4.66e-05 -0.000105  -0.000616* -0.00101*** -0.000177 -0.000445 

 (0.000393) (0.000374) (0.000418) (0.000391)  (0.000365) (0.000347) (0.000384) (0.000382) 

          
Panel C: TOT Results          
Months in public housing 0.00189 0.00215 0.000872 0.00197  0.0118 0.0192** 0.00338 0.00851 

 (0.00719) (0.00686) (0.00764) (0.00717)  (0.00727) (0.00786) (0.00720) (0.00728) 

First-stage -0.0534*** -0.0534*** -0.0534*** -0.0534*** -0.0523*** -0.0523*** -0.0523*** -0.0523*** 

 (0.0129) (0.0129) (0.0129) (0.0129)  (0.0114) (0.0114) (0.0114) (0.0114) 

Kleibergen-Paap Wald F statistic 17.06 17.06 17.06 17.06  20.86 20.86 20.86 20.86 

          
Months in PH (sample average) 70.254 70.254 70.254 70.254  61.75 61.75 61.75 61.75 

  [49.585] [49.585] [49.585] [49.585]   [44.31] [44.31] [44.31] [44.31] 

Controlled for:          
Municipality, Children, Income YES YES YES YES  YES YES YES YES 

Parental characteristics YES YES YES YES  YES YES YES YES 

Neighbourhood FE YES YES YES YES  YES YES YES YES 

School FE YES YES YES YES   YES YES YES YES 

Number of Neighbourhoods 1,920 1,920 1,920 1,920  1,926 1,926 1,926 1,926 

Observations 28,140 28,140 28,140 28,140  29,416 29,416 29,416 29,416 
Notes: This table presents the effect of (duration of) living in public housing on Math test scores (column 1: average of subject areas; columns 2-4: 3 subjects areas of Geometry, Algebra, and Applied Math, respectively) and 
Danish test scores (column 5: average of subject areas; columns 6-8: 3 subjects areas of Language comprehension, Decoding, and Reading comprehension, respectively). Panel A of this table presents the simple OLS regressions 
(equation 1). Panel B reports the reduced-form (ITT) estimates from linear regressions (equation 2) of standardized test scores on distance from the birth date to the reform date (in month – Figure 7). Panel C shows the effects of 
duration of living in public housing on standardized test. In particular, this table reports TOT estimates using 2SLS estimator, instrumenting for duration of living in public housing up to age 9 (for Math test scores sample) or 8 
(for Danish test scores sample) with distance from birth date to the reform date (equation 3). All of the covariates, as well as neighbourhood and school FE are considered in all of the columns. “Months in public housing (sample 
average)” shows average number of months children in each of the samples lived in public housing, and the following column presents the standard deviations of those averages. Standard errors are reported in parentheses and 
clustered at neighbourhood level. 
*** p<0.01, ** p<0.05, * p<0.1 
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6.5. HETEROGENEOUS EFFECT 

Tables 11 presents the heterogeneous effects of living in public housing on children’s 

outcomes. In practice, this table reports ITT estimates from linear regressions (equations 2) of 

outcomes on distance from birth date to the reform date, and interact the mentioned distance variable 

with two interaction variables of gender (boy) and ethnicity (non-Western origin). Particularly, these 

interactions help me compare outcomes among children with the same background characteristic who 

were born in different points of time, and hence experienced different probabilities of (duration of) 

exposure to public housing. All of the time-variant indicator variables are observed at age 5, and all 

of the background characteristics, as well as neighbourhood and school FEs are included in all of the 

regressions in these two tables. To make comparison easier, the baseline estimation results from 

columns 4 and 8 of Tables 6 and 7 are reported in the first and fourth columns of this table.  

Panel B of Table 11 presents the results for standardized test scores in Math. Based on column 

4 (baseline), pre-reform children perform slightly but not significantly better than post-reform 

children in Math tests. Moreover, boys do not perform significantly better or worse than girls. 

However, interaction result in column 5 reveals that pre-reform boys perform significantly better than 

post-reform boys. 

Panel D of Table 11 shows the results for standardized scores in Danish test. According to 

column 4, pre-reform children perform marginally (significant at 10%) better than post-reform 

children in their Danish tests. Furthermore, column 5 of this panel reports that boys perform 

significantly weaker than girls in the Danish test. Nevertheless, interacting the gender indicator with 

distance from reform shows that pre-reform boys perform significantly better than post-reform boys 

in Danish test. Additionally, column 6 of this table shows while performance of non-Western children 

in Danish test is significantly weaker than performance of Danes, pre-reform non-Western children 

perform significantly weaker than post-reform non-Western children.  

Overall, comparing the schooling outcomes of pre-reform and post-reform children, as well 

as pre-reform and post-reform children with the same background characteristics shows that pre-

reform boys with higher likelihood of living more months of their lives in public housing (up to age 

8 or 9) have better schooling outcomes in Danish and Math tests. This finding is not conditional on 

participation in the tests, because the interaction results for dropping out from the tests show that pre-

reform boys are not statistically different from post-reform boys in dropping out from the tests (Panels 

A and C, column 1). Furthermore, pre-reform non-Western children perform significantly weaker 

than post-reform non-Western children in their Danish tests.  
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Table 11. Heterogeneous effects of living in public housing on schooling outcomes – ITT 

 

Interaction variable Baseline  Male  Non-Western  Baseline  Male  Non-Western 

  [1]  [2]  [3]  [4]  [5]  [6] 

 Panel A: Drop out from Math test  Panel B: Math test scores 
Distance from reform (in month) -0.000646***  -0.000626***  -0.000585***  -0.000101  0.000570  -0.000260 

 (7.15e-05)  (8.68e-05)  (8.02e-05)  (0.000393)  (0.000497)  (0.000450) 

Distance from reform * Interaction variable   -4.01e-05  -0.000194    -0.00139**  0.000491 

   (0.000121)  (0.000135)    (0.000667)  (0.000784) 

Interacted variable   0.0131***  -0.0112***    0.00696  -0.110*** 

   (0.00227)  (0.00354)    (0.0124)  (0.0198) 

R-squared 0.119  0.119  0.119  0.138  0.139  0.138 

Number of Neighborhoods 1,925  1,925  1,925  1,920  1,920  1,920 

Observations 29,509  29,509  29,509  28,140  28,140  28,140 

 
Panel C: Drop out from Danish test  Panel D: Danish test scores 

Distance from reform (in month) -0.000312***  -0.000354***  -0.000414***  -0.000616*  0.000323  -0.00118*** 

 (6.59e-05)  (7.66e-05)  (7.72e-05)  (0.000365)  (0.000482)  (0.000428) 

Distance from reform * Interaction variable   8.56e-05  0.000327**    -0.00192***  0.00177** 

   (0.000119)  (0.000141)    (0.000644)  (0.000751) 

Interacted variable   0.0146***  -0.0128***    -0.238***  -0.170*** 

   (0.00220)  (0.00366)    (0.0116)  (0.0190) 

R-squared 0.119  0.119  0.119  0.166  0.166  0.166 

Number of Neighborhoods 1,930  1,930  1,930  1,926  1,926  1,926 

Observations 31,360  31,360  31,360  29,416  29,416  29,416 

Controlled for:            

Municipality, Children, Income YES  YES  YES  YES  YES  YES 

Parental characteristics YES  YES  YES  YES  YES  YES 

Neighborhood FE YES  YES  YES  YES  YES  YES 

School FE YES  YES  YES  YES  YES  YES 

 
Notes: This table reports the reduced-form (ITT) estimates from linear regressions (equation 2) of schooling outcomes on distance from the birth date to the reform date (in month), and interaction of distance from the birth date 
to the reform date (in months - Figure 7) with interaction variables. Schooling outcomes consist of Drop out from Math test (Panel A), Math test scores (Panel B), Drop out from Danish test (Panel C), and Danish test scores (Panel 
D). Interaction variables are: being male and non-Western student. In Panels A and C, column 1 shows the results from the 4th column of Tables 6 and 7, respectively. Besides, in Panels B and D, column 4 shows the results from 
the 8th column of Tables 6 and 7, respectively. The coefficients of the mentioned interaction variables in the regression models are also reported (i.e. “interaction variable”). All of the covariates, as well as neighbourhood and 
school FE are considered in all of the columns. All of the time-variant covariates are measures at age 5 (before start of school). Standard errors are reported in parentheses and clustered at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1
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6.6. ROBUSTNESS CHECKS 

According to the linear regressions of schooling on duration of living in public housing (equation 1) 

in Tables 3 and 4, duration of exposure to public housing is correlated with background characteristics 

of children, which means households with specific observable and unobservable characteristics sort 

themselves into public housing, and hence, specific residential areas. Additionally, the results of 

balancing tests in Section 5.3 and ITT estimates in Section 6.2 show that the instrument is correlated 

with observable background characteristics of children, which is due to the national demographic and 

economic trends. Consequently, I expect by controlling for all of the covariates and including 

neighbourhood FEs, the instrument can independently predict duration of living in public housing. 

As evidence, the first stage coefficients in Tables 8 and 9 show that  by adding all of the covariates 

the prediction power of the instrument (first stage) decline by half (column 1 vs. column 2, column 5 

vs. column 6). Further investigation reveals that by adding small-area neighbourhood FE to control 

for time-invariant unobservable characteristics of neighbourhoods in columns 3 and 7, the prediction 

power of the instrument decline slightly, and remain relatively constant by adding school FEs in 

columns 4 and 8. 

In the remaining parts of this section, I show that after including all of the covariates and 

neighbourhood FE, distance from birth date to the reform date can independently identify the effect 

of living in public housing on schooling outcomes (ITT estimates), and can independently predict 

duration of living in public housing (first stage). I also investigate the robustness of results in different 

sub-samples by excluding different groups of children from the main samples.  

In order to test whether distance from birth date to the reform date can independently identify 

the effect of living in public housing on schooling outcomes, I conduct additional tests in appendix 

Table C.8 and estimate equation 2 by including neighbourhood FE in all of the estimations and adding 

control variables incrementally. The results show that after including neighbourhood FE in 

regressions, without controlling for any covariate (columns 1 and 5), adding controls for children’s 

characteristics and family income (columns 2 and 6), controlling for all of the covariates (columns 3 

and 7), and finally considering school FE (columns 4 and 8), the point estimates do not change 

considerably. 

To evaluate whether distance from birth date to the reform date can independently predict 

duration of living in public housing (first stage), I replicate TOT estimates by including 

neighbourhood FE in all of the regressions and adding the covariates to the model subsequently in 

appendix Table C.9. The results of different estimations show that after including neighbourhood FE, 

without controlling for any covariate (columns 1 and 5), adding children’s characteristics (columns 2 
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and 6), controlling for all of the covariates (columns 3 and 7), and finally considering school FE 

(columns 4 and 8), the prediction power of the instrument does not change considerably.   

Table 12 reports the robustness of the results to different specifications. In each of the columns 

1-7, I exclude specific types of observations from the samples and test whether the reported results in 

columns 4 and 8 of Tables 6 and 7 hold for the restricted samples. Furthermore, in columns 8 and 9, 

I investigate whether the distance from birth date to the reform date can nonlinearly affect the 

outcomes by including squared and cubed of the distance variable. In practice, I replicate the ITT 

estimates from OLS regressions of schooling outcomes on distance from birth date to the reform date 

(equation 2). Nevertheless, in columns 1-7, I use the restricted samples, and include controls for 

squared and cubed of distance from birth date to the reform date in columns 8 and 9, respectively. I 

also control for all of the background characteristics, as well as neighbourhood and school FEs in all 

of the regressions.  

As discussed in Section 5.3, dissimilarities between pre- and post-reform children are mostly 

because of parental characteristics (attachment to labour markets and education) of children who were 

born in 2002 and 2006. Therefore, I exclude children who were born in 2002 (column 2) and 2006 

(column 3) and re-estimate equation (2). The results in Panels A, B, and D show that excluding those 

children from samples does not affect the point estimates for dropping out from Math test, and 

standardized scores in Math and Danish tests. However, in spite of higher probability of dropping out 

from Danish test among pre-reform children, the point estimates are not significant after sample 

restriction. Since a group of children lived in public housing from their date of birth up to the 

respective ages (100%), the 2004 reform could not affect the probabilities of (duration of) exposure 

to public housing among this group of children. I exclude children who lived all or more than 85% of 

their lives (up to the defined ages) in public housing in columns 4 and 5 of Table 12, respectively. 

The reported results in Panels A-D show that the estimates are robust to the exclusion of those 

children from samples. I also restrict the samples to children who never lived in public rental (column 

6) or private rental housing (column 7) up to the respective ages, and find that estimation results are 

robust to such restrictions (Panels A-D). In addition, including squared of distance from birth date to 

the reform date in column 8, and controlling for the squared and cubed of distance from birth date to 

the reform date in column 9, do not change the results, importantly.  

Finally, in appendix Table C.10, I change the measure of distance from birth date to the reform 

date from month to quarter (columns 2 and 5), and an indicator variable that shows whether a child 

was born before or after 2004 reform (columns 3 and 6), and re-estimate ITT and TOT models using 

these alternative measures of distance. As results in Panels A-D of appendix Table C.10 show, the 

point estimates do not change importantly after using these alternative measures of distance from 

birth date to the reform date.
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Table 12. Robustness of the effects of living in public housing on children’s schooling outcomes – ITT 
 

 Baseline 
Excluding  Excluding  Excluding Excluding Never lived Never lived Polynomial Polynomial 

 Birth yr 2006 Birth yr 2002 100% lived SH 85% lived SH Public rental Private rental Squared Distance Cubed Distance 

 [1] [2] [3] [4] [5] [6] [7] [8] [9] 

Panel A: Dependent variable: Drop out from  Math test        

Distance from reform in month -0.000646*** -0.000855*** -0.00136*** -0.000495*** -0.000535*** -0.000642*** -0.000724*** -0.000712*** -0.000851*** 

 (7.15e-05) (0.000122) (0.000171) (9.36e-05) (9.73e-05) (7.96e-05) (9.22e-05) (0.000104) (0.000223) 

R-squared 0.119 0.132 0.145 0.204 0.225 0.134 0.127 0.119 0.121 

Number of Neighbourhoods 1,925 1,905 1,901 1,893 1,866 1,892 1,461 1,925 1,925 

Observations 29,509 23,837 23,386 13,531 12,290 24,548 19,739 29,509 29,509 

Panel B: Dependent variable: Math test scores (standardized)        

Distance from reform in month -0.000101 -0.000984 -0.000844 0.000278 0.000224 -0.000377 -1.20e-05 -7.03e-05 -0.000141 

 (0.000393) (0.000661) (0.000739) (0.000591) (0.000630) (0.000447) (0.000492) (0.000562) (0.000981) 

R-squared 0.138 0.151 0.150 0.211 0.224 0.145 0.128 0.138 0.139 

Number of Neighbourhoods 1,920 1,901 1,898 1,886 1,851 1,886 1,432 1,920 1,920 

Observations 28,140 22,724 22,327 12,885 11,580 23,509 18,736 28,140 28,140 

Panel C: Dependent variable: Drop out from Danish test 
  

Distance from reform in month -0.000312*** -0.000171 -2.33e-05 -0.000441*** -0.000383*** -0.000329*** -0.000207** -0.000392*** -0.000193 

 (6.59e-05) (0.000117) (0.000127) (9.25e-05) (9.78e-05) (7.28e-05) (8.64e-05) (9.12e-05) (0.000178) 

R-squared 0.119 0.134 0.133 0.204 0.227 0.133 0.134 0.119 0.119 

Number of Neighbourhoods 1,930 1,911 1,915 1,908 1,885 1,899 1,488 1,930 1,930 

Observations 31,360 25,285 25,322 14,508 13,216 26,051 20,962 31,360 31,360 

Panel D: Dependent variable: Danish test scores (standardized)        

Distance from reform in month -0.000616* -0.00145** -0.00148** -0.000743 -0.000946 -0.000600 -0.000302 -0.000547 -0.000643 

 (0.000365) (0.000575) (0.000723) (0.000561) (0.000613) (0.000409) (0.000462) (0.000570) (0.000415) 

R-squared 0.166 0.179 0.176 0.232 0.246 0.168 0.161 0.166 0.166 

Number of Neighbourhoods 1,926 1,905 1,910 1,898 1,872 1,894 1,459 1,926 1,926 

Observations 29,416 23,729 23,662 13,576 12,341 24,488 19,564 29,416 29,416 

Controlled for:          

Municipality, Children, Income YES YES YES YES YES YES YES YES YES 

Parental characteristics YES YES YES YES YES YES YES YES YES 

Neighbourhood FE YES YES YES YES YES YES YES YES YES 

School FE YES YES YES pYES YES YES YES YES YES 
Notes: This table replicates the ITT estimates from linear regressions from columns 4 (for Drop out Samples) and 8 (for test scores’ samples) of Tables 6 and 7 over different sub-samples. The first column of this table represents 
columns 4 and 8 of the mentioned tables. Columns 2 and 3 report the estimation results after excluding children who were born in 2006 and 2002, respectively. Columns 4 and 5 exclude children who lived whole or more than 
85% of their lives up to age 7 (for Drop out from Danish test in Panel C), 8 (for Drop out from Math test in Panel A, and Danish test scores in Panel D), or 9 (for Math test scores in Panel B) in public housing. Columns 6 and 7 
exclude children who ever lived in public rental and private rental housing, respectively. Columns 8 and 9 report the estimation results after including squared and cubed of distance from birth date to the reform date, respectively. 
All of the covariates, as well as neighbourhood and school FE are considered in all of the columns. Standard errors are reported in parentheses and clustered at neighbourhood level. *** p<0.01, ** p<0.05, * p<0.1 
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7. CONCLUSIONS 

This paper exploits a Danish reform in 2004, which imposed a cap on construction costs of public housing 

to identify the effects of living in public housing on children’s schooling outcomes. The imposed caps 

coupled with construction booms, declined the construction of public housing. Due to the existence of a 

waiting list system for allocation of public housing, such supply-side shock can be translated into longer 

waiting time in the queues, and hence shorter duration of living in public housing up to age 8 or 9 for 

children of low-income households, for whom housing options are limited to social, private, and public 

rental housing. To identify such children, I select children who were born around the reform (during 

2002-2006), and never lived in owner-occupied and/or cooperative housing up to age 8 or 9, and observe 

a declining trend in duration of living in public housing up to the mentioned ages by date of birth (in 

months). 

The results show without considering self-selection issue, duration of exposure to public housing 

is positively associated with the probability of dropping out from Danish and Math tests, and negatively 

correlated with Danish and Math test scores during the second and third grades, respectively. 

Nevertheless, by addressing the endogeneity problem through exploiting exogenous variation from the 

2004 reform, I find that while living one more month in public housing increases the probabilities of 

dropping out from the tests, conditional on participation in the tests, it does not affect test scores 

significantly. In contrast, it significantly and positively affects children’s scores in language 

comprehension (as one of the 3 subject areas of Danish test). Besides, living in public housing affects 

boys’ performance in Danish and Math tests positively, and non-Western students’ performance in 

Danish test negatively. Since living in public housing does not significantly affect boys’ (non-Western 

students’) drop out from the tests, the estimated positive (negative) and significant effect of living in 

public housing on boys’ (non-Western students’) test scores has implication for low-income households, 

who want to make informed decision about living in public housing instead of private rental housing. 

As other studies, this study has limitations. First, I compare outcomes among children who were 

born in different points of time with different probabilities of living in public housing up to age 8 or 9. 

Therefore, I cannot implement within year comparison by including year fixed effects. I deal with this 

issue by including a large set of background characteristics, and controlling for employment, house price, 

and population growth rates at municipality level. Second, the affected children by the reform were in 

the third or second grades when I observe their outcomes. However, Damm and Dustmann (2014) find 

large neighbourhood effects of growing up in neighbourhoods with higher shares of young people 

convicted for crimes on criminal behavior of children later in life. Hence, negative effects of growing up 
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in public housing—and especially those located in the socially deprived neighbourhoods—may increase 

from teenage years, when children interact with their neighbours. Consequently, it is important to follow 

the affected children’s outcomes in terms of schooling, participation in labour market, and criminal 

behavior in the future.  
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Appendix A: Construction of estimation samples 

This appendix provides information about the procedures of selecting four samples that I use for 

estimation in this study. Particularly, I use the children’s full sample that I construct through linking 7 

Danish Administrative Registers, national test scores and absence datasets, as well as the constructed 

neighbourhoods by Damm, Hassani, and Schultz-Nielsen (2019). Detailed information about 

construction of children’s full sample is provided in Section 4.1. 

 

A.1. Drop out from the 3rd grade’s Math test sample 

Appendix Figure B.2 shows the procedures of sample selection for drop out from Math test. There are 

350,619 children who were born during 2002-2006 in the children’s full sample. Since most of the 

students take their Math tests at age 9 or 10, I need to have durations of living in different types of housing 

for each child up to the age 8. So, I exclude all of the students without full record of residence information 

up to the age 8. Therefore, 48,644 children who did not live in Denmark for at least one year or lived in 

properties with unidentified ownership types are excluded. 

One important point in the sample selection is the existence of students in public schools without 

test scores. According to Beuchert & Nandrup (2014), less than 4% of students in grades 2-8 in 2012 had 

missing test scores; among those, 12% were legally exempted. There are different reasons for missing 

test results for students who are enrolled in public schools. First, it is possible that during a school year 

students move from a public school to a private school, where taking the national tests are not mandatory. 

Second, since there is no formal sanction against students in public schools who do not take the tests, it 

is possible that students deliberately avoid taking the tests (hereafter dropped out). Third, a group of 

students might miss the tests because of sickness.  

To identify students in the first and second categories, I look at the attended schools in the 

beginning and the end of the school years (i.e. August and June, respectively). I exclude observations 

whenever their attended school(s) in August or (and) June is (are) private school(s). Besides, I code 

students as dropped out from the tests whenever they are enrolled in public school in August and June 

but I cannot observe their test scores. With regard to the third category, since students who miss the tests 

because of sickness can take the test in the subsequent retesting period—known as “sickness period”—

in May or June of the same year (Beuchert & Nandrup, 2014), I observe their test scores. In addition, I 

exclude pupils enrolled in the designated schools for students with special education needs, because the 

likelihood of missing the tests (because of sickness or exemption from the tests) is higher among such 

students (Beuchert & Nandrup, 2014). Consequently, 66,556 students who: (i) did not enroll in the 
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regular public schools in the beginning and end of the school years, and (ii) did not have 3rd grade’s 

absence record in the absence sample during 2012-2016 are excluded from the sample.* 

Furthermore, to take the Math test at age 9 or 10, students should enroll in the 3rd grade at age 8 

or 9. Hence, I exclude additional 5,905 students without information in absence dataset during the 

mentioned ages. Finally and in order to restrict the sample to students from low-income households—

for whom living in public housing is an important option, I drop students (i) who ever lived in owner-

occupied and/or cooperative housing up to the age 8, and (ii) who changed their municipality of residence 

up to the age 8.  

As a result, the final sample for drop out from Math test consists of 29,517 students who enrolled 

in regular public schools at age 8 or 9 (during 2012-2016), never lived in owner-occupied and/or 

cooperative housing up to the age 8, and did not change the municipality of residence up to the age 8. 

 

A.2. 3rd grade Math test score’s sample 

In this paper, I consider students’ ability measures in the 3rd grade’s Math tests. Appendix Figure B.3 

shows the procedures of sample selection for the Math test. Since most of the students take their Math 

tests at age 9 or 10, I exclude all of the students without full record of residence information up to the 

age 9. I also drop students who did not register in the regular public school in the beginning and/or end 

of the 3rd grade. Moreover, a group of students did not take their Math tests during 2012-2016, or took 

their Math tests before age 9 or after age 10. I exclude all of these students from the Math test’s sample. 

Finally, I drop students (i) who ever lived in owner-occupied and/or cooperative housing up to the age 

9, and (ii) who changed their municipality of residence up to the age 9. As a result, the final sample for 

the Math test consists of 28,148 students who (i) enrolled in regular public schools at age 8 or 9, (ii) took 

their Math tests at age 9 or 10 (during 2012-2016), (iii) never lived in owner-occupied and/or cooperative 

housing up to the age 9, and (iv) did not change the municipality of residence up to the age 9. 

I use all of the observations in the final sample of Math test (28,148 observations), and follow the 

suggested approach by Beuchert & Nandrup (2014) to standardize the Math test scores. That is, I 

standardize the ability measure for each of the algebra, geometry, and applied mathematics profile areas 

within each year to have zero mean and unit standard deviation, and compute the simple average across 

those three profile areas for each student. Then, I re-standardize the averages across the years to have 

zero mean and standard deviation of one.  

                                                            
* These students (5,211 observations) had absence records in years before 2012 or after 2016. Therefore, they were younger 
(less than age 8) or older (more than age 9) than their classmates in the beginning of the 3rd grade. As a result, they took their 
3rd grade’s math tests too early (before age 9) or too late (after age 10). 
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A.3. Drop out from the 2nd grade’s Danish test sample 

The procedures of sample selection for drop out from Danish test are the same as the mentioned 

procedures for the drop out from the Math test (Appendix Figure B.4). However, since most of the 

students take their Danish tests at age 8 or 9, they should enroll in the 2nd grade at age 7 or 8 (during 

2011-2015). Hence, I exclude students: (i) without full record of residence information up to the age 7, 

(ii) did not register in regular public school in the beginning and end of the 2nd grade, (iii) did not have 

the 2nd grade’s absence record in the absence sample during 2011-2015, (iv) did not enroll in the 2nd 

grade at age 7 or 8. 

As a result, the final sample for drop out from Danish test consists of 31,370 students who 

enrolled in regular public schools at age 7 or 8 (during 2011-2015), never lived in owner-occupied and/or 

cooperative housing up to the age 7, and did not change the municipality of residence up to the age 7. 

 

A.4. 2nd grade Danish test score’s sample 

In this paper, I also consider students’ ability measures in the 2nd grade’s Danish tests. The procedures 

of sample selection for the Danish test are the same as the mentioned procedures for the Math test 

(Appendix Figure B.5). However, since most of the students take their Danish tests at age 8 or 9, I drop 

students without full record of residence information up to the age 8. In addition, I exclude students who: 

(i) did not register in regular public school in the beginning and end of their 2nd grades, (ii) did not take 

their Danish tests during 2011-2015, (iii) did not take their Danish tests at age 8 or 9. 

As a result, the final sample for the Danish test consists of 29,424 students who enrolled in regular 

public schools at age 7 or 8, took their Danish tests at age 8 or 9 (during 2011-2015), never lived in 

owner-occupied and/or cooperative housing up to the age 8, and did not change the municipality of 

residence up to the age 8. 

Furthermore, I use all of the observations in the final sample for the Danish test (29,424 

observations), and standardize ability measure for each of the language comprehension, decoding, and 

reading comprehension profile areas within each year to have zero mean and unit standard deviation, and 

compute the simple average across those three profile areas for each student (i.e. GPA). Then, I re-

standardize the averages across the years to have zero mean and standard deviation of one. 
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Appendix B. Figures 

 

Figure B.1. Number of municipalities with construction of public housing and private rental housing 
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Figure B.2. Sample selection for Drop out from 3rd grade Math test 
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Figure B.3. Sample selection for 3rd grade’s Math test 
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Figure B.4. Sample selection for Drop out from 2nd grade Danish test 
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Figure B.5. Sample selection for 2nd grade’s Danish test 
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Figure B.6. Non-Western immigrants and descendants in Math sample and full population of Denmark 
 

Figure B.6-a: Share of non-Western students in the 3rd grade’s Math test scores sample (by birth month) 

 
Figure B.6-b: Growth rates in the share of non-Western’s in Denmark 1990-2010 

  
Source: Selected sample for the 3rd grade’s Math test scores sample  Source:own calculation from the Population register 
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Figure B.7. Education and employment characteristics of mothers of children in the 3rd grade’s Math test Sample 
 

Figure B.7-a: Shares of unemployed mothers Figure B.7-b: Shares of out of labour force mothers  

 
Figure B.7-c: Shares of mothers with lower secondary or below education 

 
Figure B.7-d: Shares of mothers with academic or short cycle tertiary education 

  
 Source: Selected sample for the 3rd grade’s Math test scores sample 
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Figure B.8. Education and employment characteristics of fathers of children in the 3rd grade’s Math test Sample 
 

Figure B.8-a: Shares of unemployed fathers Figure B.8-b: Shares of out of labour force fathers  

  
Source: Selected sample for the 3rd grade’s Math test scores sample  
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Appendix C. Tables 

Table C.1. Variable definition and primary data source 

Name of variable Description Source 
Panel A: Outcome variables 

Drop out from 3rd grade 
Math test 

Binary variable, which shows whether a child 
dropped out from Math test in the 3rd grade 

National test scores and Absence 
from school 
Ministry of Education 

Math score (average of three 
subjects) 

Standardized score in Math test (average of 3 subject 
areas) in the 3rd grade 

National test scores  
Ministry of Education 

Algebra  
Standardized score in algebra, as one of the subject 
areas of 3rd grade’s Math test 

National test scores 
Ministry of Education 

Geometry  
Standardized score in geometry as, one of the subject 
areas of 3rd grade’s Math test 

National test scores 
Ministry of Education 

Applied Math 
Standardized score in applied mathematics, as one of 
the subject areas of 3rd grade’s Math test 

National test scores  
Ministry of Education 

Drop out from 2nd grade 
Danish test 

Binary variable, which shows whether a child 
dropped out from Danish test in the 2nd grade 

National test scores and Absence 
from school 
Ministry of Education 

Danish score (average of 
three subjects) 

Standardized score in Danish test (average of 3 
subject areas) in the 2nd grade 

National test scores  
Ministry of Education 

Language comprehension 
Standardized score in language comprehension, as 
one of the subject areas of 2nd grade’s Danish test 

National test scores 
Ministry of Education 

Decoding 
Standardized score in decoding, as one of the subject 
areas of 2nd grade’s Danish test 

National test scores  
Ministry of Education 

Reading comprehension 
Standardized score in reading comprehension, as one 
of the subject areas of 2nd grade’s Danish test 

National test scores  
Ministry of Education 

Panel B: Child's characteristics at age 5 

Male Child is Male (Female=0) 
Population register 
Statistics Denmark 

Western student (non-
Danish) 

Child is a Western descendent 
Population register 
Statistics Denmark 

Non-Western student Child is a non-Western descendent 
Population register 
Statistics Denmark 

One parent - not in new 
relation 

Child was living with one of the parents who was not 
in new relation  

Population register 
Statistics Denmark 

One parent - in new relation 
Child was living with one of the parents who was in 
new relation 

Population register 
Statistics Denmark 

Not living with parents Child was not living with any of the parents 
Population register 
Statistics Denmark 

One child in family There was one children in the family 
Population and Family registers 
Statistics Denmark 

Two children in family 
(reference group) 

There was two children in the family (reference 
group) 

Population and Family registers 
Statistics Denmark 

Three children in family There was three children in the family 
Population and Family registers 
Statistics Denmark 

Four or more children in 
family 

There was four or more children in the family 
Population and Family registers 
Statistics Denmark 

First-born child Indicator of being first-born child 
Population and Family registers 
Statistics Denmark 

Panel C: Child's exposure to different types of housing until age 9 

Ever lived in public housing 
Whether a child ever lived in public housing up to the 
defined ages (7, 8, or 9) 

Population and Housing registers 
Statistics Denmark 

Months in owner-occupied 
housing 

Number of months up to the defined ages a child 
lived in owner-occupied housing 

Population and Housing registers 
Statistics Denmark 

Months in public housing 
Number of months up to the defined ages a child 
lived in public housing 

Population and Housing registers 
Statistics Denmark 

Months in private rental 
housing 

Number of months up to the defined ages a child 
lived in private rental housing 

Population and Housing registers 
Statistics Denmark 

Months in public rental 
housing 

Number of months up to the defined ages a child 
lived in public rental housing 

Population and Housing registers 
Statistics Denmark 

Panel D: Family income at age 5 

Income in the first quartile 
(reference group) 

Family income is: 
- For children who lived with both parents: 

the sum of parents income in real term 
(2015=1) 

- For children who lived with one of the 
parents who was not in new relation: the 
parent’s income with whom the child lived 
in real term (2015=1) 

- For children who lived with one of the 
parents who was in new relation: the sum 
of parent’s and her/his partner’s income in 
real term (2015=1) 

Population and Income registers 
Statistics Denmark 



193 
 

 

Name of variable Description Source 
Among all of the children who were born during 
2002-2006, whether family income was in the first 
quartile 

Income in the second quartile 
Among all of the children who were born during 
2002-2006, whether family income was in the second 
quartile 

Population and Income registers 
Statistics Denmark 

Income in the third quartile 
Among all of the children who were born during 
2002-2006, whether family income was in the third 
quartile 

Population and Income registers 
Statistics Denmark 

Income in the fourth quartile 
Among all of the children who were born during 
2002-2006, whether family income was in the fourth 
quartile 

Population and Income registers 
Statistics Denmark 

Panel E: Mother's characteristics at age 5 

Age less than 31 Whether mother’s age was less than 31 
Population register  
Statistics Denmark 

Age 31 - 35  Whether mother’s age was between 31 to 35 
Population register  
Statistics Denmark 

Age 36 – 40 (reference 
group) 

Whether mother’s age was between 36 to 40 
Population register  
Statistics Denmark 

Age 41 - 45 Whether mother’s age was between 41 to 45 
Population register  
Statistics Denmark 

Age greater than 45 Whether mother’s age was greater than 45 
Population register  
Statistics Denmark 

Max lower secondary 
education 

Whether mother’s education was lower secondary, 
primary, or missing education 

Population and Education 
registers  
Statistics Denmark 

Upper secondary education 
(reference group) 

Whether mother’s education was upper secondary 
Population and Education 
registers  
Statistics Denmark 

Academic or Short cycle 
education  

Whether mother’s education was short cycle tertiary 
or academic 

Population and Education 
registers  
Statistics Denmark 

Unemployed Whether mother was unemployed 
Population and Employment 
registers  
Statistics Denmark 

Out of labour force Whether mother was out of labour force 
Population and Employment 
registers  
Statistics Denmark 

Panel F: Father's characteristics at age 5 

Age less than 31 Whether father’s age was less than 31 
Population register  
Statistics Denmark 

Age 31 - 35  Whether father’s age was between 31 to 35 
Population register  
Statistics Denmark 

Age 36 – 40 (reference 
group) 

Whether father’s age was between 36 to 40 
Population register  
Statistics Denmark 

Age 41 - 45 Whether father’s age was between 41 to 45 
Population register  
Statistics Denmark 

Age greater than 45 Whether father’s age was greater than 45 
Population register  
Statistics Denmark 

Max lower secondary 
education 

Whether father’s education was lower secondary, 
primary, or missing education 

Population and Education 
registers  
Statistics Denmark 

Upper secondary education 
(reference group) 

Whether father’s education was upper secondary 
Population and Education 
registers  
Statistics Denmark 

Academic or Short cycle 
education 

Whether father’s education was short cycle tertiary or 
academic 

Population and Education 
registers  
Statistics Denmark 

Unemployed Whether father was unemployed 
Population and Employment 
registers  
Statistics Denmark 

Out of labour force Whether father was out of labour force 
Population and Employment 
registers  
Statistics Denmark 

Panel G: Municipality characteristics at age 5 

House price growth (annual) 
Annual house price growth in the municipality 
wherein the child resided 

Housing transaction register 
Statistics Denmark 

Population growth (annual) 
Annual population growth in the municipality 
wherein the child resided 

Population register 
Statistics Denmark 

Employment growth (annual) 
Annual employment growth in the municipality 
wherein the child resided 

Employment register 
Statistics Denmark 
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Table C.2. Summary statistics for Drop out from 3rd grade Math test 

 Full Population 
 Excluded from   Drop out Sample  Drop out Sample 

 
    

 Drop out Sample     Ever lived in SH 

  Mean S.D.   Mean S.D.   Mean S.D.   Mean S.D. 

Panel A: Outcome - Drop out from 3rd grade Math test     
Drop out from 3rd grade Math test       0.037 0.189  0.043 0.204 

Panel B: Child's characteristics at age 5        
Male 0.512 0.5  0.514 0.5  0.493 0.5  0.492 0.5 

Western student (non-Danish) 0.016 0.124  0.016 0.126  0.011 0.104  0.011 0.102 

Non-Western student 0.084 0.277  0.061 0.24  0.31 0.463  0.406 0.491 

One parent - not in new relation 0.151 0.358  0.137 0.344  0.301 0.459  0.346 0.476 

One parent - in new relation 0.041 0.197  0.041 0.199  0.03 0.171  0.033 0.179 

Not living with parents 0.005 0.073  0.006 0.076  0.001 0.03  0.001 0.035 

One child in family 0.137 0.344  0.134 0.34  0.168 0.374  0.165 0.371 

Two children in family 0.549 0.498  0.557 0.497  0.466 0.499  0.431 0.495 

Three children in family 0.231 0.421  0.23 0.421  0.233 0.423  0.244 0.429 

Four or more children in family 0.129 0.335  0.128 0.334  0.132 0.339  0.16 0.366 

First-born child 0.439 0.496  0.444 0.497  0.388 0.487  0.352 0.478 

Panel C: Child's exposure to different types of housing until age 8        
Ever lived in public housing 0.259 0.438  0.217 0.412  0.704 0.457  1 0 

Months in owner-occupied housing 58.548 41.804  64.078 39.475  0 0  0 0 

Months in public housing 14.526 30.422 10.048 24.398 61.94 44.293 88.038 22.153 

Months in private rental housing 11.063 23.74  9.869 21.365  23.704 39.024  6.88 19.15 

Months in other types of rental housing 4.065 15.474  3.338 13.098  11.755 29.891  2.481 11.701 

Number of relocations 1.26 1.617  1.29 1.655  0.937 1.093  1.101 1.131 

Panel D: Family income at age 5        
Income in the first quartile 0.25 0.433  0.225 0.417  0.505 0.5  0.599 0.49 

Income in the second quartile 0.25 0.433  0.249 0.432  0.262 0.44  0.252 0.434 

Income in the third quartile 0.25 0.433  0.26 0.439  0.145 0.352  0.115 0.32 

Income in the fourth quartile 0.25 0.433  0.266 0.442  0.088 0.284  0.033 0.179 

Panel E: Mother's characteristics at age 5        
Age less than 31 0.134 0.341  0.126 0.331  0.224 0.417  0.265 0.441 

Age 31 - 35  0.336 0.472  0.337 0.473  0.325 0.468  0.324 0.468 

Age 36 - 40 0.321 0.467  0.324 0.468  0.286 0.452  0.262 0.439 

Age 41 - 45 0.126 0.331  0.124 0.33  0.141 0.348  0.127 0.333 

Age greater than 45 0.084 0.277  0.089 0.285  0.025 0.156  0.023 0.15 

Imputed age 0.001 0.035  0.001 0.036  0 0.018  0 0.021 

Max lower secondary education 0.235 0.424  0.223 0.416  0.367 0.482  0.443 0.497 

Upper secondary education 0.365 0.481  0.363 0.481  0.386 0.487  0.398 0.49 

Academic or Short cycle education 0.4 0.49  0.414 0.493  0.247 0.431  0.159 0.365 

Imputed education 0.001 0.038  0.001 0.038  0.001 0.036  0.001 0.034 

Unemployed 0.035 0.183  0.032 0.175  0.068 0.251  0.078 0.268 

Out of labour force 0.154 0.361  0.137 0.344  0.331 0.47  0.398 0.49 

Missing employment 0.067 0.251  0.073 0.261  0.001 0.029  0.001 0.031 

Imputed employment 0.001 0.038  0.001 0.038  0.001 0.036  0.001 0.034 
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Panel F: Father's characteristics at age 5        
Age less than 31 0.062 0.241  0.058 0.233  0.107 0.309  0.126 0.331 

Age 31 - 35  0.244 0.429  0.244 0.43  0.24 0.427  0.243 0.429 

Age 36 - 40 0.346 0.476  0.35 0.477  0.307 0.461  0.29 0.454 

Age 41 - 45 0.194 0.395  0.192 0.394  0.208 0.406  0.2 0.4 

Age greater than 45 0.154 0.361  0.156 0.363  0.138 0.345  0.141 0.348 

Imputed age 0.012 0.107  0.011 0.104  0.019 0.136  0.021 0.144 

Max lower secondary education 0.261 0.439  0.251 0.433  0.375 0.484  0.44 0.496 

Upper secondary education 0.42 0.494  0.422 0.494  0.406 0.491  0.403 0.491 

Academic or Short cycle education 0.319 0.466  0.328 0.469  0.219 0.413  0.157 0.364 

Imputed education 0.007 0.084  0.007 0.082  0.011 0.104  0.012 0.109 

Unemployed 0.03 0.17  0.026 0.16  0.068 0.252  0.081 0.273 

Out of labour force 0.082 0.275  0.071 0.256  0.208 0.406  0.25 0.433 

Missing employment 0.08 0.271  0.085 0.279  0.024 0.153  0.028 0.164 

Imputed employment 0.007 0.084  0.007 0.082  0.011 0.104  0.012 0.109 

Panel G: Municipality characteristics at age 5        
House price growth (annual) -3.969 8.595  -3.872 8.568  -4.942 8.8  -4.979 8.555 

Population growth (annual) 0.005 0.007  0.005 0.007  0.007 0.007  0.006 0.007 

Employment growth (annual) -0.014 0.019  -0.014 0.019  -0.015 0.019  -0.015 0.019 

Number of observations 350,619   321,102   29,517   20,767 
Notes: Data sources are Danish Administrative registers and the Ministry of Educations’ National Test Scores and Absence datasets. For each sample—
as follow—two columns are considered. The first column shows the means of background variables, and the second column reports the standard 
deviations of those variables (SD). “Full Population” columns represent the mean characteristics of children who were born during 2002-2006. 
“Excluded from Drop out Sample” columns show characteristics of children (and their parents) who are excluded from the Drop out from the 3rd grade’s 
Math test sample during the sample selection. “Drop out Sample” columns show characteristics of children and their parents in the Drop out from the 
3rd grade Math test sample. Finally, “Drop out Sample Ever Lived” columns show the characteristics of children and their parents for sub-population of 
Drop out from 3rd grade Math test sample, who ever lived in public housing. Appendix Table C.1 presents the description of all of the variables. 
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Table C.3. Summary statistics for 3rd grade’s Math test 

 Full Population 
 Excluded from   Math Sample  Math Sample 

 
    

 Math Sample     Ever lived in SH 

  Mean S.D.   Mean S.D.   Mean S.D.   Mean S.D. 

Panel A: Outcome - 3rd grade Math test scores (standardized)        
Math score (average of three subjects)       0 1  -0.121 0.969 

Algebra        0 1  -0.1 0.974 

Geometry        0 1  -0.119 0.963 

Math in use        0 1  -0.105 0.984 

Panel B: Child's characteristics at age 5        
Male 0.512 0.5  0.514 0.5  0.494 0.5  0.493 0.5 

Western student (non-Danish) 0.016 0.124  0.016 0.126  0.011 0.105  0.011 0.104 

Non-Western student 0.084 0.277  0.062 0.241  0.317 0.465  0.413 0.492 

One parent - not in new relation 0.151 0.358  0.138 0.345  0.299 0.458  0.343 0.475 

One parent - in new relation 0.041 0.197  0.041 0.199  0.03 0.169  0.033 0.178 

Not living with parents 0.005 0.073  0.006 0.076  0.001 0.03  0.001 0.036 

One child in family 0.137 0.344  0.134 0.341  0.167 0.373  0.164 0.371 

Two children in family 0.549 0.498  0.557 0.497  0.465 0.499  0.431 0.495 

Three children in family 0.231 0.421  0.23 0.421  0.233 0.422  0.243 0.429 

Four or more children in family 0.129 0.335  0.128 0.334  0.135 0.342  0.162 0.369 

First-born child 0.439 0.496  0.444 0.497  0.385 0.487  0.351 0.477 

Panel C: Child's exposure to different types of housing until age 9 

Ever lived in public housing 0.265 0.442  0.226 0.418  0.711 0.453  1 0 

Months in owner-occupied housing 65.876 46.775  71.755 44.286  0 0  0 0 

Months in public housing 16.222 33.865  11.4 27.312  70.254 49.585  98.821 25.206 

Months in private rental housing 12.601 26.54  11.347 24.014  26.648 43.821  8.001 21.956 

Months in other types of rental housing 4.314 16.749  3.569 14.206  12.671 32.961  2.752 13.107 

Number of relocations 1.363 1.734  1.395 1.773  1.003 1.151  1.177 1.187 

Panel D: Family income at age 5        
Income in the first quartile 0.25 0.433  0.226 0.418  0.509 0.5  0.602 0.49 

Income in the second quartile 0.25 0.433  0.249 0.433  0.259 0.438  0.25 0.433 

Income in the third quartile 0.25 0.433  0.26 0.439  0.145 0.352  0.116 0.32 

Income in the fourth quartile 0.25 0.433  0.265 0.442  0.087 0.282  0.033 0.178 

Panel E: Mother's characteristics at age 5        
Age less than 31 0.134 0.341  0.126 0.332  0.223 0.416  0.263 0.44 

Age 31 - 35  0.336 0.472  0.337 0.473  0.324 0.468  0.324 0.468 

Age 36 - 40 0.321 0.467  0.324 0.468  0.286 0.452  0.263 0.44 

Age 41 - 45 0.126 0.331  0.124 0.33  0.142 0.349  0.127 0.333 

Age greater than 45 0.084 0.277  0.089 0.285  0.025 0.157  0.023 0.151 

Imputed age 0.001 0.035  0.001 0.036  0 0.021  0.001 0.023 

Max lower secondary education 0.235 0.424  0.224 0.417  0.368 0.482  0.443 0.497 

Upper secondary education 0.365 0.481  0.363 0.481  0.389 0.487  0.399 0.49 

Academic or Short cycle education 0.4 0.49  0.414 0.492  0.244 0.429  0.158 0.365 

Imputed education 0.001 0.038  0.001 0.038  0.001 0.035  0.001 0.034 

Unemployed 0.035 0.183  0.032 0.175  0.068 0.252  0.078 0.268 

Out of labour force 0.154 0.361  0.138 0.345  0.333 0.471  0.4 0.49 
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Missing employment 0.067 0.251  0.073 0.26  0.001 0.031  0.001 0.034 

Imputed employment 0.001 0.038  0.001 0.038  0.001 0.035  0.001 0.034 

Panel F: Father's characteristics at age 5        
Age less than 31 0.062 0.241  0.058 0.234  0.105 0.307  0.123 0.328 

Age 31 - 35  0.244 0.429  0.244 0.43  0.239 0.426  0.242 0.429 

Age 36 - 40 0.346 0.476  0.35 0.477  0.306 0.461  0.29 0.454 

Age 41 - 45 0.194 0.395  0.192 0.394  0.21 0.407  0.201 0.401 

Age greater than 45 0.154 0.361  0.155 0.362  0.141 0.348  0.144 0.351 

Imputed age 0.012 0.107  0.011 0.104  0.019 0.136  0.021 0.144 

Max lower secondary education 0.261 0.439  0.251 0.434  0.376 0.484  0.44 0.496 

Upper secondary education 0.42 0.494  0.421 0.494  0.408 0.492  0.404 0.491 

Academic or Short cycle education 0.319 0.466  0.328 0.469  0.215 0.411  0.156 0.363 

Imputed education 0.007 0.084  0.007 0.082  0.011 0.105  0.012 0.11 

Unemployed 0.03 0.17  0.027 0.161  0.068 0.252  0.081 0.273 

Out of labour force 0.082 0.275  0.071 0.257  0.21 0.408  0.253 0.435 

Missing employment 0.08 0.271  0.085 0.279  0.024 0.153  0.028 0.164 

Imputed employment 0.007 0.084  0.007 0.082  0.011 0.105  0.012 0.11 

Panel G: Municipality characteristics at age 5        
House price growth (annual) -3.969 8.595  -3.878 8.571  -4.931 8.791  -4.95 8.541 

Population growth (annual) 0.005 0.007  0.005 0.007  0.007 0.008  0.006 0.007 

Employment growth (annual) -0.014 0.019  -0.014 0.019  -0.014 0.019  -0.014 0.019 

Number of observations 350,619   322,471   28,148   20,011 
Notes: Data sources are Danish Administrative registers and the Ministry of Educations’ National Test Scores and Absence datasets. For each sample—
as follow—two columns are considered. The first column shows the means of background variables, and the second column reports the standard 
deviations of those variables (SD). “Full Population” columns represent the mean characteristics of children who were born during 2002-2006. 
“Excluded from Math Sample” columns show characteristics of children (and their parents) who are excluded from the Math test sample during the 
sample selection. “Math Sample” columns show characteristics of children and their parents in the Math test sample. Finally, “Math Sample Ever Lived” 
columns show the characteristics of children and their parents for sub-population of Math test sample, who ever lived in public housing. Appendix 
Table C.1 presents the description of all of the variables. 
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Table C.4. Summary statistics for Drop out from 2nd grade Danish test 

 Full Population 
 Excluded from   Drop out Sample  Drop out Sample 

 
    

 Drop out Sample     Ever lived in SH 

  Mean S.D.   Mean S.D.   Mean S.D.   Mean S.D. 

Panel A: Outcome - Drop out from 2nd grade Danish test     
Drop out from 2nd grade Danish test       0.04 0.196  0.043 0.202 

Panel B: Child's characteristics at age 5        
Male 0.512 0.5  0.514 0.5  0.495 0.5  0.496 0.5 

Western student (non-Danish) 0.016 0.124  0.016 0.126  0.011 0.104  0.01 0.1 

Non-Western student 0.084 0.277  0.061 0.239  0.304 0.46  0.402 0.49 

One parent - not in new relation 0.151 0.358  0.137 0.343  0.3 0.458  0.346 0.476 

One parent - in new relation 0.041 0.197  0.041 0.199  0.031 0.175  0.035 0.184 

Not living with parents 0.005 0.073  0.006 0.076  0.001 0.03  0.001 0.036 

One child in family 0.137 0.344  0.133 0.34  0.169 0.375  0.167 0.373 

Two children in family 0.549 0.498  0.557 0.497  0.47 0.499  0.434 0.496 

Three children in family 0.231 0.421  0.23 0.421  0.232 0.422  0.243 0.429 

Four or more children in family 0.129 0.335  0.129 0.335  0.129 0.336  0.157 0.364 

First-born child 0.439 0.496  0.444 0.497  0.394 0.489  0.357 0.479 

Panel C: Child's exposure to different types of housing until age 7        
Ever lived in public housing 0.251 0.434  0.207 0.405  0.693 0.461  1 0 

Months in owner-occupied housing 51.148 36.833  56.336 34.67  0 0  0 0 

Months in public housing 12.818 26.944 8.684 21.438 53.562 39.031 77.249 19.165 

Months in private rental housing 9.57 20.973  8.403 18.693  21.075 34.431  5.806 16.447 

Months in other types of rental housing 3.781 14.119  3.091 11.953  10.589 26.551  2.171 10.331 

Number of relocations 1.151 1.494  1.18 1.531  0.866 1.023  1.019 1.06 

Panel D: Family income at age 5        
Income in the first quartile 0.25 0.433  0.224 0.417  0.5 0.5  0.596 0.491 

Income in the second quartile 0.25 0.433  0.249 0.432  0.264 0.441  0.254 0.436 

Income in the third quartile 0.25 0.433  0.261 0.439  0.146 0.353  0.116 0.321 

Income in the fourth quartile 0.25 0.433  0.267 0.442  0.09 0.287  0.034 0.18 

Panel E: Mother's characteristics at age 5        
Age less than 31 0.134 0.341  0.125 0.33  0.227 0.419  0.269 0.443 

Age 31 - 35  0.336 0.472  0.337 0.473  0.328 0.47  0.325 0.468 

Age 36 - 40 0.321 0.467  0.324 0.468  0.283 0.45  0.259 0.438 

Age 41 - 45 0.126 0.331  0.124 0.33  0.137 0.344  0.124 0.33 

Age greater than 45 0.084 0.277  0.09 0.286  0.024 0.154  0.023 0.149 

Imputed age 0.001 0.035  0.001 0.036  0 0.022  0.001 0.025 

Max lower secondary education 0.235 0.424  0.222 0.416  0.364 0.481  0.442 0.497 

Upper secondary education 0.365 0.481  0.363 0.481  0.384 0.486  0.396 0.489 

Academic or Short cycle education 0.4 0.49  0.415 0.493  0.252 0.434  0.161 0.368 

Imputed education 0.001 0.038  0.001 0.038  0.001 0.034  0.001 0.033 

Unemployed 0.035 0.183  0.031 0.174  0.067 0.251  0.078 0.268 

Out of labour force 0.154 0.361  0.137 0.344  0.326 0.469  0.394 0.489 

Missing employment 0.067 0.251  0.074 0.261  0.001 0.033  0.001 0.037 

Imputed employment 0.001 0.038  0.001 0.038  0.001 0.034  0.001 0.033 
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Panel F: Father's characteristics at age 5        
Age less than 31 0.062 0.241  0.057 0.232  0.11 0.313  0.129 0.335 

Age 31 - 35  0.244 0.429  0.244 0.429  0.243 0.429  0.246 0.43 

Age 36 - 40 0.346 0.476  0.35 0.477  0.305 0.461  0.288 0.453 

Age 41 - 45 0.194 0.395  0.192 0.394  0.206 0.405  0.199 0.399 

Age greater than 45 0.154 0.361  0.156 0.363  0.136 0.342  0.139 0.346 

Imputed age 0.012 0.107  0.011 0.104  0.018 0.134  0.021 0.143 

Max lower secondary education 0.261 0.439  0.25 0.433  0.375 0.484  0.441 0.496 

Upper secondary education 0.42 0.494  0.422 0.494  0.405 0.491  0.402 0.49 

Academic or Short cycle education 0.319 0.466  0.328 0.47  0.22 0.415  0.157 0.364 

Imputed education 0.007 0.084  0.007 0.082  0.011 0.106  0.013 0.112 

Unemployed 0.03 0.17  0.026 0.16  0.068 0.251  0.08 0.272 

Out of labour force 0.082 0.275  0.07 0.255  0.206 0.405  0.251 0.434 

Missing employment 0.08 0.271  0.086 0.28  0.023 0.151  0.027 0.163 

Imputed employment 0.007 0.084  0.007 0.082  0.011 0.106  0.013 0.112 

Panel G: Municipality characteristics at age 5        
House price growth (annual) -3.969 8.595  -3.845 8.572  -5.135 8.719  -5.168 8.444 

Population growth (annual) 0.005 0.007  0.005 0.007  0.007 0.008  0.006 0.007 

Employment growth (annual) -0.014 0.019  -0.014 0.019  -0.015 0.019  -0.015 0.019 

Number of observations 350,619   319,249   31,370   21,751 
Notes: Data sources are Danish Administrative registers and the Ministry of Educations’ National Test Scores and Absence datasets. For each sample—
as follow—two columns are considered. The first column shows the means of background variables, and the second column reports the standard 
deviations of those variables (SD). “Full Population” columns represent the mean characteristics of children who were born during 2002-2006. 
“Excluded from Drop out Sample” columns show characteristics of children (and their parents) who are excluded from the Drop out from the 2nd grade’s 
Danish test sample during the sample selection. “Drop out Sample” columns show characteristics of children and their parents in the Drop out from the 
2nd grade’s Danish test sample. Finally, “Drop out Sample Ever Lived” columns show the characteristics of children and their parents for sub-population 
of Drop out from the 2nd grade’s Danish test sample, who ever lived in public housing. Appendix Table C.1 presents the description of all of the 
variables. 
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Table C.5. Summary statistics for 2nd grade’s Danish test 

 Full Population 
 Excluded from   Danish Sample  Danish Sample 

 
    

 Danish Sample     Ever lived in SH 

  Mean S.D.   Mean S.D.   Mean S.D.   Mean S.D. 

Panel A: Outcome - 2nd grade Danish test scores (standardized)        
Dansih score (average of three subjects)       0 1  -0.133 0.979 

Language comprehension       0 1  -0.142 0.991 

Decoding       0 1  -0.1 0.986 

Reading comprehension       0 1  -0.108 0.976 

Panel B: Child's characteristics at age 5        
Male 0.512 0.5  0.514 0.5  0.495 0.5  0.496 0.5 

Western student (non-Danish) 0.016 0.124  0.016 0.126  0.011 0.105  0.01 0.102 

Non-Western student 0.084 0.277  0.062 0.24  0.31 0.462  0.406 0.491 

One parent - not in new relation 0.151 0.358  0.137 0.344  0.303 0.46  0.348 0.476 

One parent - in new relation 0.041 0.197  0.041 0.199  0.031 0.173  0.034 0.182 

Not living with parents 0.005 0.073  0.006 0.076  0.001 0.031  0.001 0.037 

One child in family 0.137 0.344  0.134 0.34  0.167 0.373  0.164 0.371 

Two children in family 0.549 0.498  0.557 0.497  0.467 0.499  0.432 0.495 

Three children in family 0.231 0.421  0.23 0.421  0.233 0.423  0.243 0.429 

Four or more children in family 0.129 0.335  0.128 0.334  0.133 0.339  0.16 0.367 

First-born child 0.439 0.496  0.444 0.497  0.389 0.487  0.353 0.478 

Panel C: Child's exposure to different types of housing until age 8 

Ever lived in public housing 0.259 0.438  0.217 0.412  0.703 0.457  1 0 

Months in owner-occupied housing 58.548 41.804  64.059 39.485  0 0  0 0 

Months in public housing 14.526 30.422  10.081 24.457  61.75 44.31  87.873 22.326 

Months in private rental housing 11.063 23.74  9.848 21.337  23.972 39.143  7.018 19.315 

Months in other types of rental housing 4.065 15.474  3.348 13.136  11.677 29.781  2.509 11.793 

Number of relocations 1.26 1.617  1.29 1.655  0.941 1.094  1.105 1.13 

Panel D: Family income at age 5        
Income in the first quartile 0.25 0.433  0.225 0.417  0.507 0.5  0.6 0.49 

Income in the second quartile 0.25 0.433  0.249 0.432  0.261 0.439  0.252 0.434 

Income in the third quartile 0.25 0.433  0.26 0.439  0.144 0.352  0.115 0.319 

Income in the fourth quartile 0.25 0.433  0.266 0.442  0.088 0.283  0.032 0.177 

Panel E: Mother's characteristics at age 5        
Age less than 31 0.134 0.341  0.125 0.331  0.226 0.418  0.267 0.442 

Age 31 - 35  0.336 0.472  0.337 0.473  0.325 0.468  0.324 0.468 

Age 36 - 40 0.321 0.467  0.324 0.468  0.285 0.451  0.261 0.439 

Age 41 - 45 0.126 0.331  0.124 0.33  0.139 0.346  0.125 0.331 

Age greater than 45 0.084 0.277  0.089 0.285  0.025 0.155  0.023 0.151 

Imputed age 0.001 0.035  0.001 0.036  0 0.019  0 0.022 

Max lower secondary education 0.235 0.424  0.223 0.416  0.366 0.482  0.442 0.497 

Upper secondary education 0.365 0.481  0.363 0.481  0.387 0.487  0.399 0.49 

Academic or Short cycle education 0.4 0.49  0.414 0.493  0.247 0.431  0.159 0.365 

Imputed education 0.001 0.038  0.001 0.038  0.001 0.035  0.001 0.035 

Unemployed 0.035 0.183  0.032 0.175  0.068 0.251  0.078 0.268 

Out of labour force 0.154 0.361  0.137 0.344  0.33 0.47  0.397 0.489 
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Missing employment 0.067 0.251  0.073 0.261  0.001 0.029  0.001 0.031 

Imputed employment 0.001 0.038  0.001 0.038  0.001 0.035  0.001 0.035 

Panel F: Father's characteristics at age 5        
Age less than 31 0.062 0.241  0.058 0.233  0.108 0.311  0.127 0.333 

Age 31 - 35  0.244 0.429  0.244 0.43  0.24 0.427  0.244 0.429 

Age 36 - 40 0.346 0.476  0.35 0.477  0.306 0.461  0.289 0.453 

Age 41 - 45 0.194 0.395  0.192 0.394  0.209 0.406  0.2 0.4 

Age greater than 45 0.154 0.361  0.156 0.363  0.137 0.344  0.141 0.348 

Imputed age 0.012 0.107  0.011 0.104  0.019 0.137  0.022 0.146 

Max lower secondary education 0.261 0.439  0.251 0.433  0.376 0.484  0.441 0.496 

Upper secondary education 0.42 0.494  0.422 0.494  0.407 0.491  0.404 0.491 

Academic or Short cycle education 0.319 0.466  0.328 0.469  0.217 0.412  0.156 0.363 

Imputed education 0.007 0.084  0.007 0.082  0.011 0.106  0.012 0.111 

Unemployed 0.03 0.17  0.026 0.16  0.068 0.253  0.081 0.273 

Out of labour force 0.082 0.275  0.071 0.256  0.208 0.406  0.252 0.434 

Missing employment 0.08 0.271  0.085 0.279  0.024 0.154  0.028 0.165 

Imputed employment 0.007 0.084  0.007 0.082  0.011 0.106  0.012 0.111 

Panel G: Municipality characteristics at age 5        
House price growth (annual) -3.969 8.595  -3.856 8.573  -5.107 8.728  -5.122 8.467 

Population growth (annual) 0.005 0.007  0.005 0.007  0.007 0.008  0.006 0.007 

Employment growth (annual) -0.014 0.019  -0.014 0.019  -0.015 0.019  -0.015 0.019 

Number of observations 350,619   321,195   29,424   20,677 
Notes: Data sources are Danish Administrative registers and the Ministry of Educations’ National Test Scores and Absence datasets. For each sample—
as follow—two columns are considered. The first column shows the means of background variables, and the second column reports the standard 
deviations of those variables (SD). “Full Population” columns represent the mean characteristics of children who were born during 2002-2006. 
“Excluded from Danish Sample” columns show characteristics of children (and their parents) who are excluded from the Danish test sample during the 
sample selection. “Danish Sample” columns show characteristics of children and their parents in the Danish test sample. Finally, “Danish Sample Ever 
Lived” columns show the characteristics of children and their parents for sub-population of Danish test sample, who ever lived in public housing. 
Appendix Table C.1 presents the description of all of the variables. 
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Table C.6. Balancing tests for Drop out from Math test and Math test score samples 

 Drop out from Math test sample  Math test score sample 

 [1] [2] [3]   [4] [5] [6] 

Dependent variable: Distance between birth date and reform by MONTH   
Panel A: Child's characteristics at age 5      
Male -0.242 -0.216 -0.230  -0.374* -0.330 -0.382* 

 (0.198) (0.203) (0.205)  (0.198) (0.203) (0.206) 

Western student (non-Danish) 1.472 1.442 1.407  1.007 1.106 1.287 

 (1.053) (1.048) (1.059)  (1.038) (1.029) (1.063) 

Non-Western student -2.544*** -2.452*** -2.202***  -2.604*** -2.413*** -2.232*** 

 (0.267) (0.292) (0.305)  (0.269) (0.294) (0.308) 

One parent - not in new relation -0.902*** -0.802*** -0.733**  -0.742*** -0.577** -0.519* 

 (0.276) (0.283) (0.288)  (0.280) (0.290) (0.296) 

One parent - in new relation 0.185 0.708 1.220*  0.212 0.729 1.173* 

 (0.642) (0.667) (0.662)  (0.662) (0.687) (0.677) 

Not living with parents 2.729 3.492 3.114  4.665 5.827* 5.355 

 (3.810) (3.928) (4.118)  (3.485) (3.530) (3.624) 

One child in family -0.467 -0.298 -0.195  -0.406 -0.157 -0.0182 

 (0.332) (0.343) (0.349)  (0.344) (0.352) (0.357) 

Three children in family -0.0620 0.0754 0.0577  -0.0660 0.0240 0.0236 

 (0.276) (0.288) (0.293)  (0.285) (0.299) (0.305) 

Four or more children in family -0.615* -0.403 -0.281  -0.789** -0.674* -0.477 

 (0.372) (0.391) (0.396)  (0.372) (0.394) (0.401) 

First-born child 0.268 -0.0853 -0.512*  0.161 -0.227 -0.603** 

 (0.288) (0.296) (0.298)  (0.291) (0.302) (0.307) 

Panel B: Family income at age 5  
Income in the Second quartile 0.357 0.194 0.0687 0.390 0.267 0.151 

 (0.296) (0.309) (0.319)  (0.304) (0.321) (0.332) 

Income in the third quartile 0.640* 0.284 0.216  0.764** 0.458 0.443 

 (0.382) (0.400) (0.408)  (0.388) (0.410) (0.417) 

Income in the fourth quartile 1.369*** 0.898* 0.744  1.439*** 1.068** 0.893* 

 (0.474) (0.496) (0.504)  (0.484) (0.512) (0.524) 

Panel C: Mother's characteristics at age 5      
Age less than 31 -1.646*** -1.694*** -1.528***  -1.493*** -1.508*** -1.418*** 

 (0.346) (0.357) (0.357)  (0.354) (0.367) (0.371) 

Age 31 - 35  -0.335 -0.367 -0.282  -0.393 -0.374 -0.353 

 (0.279) (0.284) (0.291)  (0.280) (0.285) (0.295) 

Age 41 - 45 -0.180 -0.110 -0.280  -0.376 -0.311 -0.370 

 (0.352) (0.365) (0.366)  (0.364) (0.377) (0.381) 

Age greater than 45 1.320* 1.400* 1.704**  1.473** 1.502** 1.719** 

 (0.702) (0.730) (0.741)  (0.703) (0.733) (0.745) 

Max lower secondary education -1.149*** -1.252*** -1.179***  -0.910*** -0.976*** -0.946*** 

 (0.239) (0.252) (0.255)  (0.249) (0.259) (0.265) 

Academic or Short cycle education 1.026*** 1.049*** 0.988***  1.178*** 1.180*** 1.136*** 

 (0.282) (0.293) (0.300)  (0.290) (0.301) (0.310) 

Unemployed 3.299*** 3.306*** 3.173***  3.343*** 3.319*** 3.344*** 

 (0.448) (0.471) (0.479)  (0.463) (0.484) (0.497) 

Out of labour force 2.033*** 2.237*** 2.027***  2.068*** 2.281*** 2.089*** 

 (0.269) (0.277) (0.277)  (0.275) (0.285) (0.284) 

Panel D: Father's characteristics at age 5      
Age less than 31 0.589 0.590 0.582  0.539 0.518 0.577 

 (0.414) (0.431) (0.445)  (0.432) (0.447) (0.460) 

Age 31 - 35  0.424 0.315 0.213  0.262 0.151 0.147 

 (0.299) (0.307) (0.314)  (0.304) (0.314) (0.320) 

Age 41 - 45 -0.386 -0.356 -0.334  -0.444 -0.480 -0.489 

 (0.295) (0.306) (0.308)  (0.303) (0.314) (0.316) 
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Age greater than 45 0.163 0.00657 0.143  0.00220 -0.136 -0.0409 

 (0.357) (0.369) (0.374)  (0.366) (0.378) (0.385) 

Max lower secondary education -0.309 -0.311 -0.336  -0.138 -0.0961 -0.106 

 (0.232) (0.243) (0.247)  (0.237) (0.249) (0.254) 

Academic or Short cycle education 0.0683 0.238 0.213  0.0357 0.293 0.314 

 (0.292) (0.304) (0.307)  (0.297) (0.310) (0.317) 

Unemployed 4.770*** 4.906*** 4.647***  4.765*** 4.868*** 4.592*** 

 (0.397) (0.411) (0.421)  (0.412) (0.434) (0.435) 

Out of labour force 2.564*** 2.575*** 2.335***  2.661*** 2.695*** 2.426*** 

  (0.279) (0.289) (0.294)   (0.290) (0.300) (0.314) 

Controlled for:        
Municipality, Children, Income YES YES YES  YES YES YES 
Parental characteristics YES YES YES  YES YES YES 

Neighbourhood FE NO YES YES  NO YES YES 

School FE NO NO YES   NO NO YES 

R-squared 0.032 0.037 0.118  0.033 0.038 0.119 

Number of Neighbourhoods  1,925 1,925   1,920 1,920 

Observations 29,509 29,509 29,509   28,140 28,140 28,140 
Notes: This table presents balancing tests for the two samples of Drop out from the 3rd grade Math test (columns 1-3) and the 3rd grade’s Math test score 
(columns 4-6). All of the Columns are based on linear regression of distance from the birth date to the reform date (in months - Figure 7) on all of the 
covariates that I use to estimate the models in this paper (the list of variables is available in appendix Table C.1). All of the variables are collected at 
age 5 (before start of schools). Columns 1 and 4 show estimation results without neighbourhood and school fixed effects. Columns 2 and 5 report the 
estimation results using neighbourhood fixed effects. The estimates in columns 3 and 6 are from the same regressions but include neighbourhood and 
school fixed effect. Standard errors are reported in parentheses and clustered at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1 
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Table C.7. Balancing tests for Drop out from Danish test and Danish test scores samples 

 Drop out from Danish test sample  Danish test score sample 

 [1] [2] [3]   [4] [5] [6] 

Dependent variable: Distance between birth date and reform by MONTH   
Panel A: Child's characteristics at age 5      
Male -0.247 -0.216 -0.190  -0.379* -0.353* -0.386* 

 (0.193) (0.197) (0.197)  (0.199) (0.203) (0.201) 

Western student (non-Danish) 1.310 1.192 1.471  0.972 0.869 0.914 

 (1.030) (1.007) (1.006)  (1.050) (1.045) (1.045) 

Non-Western student -2.754*** -2.664*** -2.370***  -2.789*** -2.622*** -2.442*** 

 (0.260) (0.283) (0.286)  (0.264) (0.283) (0.300) 

One parent - not in new relation -0.924*** -0.830*** -0.934***  -0.898*** -0.730** -0.921*** 

 (0.264) (0.271) (0.278)  (0.278) (0.286) (0.297) 

One parent - in new relation -0.243 0.198 0.350  -0.178 0.254 0.246 

 (0.618) (0.647) (0.619)  (0.640) (0.668) (0.667) 

Not living with parents -0.740 0.149 -0.649  1.158 2.282 2.257 

 (3.623) (3.897) (3.877)  (3.608) (3.796) (3.927) 

One child in family -0.590* -0.353 -0.224  -0.552* -0.355 -0.0728 

 (0.319) (0.327) (0.321)  (0.331) (0.339) (0.342) 

Three children in family -0.0342 0.111 0.161  -0.0902 0.0795 0.198 

 (0.264) (0.271) (0.273)  (0.273) (0.282) (0.289) 

Four or more children in family -0.525 -0.371 -0.0945  -0.658* -0.491 -0.176 

 (0.346) (0.371) (0.380)  (0.354) (0.374) (0.380) 

First-born child 0.404 0.00960 -0.238  0.460 -0.00282 -0.333 

 (0.270) (0.275) (0.271)  (0.283) (0.289) (0.291) 

Panel B: Family income at age 5  
Income in the Second quartile 0.217 0.0838 -0.130 0.321 0.237 0.0926 

 (0.289) (0.301) (0.307)  (0.291) (0.304) (0.315) 

Income in the third quartile 0.484 0.171 0.0509  0.602 0.334 0.330 

 (0.371) (0.383) (0.391)  (0.381) (0.398) (0.413) 

Income in the fourth quartile 1.386*** 0.770 0.618  1.457*** 0.827* 0.742 

 (0.468) (0.482) (0.492)  (0.473) (0.489) (0.504) 

Panel C: Mother's characteristics at age 5      
Age less than 31 -1.649*** -1.638*** -1.563***  -1.638*** -1.579*** -1.457*** 

 (0.341) (0.352) (0.351)  (0.343) (0.353) (0.354) 

Age 31 - 35  -0.447 -0.407 -0.451  -0.363 -0.314 -0.338 

 (0.273) (0.279) (0.283)  (0.277) (0.281) (0.286) 

Age 41 - 45 -0.356 -0.339 -0.492  -0.288 -0.232 -0.515 

 (0.350) (0.360) (0.356)  (0.362) (0.373) (0.371) 

Age greater than 45 0.750 0.794 0.858  0.920 0.868 0.811 

 (0.686) (0.716) (0.716)  (0.701) (0.722) (0.729) 

Max lower secondary education -1.087*** -1.127*** -1.130***  -1.063*** -1.113*** -1.017*** 

 (0.233) (0.242) (0.239)  (0.242) (0.252) (0.253) 

Academic or Short cycle education 1.002*** 0.946*** 0.754***  1.020*** 0.942*** 0.857*** 

 (0.270) (0.279) (0.283)  (0.280) (0.290) (0.296) 

Unemployed 3.228*** 3.079*** 2.745***  3.406*** 3.189*** 3.008*** 

 (0.421) (0.442) (0.449)  (0.447) (0.467) (0.470) 

Out of labour force 2.075*** 2.138*** 1.837***  2.093*** 2.182*** 1.929*** 

 (0.255) (0.263) (0.260)  (0.266) (0.272) (0.272) 

Panel D: Father's characteristics at age 5      
Age less than 31 0.591 0.609 0.679  0.769* 0.869** 0.877** 

 (0.397) (0.417) (0.423)  (0.414) (0.432) (0.443) 

Age 31 - 35  0.396 0.297 0.372  0.424 0.393 0.447 

 (0.286) (0.293) (0.292)  (0.294) (0.303) (0.306) 

Age 41 - 45 -0.290 -0.371 -0.262  -0.268 -0.312 -0.234 

 (0.288) (0.299) (0.300)  (0.296) (0.308) (0.315) 
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Age greater than 45 0.469 0.391 0.539  0.229 0.186 0.288 

 (0.355) (0.366) (0.372)  (0.363) (0.375) (0.388) 

Max lower secondary education -0.309 -0.224 -0.290  -0.324 -0.256 -0.229 

 (0.223) (0.234) (0.238)  (0.229) (0.241) (0.248) 

Academic or Short cycle education 0.333 0.478 0.421  0.409 0.508 0.560* 

 (0.286) (0.299) (0.303)  (0.299) (0.311) (0.316) 

Unemployed 4.535*** 4.703*** 4.301***  4.738*** 4.882*** 4.560*** 

 (0.377) (0.388) (0.397)  (0.391) (0.408) (0.420) 

Out of labour force 2.521*** 2.453*** 2.170***  2.654*** 2.544*** 2.384*** 

  (0.281) (0.285) (0.289)   (0.285) (0.288) (0.297) 

Controlled for:        
Municipality, Children, Income YES YES YES  YES YES YES 

Parental characteristics YES YES YES  YES YES YES 

Neighbourhood FE NO YES YES  NO YES YES 

School FE NO NO YES   NO NO YES 

R-squared 0.027 0.027 0.126  0.029 0.030 0.129 

Number of Neighbourhoods  1,930 1,930   1,926 1,926 

Observations 31,360 31,360 31,360   29,416 29,416 29,416 
Notes: This table presents balancing tests for the two samples of Drop out from the 2nd grade Danish test (columns 1-3) and the 2nd grade’s Danish test 
scores (columns 4-6). All of the Columns are based on linear regression of distance from the birth date to the reform date (in months - Figure 7) on all 
of the covariates that I use to estimate the models in this paper (the list of variables is available in appendix Table C.1). All of the variables are collected 
at age 5 (before start of schools). Columns 1 and 4 show estimation results without neighbourhood and school fixed effects. Columns 2 and 5 report the 
estimation results using neighbourhood fixed effects. The estimates in columns 3 and 6 are from the same regressions but include neighbourhood and 
school fixed effect. Standard errors are reported in parentheses and clustered at neighbourhood level.  
*** p<0.01, ** p<0.05, * p<0.1 
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Table C.8. The effects of distance from birth date to reform date (in months) on schooling outcomes - ITT 
  [1] [2] [3] [4]  [5] [6] [7] [8] 

 Panel A: Drop out from Math test   Panel B: Math test scores  

Distance from reform in month -0.000589*** -0.000649*** -0.000667*** -0.000646***  -0.000157 -0.000124 -0.000161 -0.000101 

 (6.84e-05) (7.04e-05) (7.13e-05) (7.15e-05)  (0.000386) (0.000386) (0.000381) (0.000393) 

          

R-squared 0.008 0.013 0.016 0.119  0.010 0.040 0.069 0.138 

Number of Neighbourhoods 1,925 1,925 1,925 1,925  1,920 1,920 1,920 1,920 

Observations 29,517 29,509 29,509 29,509  28,148 28,140 28,140 28,140 

          

 Panel C: Drop out from Danish test   Panel D: Danish test scores  

Distance from reform in month -0.000300*** -0.000343*** -0.000377*** -0.000312***  -0.000234 -0.000256 -0.000396 -0.000616* 

 (6.23e-05) (6.33e-05) (6.33e-05) (6.59e-05)  (0.000374) (0.000364) (0.000358) (0.000365) 

          

R-squared 0.007 0.012 0.016 0.119  0.010 0.065 0.099 0.166 

Number of Neighbourhoods 1,930 1,930 1,930 1,930  1,926 1,926 1,926 1,926 

Observations 31,370 31,360 31,360 31,360  29,424 29,416 29,416 29,416 

          

Controlled for:          
Municipality, Children, Income NO YES YES YES  NO YES YES YES 

Parental characteristics NO NO YES YES  NO NO YES YES 

Neighbourhood FE YES YES YES YES  YES YES YES YES 

School FE NO NO NO YES   NO NO NO YES 
Notes: This table reports the reduced-form (ITT) estimates from linear regressions (equation 2) of schooling outcomes in Panels A-D on distance from 
the birth date to the reform date (in months - Figure 7). Schooling outcomes are: Drop out from Math test (Panel A), Math test scores (Panel B), Drop 
out from Danish test (Panel C), and Danish test scores (Panel D). In estimation samples, mean of drop out from Math test is 0.037 (0.189), mean of 
Math test score is 0 (1), mean of drop out from Danish test is 0.04 (0.196), and mean of Danish test score is 0 (1). All of the control variables are 
collected at age 5 (before start of schools). In columns 1 & 5, only neighbourhood FEs are considered. Columns 2 & 6 report the results after controlling 
for municipality characteristics, children’s characteristics, family income, and neighbourhood FEs. Columns 3 & 7 present the results after controlling 
for all of the covariates and neighbourhood FEs. Columns 4 & 8 show the result after controlling for all of the covariates, as well as neighbourhood and 
school FEs. Standard errors are reported in parentheses and clustered at neighbourhood level. 
*** p<0.01, ** p<0.05, * p<0.1 
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Table C.9. The effects of duration of exposure to public housing (in months) on schooling outcomes - TOT 
  [1] [2] [3] [4]  [5] [6] [7] [8] 

 Panel A: Drop out from Math test   Panel B: Math test scores  

Months in public housing 0.0108*** 0.0130*** 0.0136*** 0.0160***  0.00254 0.00204 0.00261 0.00189 

 (0.00261) (0.00318) (0.00335) (0.00460)  (0.00633) (0.00640) (0.00624) (0.00719) 

          
First-stage -0.0544*** -0.0501*** -0.0492*** -0.0405***  -0.0618*** -0.0607*** -0.0615*** -0.0534*** 

 (0.0116) (0.0111) (0.0111) (0.0112)  (0.0131) (0.0127) (0.0126) (0.0129) 

          
Kleibergen-Paap rk Wald F statistic 21.88 20.25 19.78 13.07  22.26 22.96 23.67 17.06 

          
Number of Neighbourhoods 1,841 1,841 1,841 1,841  1,838 1,838 1,838 1,838 

Observations 29,433 29,425 29,425 29,425  28,066 28,058 28,058 28,058 

          
 Panel C: Drop out from Danish test   Panel D: Danish test scores  

Months in public housing 0.00638*** 0.00828*** 0.00911*** 0.00796***  0.00395 0.00473 0.00724 0.0118 

 (0.00197) (0.00253) (0.00269) (0.00263)  (0.00644) (0.00684) (0.00670) (0.00727) 

          
First-stage -0.0470*** -0.0415*** -0.0414*** -0.0392***  -0.0592*** -0.0541*** -0.0548*** -0.0523*** 

 (0.0107) (0.0101) (0.0100) (0.0102)  (0.0118) (0.0112) (0.0111) (0.0114) 

          
Kleibergen-Paap rk Wald F statistic 19.49 16.96 17.03 14.9  25.34 23.39 24.41 20.86 

          
Number of Neighbourhoods 1,860 1,860 1,860 1,860  1,851 1,851 1,851 1,851 

Observations 31,300 31,290 31,290 31,290  29,349 29,341 29,341 29,341 

          
Controlled for:  
Municipality, Children, Income NO YES YES YES NO YES YES YES 

Parental characteristics NO NO YES YES  NO NO YES YES 

Neighbourhood FE YES YES YES YES  YES YES YES YES 

School FE NO NO NO YES   NO NO NO YES 
Notes: This table presents the effects of duration of living in public housing on schooling outcomes. In particular, this table reports TOT estimates using 
2SLS estimator, instrumenting for duration of living in public housing (in months) with distance from birth date to the reform date (equation 3). Figure 
7 graphically illustrates the instrument. Schooling outcomes are: Drop out from Math test (Panel A), Math test scores (Panel B), Drop out from Danish 
test (Panel C), and Danish test scores (Panel D). Duration of living in public housing is calculated up to age 7 (Panel C), 8 (Panels A & D), or 9 (Panel 
B). In estimation samples, mean of drop out from Math test is 0.037 (0.189), mean of Math test score is 0 (1), mean of drop out from Danish test is 0.04 
(0.196), and mean of Danish test score is 0 (1). All of the control variables are collected at age 5 (before start of schools). In columns 1 & 5, only 
neighbourhood FEs are considered. Columns 2 & 6 report the results after controlling for municipality characteristics, children’s characteristics, family 
income, and neighbourhood FEs. Columns 3 & 7 present the results after controlling for all of the covariates and neighbourhood FEs. Columns 4 & 8 
show the result after controlling for all of the covariates, as well as neighbourhood and school FEs. Standard errors are reported in parentheses and 
clustered at neighbourhood level. 
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Table C.10. Robustness of the effects of living in public housing on children’s schooling outcomes – ITT and TOT 

 Distance from  Distance from  Before/After  Distance from  Distance from  Before/After 

 Reform Reform Reform  Reform Reform by Reform 

 Monthly  Quarterly   Monthly  Birth Quarter  

 (Baseline)       (Baseline)     

  [1] [2] [3]  [4] [5] [6] 

 Panel A: Drop out from Math test  Panel B: Math test scores 
ITT        
Distance from reform -0.000646*** -0.00183*** -0.0248***  -0.000101 -0.000243 -0.00859 

 (7.15e-05) (0.000204) (0.00276)  (0.000393) (0.00112) (0.0154) 

        
TOT        
Months in public housing 0.0160*** 0.0160*** 0.0171***  0.00189 0.00159 0.00433 

 (0.00460) (0.00467) (0.00519)  (0.00719) (0.00720) (0.00769) 

        
First-stage -0.0405*** -0.114*** -1.449***  -0.0534*** -0.153*** -1.982*** 

 (0.0112) (0.0320) (0.426)  (0.0129) (0.0368) (0.487) 

        
Kleibergen-Paap rk Wald F statistic 13.07 12.77 16.21  17.06 17.15 16.54 

        
Number of Neighbourhoods 1,841 1,841 1,841 

  1,838 1,838 

Observations 29,425 29,425 29,425 
 

1,838 28,058 28,058 

     28,058 
  

 Panel C: Drop out from Danish test  Panel D: Danish test scores 
ITT        
Distance from reform -0.000312*** -0.000908*** -0.0136*** -0.000616* -0.00173* -0.0184 

(6.59e-05) (0.000189) (0.00273) (0.000365) (0.00105) (0.0145) 

        
TOT        
Months in public housing 0.00796*** 0.00811*** 0.00933***  0.0118 0.0116 0.00959 

 (0.00263) (0.00266) (0.00307)  (0.00727) (0.00727) (0.00769) 

        
First-stage -0.0392*** -0.112*** -1.454***  -0.0523*** -0.149*** -1.920*** 

 (0.0102) (0.0290) (0.386)  (0.0114) (0.0327) (0.441) 

        
Kleibergen-Paap rk Wald F statistic 14.9 14.88 14.17  20.86 20.79 20.5 

        
Number of Neighbourhoods 1,860 1,860 1,860 

 
1,851 1,851 1,851 

Observations 31,290 31,290 31,290   29,341 29,341 29,341 

Municipality, Children, Income YES YES YES 
 

YES YES YES 

Parental characteristics YES YES YES 
 

YES YES YES 

Neighbourhood FE YES YES YES 
 

YES YES YES 

School FE YES YES YES   YES YES YES 

Notes: This table reports the effects of (duration of) living in public housing on different schooling outcome. Schooling outcomes are: Drop out from 
Math test (Panel A), Math test scores (Panel B), Drop out from Danish test (Panel C), and Danish test scores (Panel D). For each of the panels, both 
ITT and TOT estimates are presented. The ITT estimates are from linear regressions (equation 2) of schooling outcomes in Panels A-D on distance 
from the birth date to the reform date (in months - Figure 7). The TOT estimates are from 2SLS estimators, instrumenting for duration of living in public 
housing (in months) with distance from birth date to the reform date (equation 3). The instrument is graphically illustrated in Figure 7. In columns 2 & 
5, distance from birth date to the reform date is calculated quarterly (instead of monthly). In columns 3 & 6, instead of calculating distance from birth 
date to the reform date monthly or quarterly, an indicator variable of whether birth date was before (=0) or after (=1) the reform (i.e. January 2004) is 
considered. In estimation samples, mean of drop out from Math test is 0.037 (0.189), mean of Math test score is 0 (1), mean of drop out from Danish 
test is 0.04 (0.196), and mean of Danish test score is 0 (1). All of the control variables are collected at age 5 (before start of schools). All of the covariates, 
as well as neighbourhood and school FEs are considered in all of the columns. Standard errors are reported in parentheses and clustered at neighbourhood 
level 
*** p<0.01, ** p<0.05, * p<0.1 
 

 

 








