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PREFACE

This dissertation is the tangible result of my studies at the Department of Economics

and Business Economics at Aarhus University, where I was enrolled as a PhD student

in the period from August 2016 to August 2019. I am grateful to the department for

providing an excellent research environment and funding for numerous courses and

conferences. In an international comparison, being enrolled at a Danish university is

surely a privilege on many accounts.

During my studies, I had the pleasure of visiting UC Berkeley; I would like to

thank Professor Hilary Hoynes for hosting me and for her comments and suggestions

for my paper on intergenerational health mobility. My stay at UC Berkeley was very

stimulating academically as well as socially. I had a great time at the Economics

Department at Evans Hall, attending seminars, classes, and interacting with faculty.

Living at the highly diverse Berkeley International House was very enjoyable and

proved an excellent platform for many cross-cultural meetings over dinner, intense

table tennis matches and expeditions to San Francisco. I am grateful to COWIFonden

and Knud Højgaards Fond for providing financial support for my stay abroad.

Up until this point, it may sound as if doing a PhD is a bed on roses. In many ways,

writing a Ph.D. resembles the experience of Frodo Baggins in Lord of the Rings. Initially,

you find yourself leading a happy, carefree life in adolescence – and then suddenly,

this One Project is bestowed upon you. The One Project carries huge responsibilities

and no financial benefit. On the contrary, it causes frequent psychological turmoil.

Meanwhile, your friends move on and have different fun adventures, where they gain

a reputation and get jobs in important companies (even become kings). Eventually,

you submit your project into a fiery abyss and hope for the best.

I can easily see the similarities between Frodo’s journey and my own. As he

battled the Dark Forces of Middle-Earth, I have corresponded regularly with Statistics

Agencies. As he had to find his way through a treacherous mountain landscape, I have

compiled many, many LATEX-tables. Fortunately, I have been spared other experiences

of Frodo commonly compared to the PhD process: For example, my main advisor did
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not disappear down a black hole halfway through the journey with little notice and

no indication of when he or she will be back.

While Frodo eventually saved the world, I have hopefully incremented the total

knowledge of (health) economics. Nabanita Datta Gupta, my main supervisor, de-

serves a big thanks for continuous advice and support throughout this process. In

addition to input on, and meticulous reviewing of, many parts of the thesis, as well as

co-writing a chapter, you have opened many doors to me. My co-supervisor Niels

Skipper has similarly provided input and helpful advice along the way. Also, Niels

supervised my bachelor’s and master’s thesis, which indirectly laid the foundation

for my transition into the PhD. Indeed, I am grateful to both my supervisors for

encouraging me to enroll as a PhD student.

I would also like to thank my colleagues, in particular fellow PhD students and

junior faculty in the section for many good laughs and talks. I have appreciated

everything from the dark sarcasm about the PhD process, over the repetitiveness of

the canteen diet, to our surprisingly good performances at the DHL relay, ØF football

tournaments and the Easter Dinner beer pong finals.

Finally, I want to thank friends and family for support and a genuine interest

in the progress and content of my project. Lotus, with whom I share a home and a

dislike of very emotional ending paragraphs, in particular deserves a special thanks.

Carsten Andersen

Aarhus, August 2019
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SUMMARY

This thesis consists of three chapters on the determinants of health and health in-

equality. While the chapters are self-contained a meaningful methodological and

topical distinction can be made. The first two chapters are deliberately descriptive in

nature, attempting to quantify the variation in health outcomes that can be attributed

to family background. Such studies have both normative and positive underpinnings.

Morally acceptable magnitudes and origins of status reproduction in families is an

ancient question of interest in the social sciences (Rawls (1971); Roemer (2009)),

made even more relevant still by worldwide increasing inequality and entrenched

class status (OECD (2011); Piketty (2015)). On a more practical level, such analyses

may also inform on the importance of institutions and policies for fostering social

mobility (Corak (2013)). Chapter three seeks to investigate causal relations in the link

between health and education. Such studies also inform on how various policies may

shape and affect individual outcomes, albeit in a more direct (and local) fashion.

Chapter 1 shows that social mobility in health is, perhaps surprisingly, higher than

for outcomes such as earnings and educational attainment. The correlation between

health outcomes of consecutive generations are in the range 0.11-0.15. However,

while parent-child associations represent important benchmarks, I expand the focus

to various forms of correlations between siblings. What is important for quantifying

equality of opportunity is not the correlation between two specific variables, but

rather the importance of family endowment in a broad sense. Using this approach

on siblings and identical twins I find that 13-38 percent of total variation in health

outcomes can be tracked back to familial origins. These estimates are consistent with

a vast body of research showing that social mobility is relatively high in Scandinavia,

and low in the United States with other European countries in between, regardless of

whether the outcome is health (Halliday et al. (2018)), education (Hertz et al. (2007))

or income (Björklund et al. (2002); Jantti et al. (2006)). These findings can be taken

as indirect evidence that income inequality, economic mobility, universal health

insurance, or a combination, contribute to level the playing fields for individuals born
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viii SUMMARY

into circumstances of varying desirability. However, a weakness of this comparison is

that the measurement of health, the data used, and the cohorts included, may be too

different across countries to draw meaningful inference.

In Chapter 2, written jointly with Daniel Graeber, we address this concern by

obtaining comparable survey data for Denmark, Germany and the United States. The

virtue of this approach is that the institutions of the countries differ in interesting

ways in terms of redistributive policies and the provision of health care, and that

we can ensure that health indicators and the characteristics of the sample are com-

parable across settings. Surprisingly, a central result is that the United States does

not display higher sibling correlations than Germany and Denmark; if anything, the

importance of family background seems more important in Denmark. However, we

show that this is driven entirely by higher individual variability in the US rather than

a low variance of the family component. Consequently, family background in the

US is more important in an absolute sense, but less important in a relative sense.

Hence, a central implication of our study is that relative mobility measures, which the

literature predominantly relies on, may be misleading for some purposes. We develop

a framework of Family Frontier Differentials and apply this in an in-depth exploration

of Body Mass Index (BMI) and obesity, where we show how cross-country differences

particularly matter for individuals with high draws from the individual distribution

of BMI. We also show that a substantial share of the obesity difference would remain

even after imposing the (lower) German BMI mean on the US distribution, which is

due to the higher US variability. We also probe into potential mechanisms of health

mobility. We find that German and Danish health mobility levels are unresponsive

to conditioning on parental socioeconomic status, while US levels are substantially

attenuated. One interpretation of this is that in relatively egalitarian countries, most

of the health resemblance in families is determined by genetic makeup1.

In Chapter 3, co-authored with Merete Osler, we study the association of edu-

cation with mortality and earnings. We argue that school proximity, conditional on

a large set of controls, constitutes a valid instrument for educational attainment.

Results indicate that the correlation between health and education is primarily due

to selection. Treatment effects of education are statistically indistinguishable from

zero, and the marginal treatment effects analysis suggests that there is only very

moderate heterogeneity in effects through the distribution of unobserved resistance

to pursue education beyond compulsory level. Further, while cognitive ability seems

important in explaining both the take-up of education and mortality, it interacts only

1Borrowing a quote from Björkegren et al. (2019), it may be that in relatively egalitarian countries,
genes is "all that is left".
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moderately with education. This contrasts somewhat with results for earnings, where

significant average treatment effects for the treated are found. This is mostly driven

by observable heterogeneity, i.e., favourable characteristics of the treated, rather

than heterogeneity in unobservables. Cognitive ability is important in that it displays

high associations with earnings and interacts positively with treatment effects from

education.
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DANSK RESUMÉ

Denne afhandling består af tre kapitler om hvilke faktorer der påvirker sundhed og

ulighed i sundhed.

Selvom kapitlerne hver især addresserer et specifikt spørgsmål kan der laves en

meningsfuld metodisk og tematisk skelnen. De første to kapitler er af deskriptiv natur

og forsøger at kvantificere hvor meget af variationen i sundhed der kan tilskrives

familiebaggrund. Sådanne studier har både normative og positivistiske træk. Spørgs-

målet om moralsk acceptable størrelser af, og årsagerne bag, reproduktionen af status

i familier har optaget samfundsvidenskaben i århundreder (Rawls (1971); Roemer

(2009)), og er blevet stadig mere relevant i dag på grund af stigende ulighed og mere

forankrede samfundsklasser (OECD (2011); Piketty (2015)). På et praktisk niveau kan

sådanne analyser også kaste lys over betydningen af institutioner og politiktiltag med

henblik på at stimulere social mobilitet. Kapitel tre undersøger kausale relationer

i henholdsvis forholdet mellem sundhed og uddannelsesniveau. Sådanne studier

er også informative om hvordan visse politiske tiltag former og påvirker individers

udfald, omend på en mere direkte (og kontekstafhængig) måde.

Kapitel 1 viser at social mobilitet i sundhed, måske overraskende, er højere end

for udfald såsom indkomst og uddannelsesniveau. Korrelationen mellem sundheds-

udfald af på hinanden følgende generationer er i intervallet 0.11-0.15. Selvom associ-

ationerne mellem børn og forældre udgør vigtige pejlemærker, udvider jeg fokus til

forskellige former for korrelationer mellem søskende. For at kvantificere graden af

lige muligheder er det vigtigste ikke korrelationen mellem to specifikke variable, men

derimod betydningen af familiebaggrund i bred forstand. Når jeg anvender denne

tilgang på søskende og identiske tvillinger finder jeg at mellem 13 og 38 procent af den

totale variation i sundhedsudfald kan spores tilbage til familieophav. Disse estimater

er konsistente med en stor mængde forskning der viser at social mobilitet er relativt

høj i Skandinavian, og lav i De Forenede Stater mens andre europæiske lande befinder

sig midt imellem, uanset om udfaldet er sundhed (Halliday et al. (2018)), uddannelse

(Hertz et al. (2007)) eller indkomst (Björklund et al. (2002); Jantti et al. (2006)). Disse

xi



xii DANISH SUMMARY

fund kan ses som inddirekte evidens for at indkomstulighed, økonomisk mobilitet,

universel sundhedsforsikring, eller en kombination, bidrager til at sikre lige mulighe-

der for individer der er født ind i væsensforskellige omstændigheder. En svaghed ved

denne internationale sammenligning er at opgørelsen af sundhed, de anvendte data,

og de inkluderede kohorter potentielt er for forskellige til at man meningsfuldt kan

sammenligne lande ud fra dem.

I kapitel 2, skrevet med Daniel Graeber, adresserer vi denne svaghed ved at bruge

sammenlignelige surveydata for Danmark, Tyskland og De Forenede Stater. Fordelen

ved denne tilgang er at landene er indbyrdes forskelle på interessante måder i forhold

til omfordelingspolitik og sundhedsvæsen samt at vi kan sikre at sundhedsmålene og

karakteristika for udsnittet er sammenlignelige på tværs af lande. Et centralt resultat

er at De Forenede Stater ikke udviser højere søskendekorrelationer end Tyskland og

Denmark; faktisk er betydningen af familiebaggrund højere i Danmark. Vi viser at

dette udelukkende er drevet af højere individuel variabilitet i De Forenede Stater og

ikke af en lav varians af familie-komponenten. Altså er familiebaggrund i De Forene-

de Stater vigtigere i en absolut forstand, men mindre betydelig i en relativ forstand.

En central implikation af vores studie er at relative mobilitetsmål, som literaturen

primært bruger, kan være misvisende i nogle sammenhænge. Vi udvikler en metode

(Familiefrontforskelle), og anvender denne i en dybdegående undersøgelse af Body

Mass Index (BMI) og fedme hvor vi viser hvordan landeforskelle især betyder noget

for individer med høje realiseringer fra den individuelle fordeling af BMI. Vi viser

også at en betydelig andel af forskellene i fedme ville bestå selv hvis den amerikanske

fordeling kontrafaktisk blev tildelt den tyske middelværdi hvilket skyldes højere varia-

tion i De Forenede Stater. Vi finder at den danske og tyske sundhedsmobilitet ikke

reagerer på at betinge på forældres socioøkonomiske status, mens den amerikanske

bliver betydeligt formindsket. Én fortolkning af dette er at i relativt egalitære lande, er

det meste af sundhedslighed i familier bestemt af genetik1.

I kapitel 3, skrevet med Merete Osler, undersøger vi sammenhængen mellem

uddannelse, og dødelighed og lønindkomst. Vi argumenterer for at geografisk nærhed

til skole, betinget på en stor mængde kontrolvariable, udgør et validt instrument for

uddannelsesniveau. Resultaterne indikerer at korrelationen mellem sundhed og

uddannelse udelukkende skyldes selektion. Effekter af uddannelse er ikke signifikant

forskellige fra nul, og analysen af de marginale effekter indikerer at der kun er meget

beskeden heterogeneitet i effekter over fordelingen af uobserverbar modstand mod

at få uddannelse ud over det obligatoriske niveau. Selvom kognitive evner er vigtige

1Som det bliver udtrykt i Björkegren et al. (2019), er det måske tilfældet i relativt egalitære lande at
"gener er alt der er".
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med henblik på at forklare både uddannelsesniveau og dødelighed, interagerer de

kun moderat med uddannelse. Det står i kontrast til resultaterne for lønindkomst

hvor der er signifikante gennemsnitlige effekter for dem med uddannelse. Dette er

primært drevet af observerbar heterogneitet, altså gunstige karakteristika af dem med

uddannelse, snarere end heterogenitet i uobserverbare variable. Kognitive evner er

vigtige idet de korrelerer stærkt med løninkomst og interagerer positivt med effekten

af uddannelse.
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C H A P T E R 1
INTERGENERATIONAL HEALTH MOBILITY:

EVIDENCE FROM DANISH REGISTERS

Carsten Andersen

Aarhus University

Abstract

To what extent status depends on family background has been of great interest in the social sciences and the general
public for centuries. The transmission of income, earnings and educational attainment is often studied, while equality
of opportunity with respect to health outcomes has received far less attention. This paper is one of the first to investigate
mobility in overall health using high-quality administrative data. The attractiveness of this approach lies in objective
health measures and large sample sizes allowing twin analyses.

I operationalise health mobility by a variety of statistics: rank-rank slopes, intergenerational correlations and sib-
ling and identical twin correlations. Mobility in health is found to be relatively high for men, both when compared to
similar US-based studies, and when contrasted with outcomes such as educational attainment and income. For Dan-
ish women, health-related dependence on family background is on par with similar statistics for income and earnings
for other Scandinavian countries. Mobility is thus, perhaps somewhat nonintuitively, higher in health than in income.
Contrasting sibling and identical twin correlations with parent-child associations confirm earlier findings in the litera-
ture on equality of opportunity, namely that sibling correlations capture far more variation than traditional intergener-
ational correlations. 14-38 percent of the variation in individual health outcomes can be ascribed to family background
and genes, factors which the individual cannot be held accountable for. Only a negligible share of this variation can be
explained by parental health, which suggests that other family-specific characteristics may play an important role for
health mobility.

Acknowledgements: I thank Arthur van Soest, Paul Gertler, Nabanita Datta Gupta, Niels Skipper, David
Harding, Emmanuel Saez, Hilary Hoynes and Bhashkar Mazumder for useful comments. This paper has
also benefitted from comments by participants at the 2019 1st Workshop on Health and Inequality at
Copenhagen Business School; participants at the 2019 CEPRA/NBER Workshop on Ageing and Health in
Lugano; participants at the 2019 Annual Conference of the European Society for Population Economics
in Bath; participants at the 2019 Annual Conference of the American Society of Health Economists in
Washington DC.
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2 CHAPTER 1. INTERGENERATIONAL HEALTH MOBILITY

1 Introduction

Inequality, and whether it is perpetuated in the family, is at the forefront of public

and academic discourse. Most would agree that society should aim for a situation in

which individuals’ prospects in life are not heavily, if at all, constrained by their family

background. In other words, policy makers should pursue equality of opportunity.

In this paper I estimate to what extent health is passed down through generations

and reproduced within the family in a Danish context. Exploiting rich register data I

construct an intergenerational sample that enables me to identify not only parent-

child links but also siblings and twins.

Economists have shown a long standing interest in the transmission of status

across generations. Research on intergenerational mobility in traditional outcomes

such as income or earnings (Solon (1992); Zimmerman (1992); Jantti et al. (2006);

Björklund and Jäntti (2012); Chetty et al. (2014); Landersø and Heckman (2017),

and wealth (Boserup et al. (2016)) has received a lot of attention. Sociologists have

been more concerned with transmission of class and occupation status (Erikson and

Goldthorpe (1992); Torche (2015)). However, health, a key ingredient in human exis-

tence remains severely understudied. This is unfortunate for several reasons. In itself,

health is arguably central to human well-being: Grossman (1972) develop a model

in which health enters the utility function directly as something individuals derive

pleasure from. Jones and Klenow (2016) find that mortality is the most important

predictor of welfare across countries and time and the World Happiness Report of

2016 concludes that healthy life expectancy is as important as GDP per income in

predicting happiness levels across countries (Helliwell et al. (2016)). Moreover, health

impacts how individuals fare on the labour market. Health shocks induce retirement

(McClellan (1998); Dwyer and Mitchell (1999); Datta Gupta et al. (2015)) and lead to

unemployment and lower income (García-Gómez et al. (2013)). Thus, knowing to

what extent children inherit the health status of their parents should be important

for policy makers and for normative discussions of fairness. Substituting earnings

or income with health as the primary outcome presents an interesting case, over

and above the arguments about its importance to human welfare: it is an area where

inequality differences in mortality seems to be lower, if at all present, between Scan-

dinavian countries and the US (Avendano and Galama (2011)). Extrapolating from

the case of income we may then suspect that equality of opportunity with respect to

health status is similar. If this is the case, we may conclude that most of health trans-

mission is purely genetic, or that institutions either are ineffective or not significantly

different in fostering mobility. Similarly, if mobility is indeed higher in countries with
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universal health insurance it may be seen as indirect evidence that such policies

succeed in lowering the importance of the birth lottery relative to countries with a

higher fraction of employer based private health insurance. Other societal conditions

less explicitly related to health such as income inequality may also play an important

role for transmission of health (Marmot et al. (1991)).

Increased public and academic interest in mobility and inequality should be

seen in the light of growing inequality in OECD countries. Lack of mobility simply

becomes more consequential in absolute terms when inequality is high. While most

economies have been growing prior to the financial crisis, the lower part of the income

distribution has experienced very low levels of real income growth (OECD (2011)).

The OECD goes further to note that "Rising income inequality creates economic,

social and political challenges. It can stifle upward social mobility, making it harder

for talented and hard-working people to get the rewards they deserve." ((OECD, 2011,

p. 40)). Inequality in health, at least when measured as disparity in life expectancy,

is also on the rise. In the US, gains in life expectancy in the period 1980-2010 is

concentrated almost exclusively among the upper three quintiles of the income

distribution (Schanzenbach et al. (2016)). In Denmark in the same period, longevity

growth is also concentrated on the best educated and the most affluent (Baadsgaard

and Brønnum-Hansen (2011)).

Expanding the focus of intergenerational mobility from traditional labour mar-

ket outcomes to health outcomes is challenging for several reasons. First and fore-

most, it is less obvious how to measure health compared to income1. The literature

analysing parent-child health links has seen different approaches, where examples

include body mass index (Dolton and Xiao (2017)), birth weight (Currie and Moretti

(2007)), longevity (Parman et al. (2010)), mortality-weighted hospitalisation visits

(Björkegren et al. (2019)), principal components from self-reported ailments (Hal-

liday and Mazumder (2017)) and time-averages of self-reported health (Halliday

et al. (2018); Graeber (2018)). It should be kept in mind that the medical literature

also contains a vast body of studies, often studying specific health outcomes, and

often focusing on disentangling genetic from environmental influences. For example,

Sørensen et al. (1988) and Petersen et al. (2005) study the transmission of premature

mortality of a sample of Danish adoptees adopted between 1924-19472. Such studies

1As noted in Currie and Madrian (1999): "The concept of “health” is similar to the concept of “ability”
in that while everyone has some idea of what is meant by the term, it is remarkably difficult to measure."
While health is difficult to measure it does not imply that income is trivial to measure. The choice of income
measure can in itself affect results: Landersø and Heckman (2017) show how cross-country comparisons
in mobility are sensitive to e.g., whether pre-tax or post tax income is used.

2They find moderate associations of premature mortality between adoptees and biological parents,
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should be distinguished from studies explicitly cast as mobility studies of overall

health transmission3. The latter type is inspired by, and adhere to the methods in,

the economic mobility literature, which involves e.g., testing attenuation bias, ob-

taining continuous outcomes over long windows of adulthood, mimicking earnings

or income outcomes. For example, this involves condensing several available health

information indicators into a one-dimensional measure, ideally being continuous

and one-dimensional, attempting to establish health as a domain to investigate on

par with e.g., wealth or income. This paper falls in the latter category and to the best

of my knowledge the only other papers meaningfully belonging in this classification

are Halliday et al. (2018) and Graeber (2018), and to some extent Björkegren et al.

(2019), who also report rank-rank slopes and attempt to extract a more general health

measure than simple (premature) mortality.

My contribution to this literature lies in (i) a health measure based on rich ad-

ministrative data (ii) going beyond simple parent-child associations and quantifying

equality of opportunity by sibling and twin correlations. I measure health by taking

the first principal component of a battery of objective health utilisation measures re-

lating to hospital and doctor visits. This measure, as all of the above, has its strengths

and weaknesses. I argue that it is reasonable to rely on health care utilisation in a

context where access is free and universal and proceed to show that the measure

meaningfully correlates with observables such as mortality and transition to disability

pension. One significant advantage of developing a measure based on register data

compared to, say, self-reported health, is the large sample sizes then being available

for analysis. Moreover, the register data covers an entire population of Danes. Finally,

although measures as self-reported health have been found to predict mortality quite

well, the nature of such health assessments represent an inherent subjectivity which

administrative data on health care utilisation obviously are not prone to4.

Methodologically, I supplement traditional parent-child associations with sibling

correlations and identical twin correlations, for the latter using a method developed

in Nicoletti and Rabe (2013). The rationale for this exercise is promoted in Björklund

and Jäntti (2009, 2012) but rarely used in the literature, namely that sibling correla-

but no or weak correlations in premature mortality. between adoptees and adoptive parents.
3In a slightly different context, Collado et al. (2019) phrases the difference between these two kinds of

studies quite accurately: "[...] our objectives are different. We are primarily interested in the overall extent
to which advantages are transmitted from one generation to the next, less in the nature-nurture debate
at the heart of prior work. We thus do not need to deal with the complicated relation between genes and
environment [...]".

4The opposing view, that what matters is how people perceive their health status as opposed to how
it may appear based on ’objective’ criteria, may be argued with similar justification. Ideally, researchers
should implement both approaches and compare results as Halliday et al. (2018) who in fact find similar
results in health mobility for self-reported health and - less subjective - self-reported ailments.
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tions and identical twin correlations constitute plausible lower and upper bounds,

respectively, on the total importance of family background5. Many factors complicate

the implications of mobility estimates for normative fairness considerations. Most

prominently, separating effort and circumstances is notoriously difficult6. Hence,

sizeable sibling correlations may not logically imply lack of equal opportunities al-

though it may be seen as an indication thereof. In this paper I adopt the pragmatic

view that your parents, and more generally your family, are not self-chosen7. On

the contrary, it is a circumstance from the point of view of the offspring generation.

Therefore, sibling and twin correlations are useful ways of indicating how important

the birth lottery is, that is, whether the playing field is somewhat level for the offspring

generation.

I find that health status is dependent on parental health and family background in

Denmark, thus pointing to a lack of equality of opportunity in terms of health status8.

However, the estimated magnitudes suggest that this comparably egalitarian country

with universal health insurance is relatively mobile. I find rank-rank slopes in the

range 0.11-0.15 which is approximately half of what is found for US data (Halliday

et al. (2018), one third less than findings for Germany (Graeber (2018)), and on par

with recent estimates from Sweden (Björkegren et al. (2019)). In contrast to most

studies I supplement parent-child associations as the rank-rank slope with sibling and

twin correlations. I find that the parent-child approach drastically underestimates

the broad importance of family background as only eleven percent of the health

resemblance between sibling can be tracked back to common parental health. I find

sibling correlations in health in the range 0.14-0.20 and identical twin correlations

between 0.34-0.38. Family background seems to play a larger role for men in terms of

5This is possibly due to the heavy data requirements. Absent a twin database this methodology
requires large sample sizes as twins only comprise 1-2 % of the general population.

6For one thing, effort may be a function of circumstances. As Roemer (2009) also notes, whether
people should be held accountable for their outcomes can ultimately hinge on whether one believes in
free will or not. However, the reader may rest assured that the question of free will is beyond the scope of
this paper.

7As James Heckman puts it, picking the wrong parents may be the "biggest market failure of all"
(Reeves (2018)).

8Admittedly, some would disagree with the logical implication from "positive intergenerational corre-
lations and sibling correlations" to "lack of equality of opportunity" that I adopt here. Jencks and Tach
(2006) is particularly critical of the mapping from equality of opportunity to intergenerational correlations
(and sibling correlations, I assume). Again, the crucial, yet problematic, distinction between circumstances
and personal choices is invoked to evaluate whether some inequality is "justifiable". A sensible and prag-
matic approach is taken in Miles Corak’s summary of some attempts in the literature to group factors into
whether the individual is in control of them or not: "[they] find that indices of inequality of opportunity
are in fact strongly correlated with indicators of generational mobility, be it in earnings or in education.
It is in this sense that the Great Gatsby Curve can be understood to be signaling—rather than directly
measuring—a negative relationship between inequality and equality of opportunity." (Corak, 2013, p. 6).
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income relative to health while for women the dependence is more similar. Policy

implications and further discussion will be provided at the end of the paper.

The rest of the paper is organized as follows. Section 2 provides some background

on related studies on intergenerational mobility. Section 3 details the econometric

approach used to evaluate how health is reproduced in families. Section 4 describes

the data and measurement of health. Section 5 presents results. Section 6 concludes

and discusses implications. Finally, the Appendix provides various sensitivity checks.

2 Background

In the following, selected results from the literature on intergenerational mobility

are summarized, both health and other outcomes. I emphasize studies that mea-

sure health in adulthood as opposed to e.g., childhood ailments, transmission of

birth weight or the correlations between mother health and caregiver reported child

health9. The vastness of the general literature on social mobility makes it impossi-

ble to provide a comprehensive summary here, but excellent surveys are available

elsewhere (Solon (1999); Black and Devereux (2010); Torche (2015)). The literature

studying traditional labour market outcomes such as income and education can and

should not be viewed as separate from the studies on mobility in health but for clarity

they are summarized separately below.

2.1 Health Outcomes

The literature on the relation between health outcomes and family background at

least goes back to the turn of the nineteenth century. Galton (1886) studied heredity

of human height and found that the average height of individuals in the second

generation is given as two thirds of the parents’ deviation from the population average.

From this simple starting point recent research has diverged considerably in terms of

methodology and how to quantify health.

The studies most comparable to mine are Graeber (2018) and Halliday et al. (2018),

who are explicit mobility studies and addresses measurement issues as lifecycle bias

and attenuation bias. Björkegren et al. (2019) is focused on quantifying the relative

importance of pre-birth and post-birth factors in health, and the resemblance to

9For example, Halliday and Mazumder (2017) study sibling correlations among children aged 0-18
in caregiver reported health and diagnoses. Coneus and Spiess (2012) investigate the relation between
self-reported health of the mother and the health of her offspring aged 0-3. In terms of understanding the
origin of health inequalities and the strength at different points of the lifecycle, such studies are highly
interesting, but due to the very different ages of measurement less meaningful to benchmark my estimates
to.
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my study is the Scandinavian setting, the health measure, and overlap of reported

statistics such as the rank-rank slope. Using Swedish register data Björkegren et al.

(2019) utilise two health measures, one based on hospitalisations (somewhat similar

to the measure used in this paper), and one health measure where hospitalisations are

weighted based on the five-year mortality rate associated with the specific diagnoses.

For the two health indices they find rank-rank slopes in the range 0.13-0.15. Graeber

(2018) extracts a continuous one-dimensional health measure based on self-reported

health measures from the German Socio-Economic Panel and obtains rank-rank

slopes in the range 0.20-0.22. Halliday et al. (2018) also proxy health by self-reported

health and, in a robustness check, by quasi-objective health measures. They find

rank-rank slopes in the range 0.21-0.29 where the strongest link is found between

mother and daughter. Interestingly, these results are very robust to measuring health

by a simple index of self-reported adverse conditions and obesity (see their Appendix

B). None of the above mentioned studies report sibling correlations, thus potentially

only analysing the "tip of the iceberg" with the sole focus on parent-child associations

(Björklund and Jäntti (2012)).

On US twin data Kessler et al. (2004) find monozygotic twin correlations in health

perception of 0.26-0.38 and 0.20-0.38 in self-rated physical health, in both instances

female twin pairs correlating more than males. The corresponding figures for non-

twin sibling are lower, at 0.11-0.15 and 0.10-0.38, respectively. However, a weakness of

the study is the failure to average outcomes over several years and the low response

rate of the twin part of the survey (MIDUS). Bügelmayer and Schnitzlein (2018) find

sibling correlations in physical health of 0.23 using the German Socio-Economic

Panel (SOEP) and Roos et al. (2014) report comparable magnitudes of 0.26-0.32 when

proxying health by hospital and physician costs in a Canadian context. Both these

studies, however, are based on individuals in their youth or adolescence10.

Many other studies analyse transmission of anthropometric outcomes such as

height (as Galton), weight and body mass index. For Sweden, Björklund and Jäntti

(2012) find a brother correlation of adult height of 0.53 which is virtually identi-

cal to what Mazumder (2008) reports for the US. For body mass index and weight,

Mazumder (2008) estimates sibling correlations around 0.27-0.33, not too differ-

ent from 0.35 for body mass index found for German adolescents (Bügelmayer and

Schnitzlein (2018)). Also, when gauging mobility in body mass index by parent-child

10In the current paper, sibling correlations are computed based on outcomes in the age interval 36-50.
It is not clear which correlation ceteris paribus one would expect to be highest. On the one hand, sibling
correlations should be higher if individuals live together, and thus share an environment and influence
each other. On the other hand, the correlation may be higher later in life when (health) outcomes to a
larger extent are realised.
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associations, Dolton and Xiao (2017) find a striking resemblance across six very dif-

ferent countries11, all of them displaying intergenerational elasticities of around 0.20.

The advantage of these anthropometric measures is that they are readily available

in many data sets and probably prone to only negligible measurement error. The

downside is that it is less clear whether they should be thought of as "health" variables

or, say, as risk factors. Also, while the outcomes are continuous it can complicate

interpretation that they are not monotone, i.e., it may be considered unhealthy to be

obese as well as being underweight.

Finally, some papers study how longevity depends on family background. Parman

et al. (2010), using death certificates from North Carolina, finds an elasticity of 0.21-

0.28 between parent and child life span. Piraino et al. (2014) assemble a fascinating

data set with longevity of four generations of settlers in South Africa’s Cape Colony,

allowing them to investigate parent-child associations and sibling, cousin and sec-

ond cousin correlations. They find relatively low sibling correlations of 0.08-0.15

depending on specification. This contrasts with a parent-child elasticity of 0.05-0.1,

showing that parental longevity explains a very small fraction of the overall sibling

longevity resemblance12. Another relevant study of reference, both by virtue of its

Danish sample and its focus on identical twins, is Herskind et al. (1996) who find

identical twin correlations in longevity of 0.18-0.33 and fraternal twin correlations of

0.02-0.08. These estimates should, however, also be seen in the light of low sample

sizes and precision. While longevity is obviously appealing as an intuitive metric of

health, it involves the downside of yielding very retrospective insights if one wants to

analyse two consecutive generations with fully resolved life spans. For instance, all of

the above mentioned studies sample individuals born before 1900, which may be an

interesting study population in its own right but not necessarily representative for

the experience of a contemporary population.

At this point, only few conclusions can be drawn from the literature on repro-

duction of health in families. In that sense, the literature is not as evolved as the

corresponding literature on income or educational mobility. The health literature is

simply too sparse and scattered in terms of geographical area of study, time period,

health measurement and empirical methodology. For example, while the income

literature is relatively unified in the conclusion that Nordic countries exhibit higher

mobility than, say, Canada, which again is more mobile than the US, no such conclu-

11Countries are sampled to be at very different stages of economic development: China, Indonesia,
England, Spain, Mexico and the US.

12A more elaborate unfolding of this argument can be found in the Methodology section of this paper,
specifically see equation 2.4.
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sion can, at this point, be drawn with health as the outcome domain. However, at least

three conclusions stand out as somewhat robust. First, the estimated magnitudes of

mobility coefficients differ widely depending on health measure (for example, height

versus longevity). Second, the health of females depend more on family background

than that of males. Third, the bulk of the estimates suggest that health as a domain

exhibits higher mobility than more often studied labour market outcomes13. This

paper contributes to the literature by bringing a relatively novel methodology to high-

quality health to an institutional setting different from places as Germany, Canada

and the US.

2.2 Income and Education

2.2.1 Income

The literature on intergenerational mobility in income and earnings has taken big

steps forward over the past decades. Work by Solon (1992) and Zimmerman (1992)

showed that using single-year measurements of earnings led to a downward bias

in the estimated intergenerational elasticities, hence overstating mobility. For the

US Solon (1992) reported an intergenerational elasticity of 0.41, considerably higher

than the conclusion of Becker and Tomes that "The point estimates for most of the

studies indicate that a 10% increase in father’s earnings (or income) raises son’s earn-

ings by less than 2%." (Becker and Tomes (1986)). A decade after, as two-generation

datasets became longer and it became even more apparent that intergenerational

persistence turned out to be higher than initially believed and that mobility actually

significantly differed between countries14 (Corak (2004)). Jantti et al. (2006) find, in

13At first sight this may seem counter-intuitive as many probably conjecture that health is somehow
very "genetically determined" as opposed to income or education which has more often been the explicit
focus of equality of opportunity enhancing policies. Halliday et al. (2018), finding that the transmission of
health is substantially weaker than the income transmission, speculate that policies and institutions may
be much more effective at breaking intergenerational health linkages, through for example provision of
clean air and water and adequate nutrition. In contrast, income persistence is still relatively high, possibly
due to increasing returns to schooling.

14In Piketty (2000) it was noted that: "Overall, the relative consensus at the end of the twentieth century
seems to be that commonality and inertia are the main characteristics of intergenerational mobility:
mobility rates just do not seem to vary very much [between countries] [...] it is by no means impossible
that, as better data sets become available and more detailed comparative studies develop, we become able
to identify interesting cross-country variations". Having nearly twenty years more of evidence it is now
clear that better data and methods have demonstrated that persistence in various status measures are
higher than believed thirty years ago, and that there exist significant differences between countries (for
one illustration of this, see Figure 2 in Corak (2012). This curve, showing negative correlation between
inequality and intergenerational mobility, is known as ’The Great Gatsby Curve’.). Almost universally, it is
found that of the OECD countries, the US exhibit the highest level of persistence in status, followed by the
UK and many continental European countries, while Scandinavia and Canada enjoy the highest levels of
mobility.
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terms of intergenerational correlations based on six selected countries, that earnings

mobility is higher in the Nordic countries than in the US (0.09 versus 0.36), with the

UK in between (0.20). A similar picture emerges when measuring mobility by brother

correlations in long-run earnings, where this correlation is in the range 0.14-0.26 for

the Nordic countries and 0.40 in the US (Björklund et al. (2002)). In general, as will

be repeated throughout this paper, sibling, and specifically also twin correlations,

often provide a fuller picture of equality of opportunity than simple parent-child

associations. For example, Björklund and Jäntti (2012), contrasting sibling and twin

correlations with parent-child associations, find that family background explains

between 20 (16) and 77 (40) percent of the variation in earnings for Swedish broth-

ers (sisters), and that no more than ten percent of this sibling resemblance can be

explained by parental earnings.

Landersø and Heckman (2017) nuanced the discussion on cross-country com-

parisons, and intergenerational mobility in general, by pointing out that conclusions

may be very sensitive to the income measure used. In particular, Denmark and the

US exhibit more similar mobility levels before government transfers are taken into

account, hence the seemingly higher mobility levels in Scandinavia are primarily

achieved through income redistribution policies15. However, it remains an open ques-

tion which income measure best captures what researchers are actually interested in

measuring, regardless of whether the focus is a cross-country comparison or not.

Mobility variation within countries have also been demonstrated. Chetty et al.

(2014) used 40 million observations of federal tax records to show that the level of mo-

bility within the US varies extensively: some local US areas are as mobile as Denmark

and Canada, while others are less mobile than any developed country for which data

are available. Specifically, when restricting attention to the largest commuting zones

in the US, the authors find a range of rank-rank slopes from 0.23 (Los Angeles, Cali-

fornia) to 0.43 (Cincinatti, Ohio). Another effect of this paper was the popularization

of the rank-rank measure. In this paper I supplement intergenerational correlations

with results on (health) rank measures as it eases comparison with other domains

such as income and earnings. As for the attention given to the subject of inequal-

ity and status perpetuation the year of 2014 also saw publication of The Capital by

Thomas Piketty, where it is set out how contemporary society, due to the slow output

growth relative to the return on capital, are headed for a situation with increasing

15The authors emphasize different mechanisms explaining these similar pre-transfer mobility levels,
one of them being remarkably similar educational mobility, which however has been challenged (Andrade
and Thomsen (2018))



2. BACKGROUND 11

inequality and decreasing mobility16.

2.2.2 Education

The literature on educational mobility faces different challenges than than studies of

income or health mobility. In terms of life cycle issues schooling is more straightfor-

ward to handle as people tend to have completed education by their late twenties.

On the other hand, as pointed out by Black and Devereux (2010) it is not entirely

clear whether education meaningfully can be seen as a continuous variable (e.g.,

years of education) or whether the discrete nature should be respected (e.g., high

school graduation versus college degree). Conceptually, education is closely linked to

outcomes such as health and income. Economists have emphasized human capital

as a key driver of reproduction of (economic) inequality through generations (e.g.,

Becker and Tomes (1986)), and within health economics education plays a prominent

role in the Grossman model (Grossman (1972)) in that higher educated agents more

efficiently transform health inputs into health capital.

In terms of cross-country analyses the study of Hertz et al. (2007) probably repre-

sent the most comprehensive comparison of transmission of educational inequality.

To the extent possible, they use comparable sample and variable definitions and

found the highest intergenerational correlations in years of education of 0.60 in South

America, 0.46 in the US, 0.40 in Western Europe and 0.30-0.40 in the Nordic countries.

Once again, sibling correlations turn out to capture far more intergenerational trans-

mission than parent-child associations. Björklund and Jäntti (2012), using Swedish

data, that parental schooling only accounts for a third of the sibling resemblance in

schooling. Sibling correlations in years of education are around 0.4, identical twin

correlations around 0.75. Using Danish data, Bredtmann and Smith (2018) finds the

same magnitude in years of education but when breaking the education variable up

in different categories it seems that the correlation in obtaining a tertiary degree is

higher than the sibling correlation in acquiring upper secondary education.

In conclusion, across every outcome, geographic area and time period considered

there seems to be strong evidence that outcomes are linked to the family background

of the individual. Here, "outcomes" are to be understood in a broad sense, including

various measures of income, education or health. Magnitudes often differ both by

country and across domains in the sense that educational attainment seems to be

16If someone on New Year’s Eve of 2013 had predicted that a 700 page book by a professor in Economics
would top the Amazon bestseller list next year this person might have been ridiculed. Perhaps a more
credible prediction would have been that such a book would top the list over the most abandoned books
on the Kindle, which (also) turned out to be the case (Wall Street Journal (2014))
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the domain with the strongest transmission, followed by income, and then health

outcomes. While these figures are useful benchmarks, and while it is instructive to

design variables that are readily comparable across domains, it does not indicate

a hierarchy of importance. For example, the above ranking does not indicate that

intergenerational health mobility is somehow less pressing for policy makers to

address. In terms of human welfare, it may potentially be more detrimental to "fall

behind" in some domains than others.

Another issue is the interplay of the variables considered above. In reality, the

mobility in any outcome is likely a function of the transmission of many other out-

comes in ways that are extraordinarily complex to disentangle. In the descriptive

part of the literature, which this paper and most of the cited references fall into, it is

often a matter of convention which variable is presented as the outcome of interest

and which outcomes are hypothesized to be plausible ’mechanisms’. One of the aims

of this paper is simply to acknowledge the difficulty in separating out the intricate

causal patterns but instead provide descriptive findings on health mobility as an

outcome that is interesting in its own right.

3 Methodology

This section falls into two parts. The first part is concerned with traditional parent-

child regression models while the second part deals with sibling correlations in the

offspring generation. The subsections reflect the various methods that will be used to

measure transmission of health status. Later it will be argued that sibling correlations

are a much broader and richer way of measurement than the traditional parent-child

associations that constitute the first subsection. However, parent-child associations

are included because they are necessary to demonstrate the above point empirically

and they represent a natural benchmark to related literature.

3.1 Parent-Child Associations: The Workhorse model of

intergenerational mobility

The point of departure of most of the literature on intergenerational mobility is

a simple linear regression model relating outcomes of consecutive generations as

follows.

YC =α+βYP +δX+ε, (1.1)
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where Yc and Yp denotes status of the child and the parent, respectively. ’Status’

is to be understood broadly and may encompass absolute or relative measures of

income status, education status, health status and so on. The most frequent imple-

mentation of the above is probably the case where both Y -variables are log of income

or earnings. The model then answers what percentage child income is expected to

increase if parent income increases by one percent. This statistic is referred to as the

intergenerational elasticity.

X is a vector of variables and may contain potential mechanisms such as edu-

cation and cognitive ability. ε is the error term and thus represents all unobserved

factors affecting child status. Interpretation of this term depends on the content of

X. It will in most applications contain factors such as genetic endowment and ran-

dom shocks. β is the parameter of interest and shows the strength of the association

between parent and child outcomes. If positive and numerically large, mobility is

low. If close to zero, intergenerational mobility is high; that is, child status is not

particularly dependent on parent status. In the current context, X will be empty

as investigating mechanisms is beyond the scope of this paper. Also, all outcome

variables are residualised on cohort effects before estimation.

A natural companion statistic to the intergenerational elasticity is the intergen-

erational correlation. Simple algebra performed on the expression for β gives the

intergenerational correlation, γ, as

γ= σP

σC
β, (1.2)

where notation follows equation (2.1) and σC and σP are the associated standard de-

viations of child and parent distributions, respectively. It is seen that the two mobility

statistics are identical only when σC =σP , i.e., when child and parent outcomes are

equally dispersed. In the modal outcome variable in the literature, income, this will

often lead to elasticities being higher than correlations because the outcomes of the

child generation are more dispersed (that is, σC >σP ). Thus, γ can be thought of as a

statistic that accounts for the fact that inequality may differ between generations. A

third statistic, the rank-rank slope, has gained prominence in the literature recently

(e.g., Chetty et al. (2014); Halliday et al. (2018)). Mathematically, the rank-rank slope

is the Spearman correlation coefficient between YC and YP . This will be referred to

as βR . This measure solely uses information on the relative position between indi-

viduals; hence, it makes no assumptions about the distribution of the data apart

from monotonicity. It has also been found to be more robust to measurement issues

such as life-cycle bias (discussed in the Appendix) and inclusion of zero incomes
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(Mazumder (2015)). Another appealing feature of the rank-rank slope in the current

setting is that it readily compares across domains (e.g., comparing rank-rank slopes

with rank-rank slopes in health). However, empirically it turns out that for health

rank-rank slopes and intergenerational correlations are virtually identical (see the

Results section). The empirical part of this paper will be principally concerned with

intergenerational correlations and rank-rank slopes as opposed to elasticities or ’raw’

interpretation of β.

For an explicit relative measure as the rank-rank slope it is important to note

that what goes up must come down. In other words, mobility is here a zero-sum

game. In general, it is difficult to decide on what the ’optimal’ level of mobility is17.

However, if a normative goal of society is to increase relative mobility as measured by

the rank-rank slope, then it is clear that upward mobility must, mathematically and

intuitively, be accompanied by increased downward mobility from somewhere in

the distribution, possibly the very top18. Thus, if higher relative mobility is a political

objective, higher downward mobility is necessary. Of course, this may happen while

everybody enjoys better and better health in absolute terms: however, the magnitude

of the link between consecutive generations may at the same time be politically

desirable to weaken.

Whether β, or, by implication, all the above statistics that are related to β, should

be interpreted causally, depends on the research design and which assumptions

the researcher wants to impose. Simply computing the raw associations between

generations obviously does not reveal whether an increase in parent status will affect

child status or whether e.g., immutable genes alone are responsible for the statistical

relationship. The literature on intergenerational associations falls in two categories

in this respect. One part aims at estimating "causal effects" by exploiting plausibly

exogenous shifts in parent status or exploiting sibling or twin fixed effects estimators

(Black and Devereux (2010)). In the current setting of health, one could explore

whether increasing parental health by a certain intervention would lead to increased

offspring health. Another strand of the literature maintains that the more descriptive

mobility estimates are interesting in and of themselves, sometimes combined with

analyses of which background variables attenuate the relationship (e.g., Mazumder

(2008); Halliday et al. (2018). This paper falls in the second category. That is, the

17See e.g., Arneson (2018) for a treatment of the trade-off between equality of opportunity and family
liberty.

18Neil Gilbert, in a column on relative versus absolute mobility, remarks that the current discussion
on upward mobility in the US reminds him of the town of Lake Wobegon, from the comedy A Prairie
Home Companion, where “all the women are strong, all the men good-looking, and all the children above
average.” (The Atlantic 2017).
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analysis here is deliberately descriptive, and going forward it is useful to note that e.g.,

"sibling correlations" and "sibling fixed effects" are distinct methods, where only the

former will be employed here. Similarly, the aim is not to find an instrumental variable

affecting parental health to somehow back out the "causal effect" of parental health

on child health. Such studies are (also) interesting but the ambition of this paper

is simply to describe the extent of transmission and reproduction of health within

families. Conceptually, the two above mentioned strands of previous literature are

quite different. Whereas the latter, descriptive strand estimate only a few parameters,

the former, more causally oriented is virtually unlimited in scope. One could imagine

a multitude of interventions taking place, at different ages in different doses and

forms, answering often locally defined questions in a concise way. The descriptive

part of the literature instead estimates (few) parameters, that are themselves the result

of institutional settings, genetic endowments and infinite feedback loops between an

essentially infinite number of variables.

3.2 Sibling and Twin Correlations: Bounds on the Total Importance of

Family Background

3.2.1 Sibling Correlations

As noted by many researchers the literature on intergenerational mobility may over-

look important components of family background by focusing on a single parental

resource19 (Solon (1999); Mazumder (2008); Björklund and Jäntti (2009); Bredtmann

and Smith (2018)). Ultimately, what is, or, what should, be relevant for gauging equal-

ity of opportunity is whether health status is reproduced according to general family

background, not the correlation of child health with one specific parental variable. In

addition to the parental resource, a sibling correlation takes into account all unob-

served factors that are shared by siblings and that are uncorrelated with the parental

resource. This can be written informally as

Sibling correlation =γ2 +other shared factors (1.3)

that are uncorrelated with the parental variable,

where γ is the intergenerational correlation from equation (2.2). See Solon (1999)

for a derivation. The above equation shows how much of the importance of family

background that potentially is missed by only estimating models of the kind in

19i.e., YP .
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equation (2.1). The conceptual framework of the sibling correlation is simple. The

outcome of the child, Y (dropping subscript from equation (2.1) for simplicity), can

be decomposed as

Yi j = ai +bi j , (1.4)

where ai is shared by siblings in a family and bi j is the individual-level deviation

from ai for individual j in family i . These two components are then orthogonal by

construction. Then, the variance of the outcome is given as the sum of the variances

of the two individual components

σ2
Y =σ2

a +σ2
b (1.5)

Thus, the fraction of the variance in the outcome, which is attributable to family

background, is given as

ρ = σ2
a

σ2
a +σ2

b

(1.6)

The sibling correlation, ρ, has the interpretation of being the correlation being

two randomly picked siblings. It is also be referred to as the intraclass correlation. The

numerator holds the between-familiy variation and the denominator holds the sum of

this component and the within-family variation. Intuitively, if the numerator is large

relative to the denominator, that is, if the variation between families is large relative

to the individual variation, it must imply that what happens in the family, is crucial.

In other words, siblings should then resemble each other to a high degree. If ρ is zero,

family background has no bearing on health outcomes of children, while a positive ρ

indicates that siblings to some degree share health outcomes, thus pointing to the

importance of family background. In all the estimations that follow, the variance

components of equation (2.6) are estimated by Restricted Maximum Likelihood

(REML), following Mazumder (2008); Björklund and Jäntti (2012); Bredtmann and

Smith (2018). Similarly in line with most literature, I define siblings as individuals

who share a biological mother and a biological father20. The outcome variables for all

sibling correlations are the ’raw’ outcomes, i.e., predicted health and log of income21.

All standard errors are obtained by bootstrapping with 100 replications.

20This is based on the registers which is of high quality in terms of parent-child linkage. However, in
very few cases, the definition will instead only capture the social father.

21This is most comparable to other literature on sibling correlations. However, for future research it
would be interesting to contrast rank sibling correlations with sibling correlations in the ’raw’ variables.
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While the sibling correlation arguably is a broader measure of intergenerational

mobility than regressions of the kind in equation (2.1), it is important to note there

are aspects it does not capture. Examples include the fifty percent genes the siblings

do not share, differential treatment by parents, and (other) time-varying factors

in the upbringing. Still, the sibling correlation is a useful way to gauge whether

conventional intergenerational mobility estimates miss important aspects of family

background. The advantage of the sibling correlation is that it reflects everything that

is time constant within the family, observed as well as unobserved factors. Therefore,

variables difficult to measure such as family values, attitudes and preferences, to

the extent that they do not vary over time, are also captured by this broad ’omnibus’

measure22. For example, Solon (1999) notes that only forty percent of US sibling

correlations in long-run earnings can be explained by parental earnings. Björklund

and Jäntti (2012) find that the importance of background is even more severely

underestimated in a Swedish setting for a wide range of measures, including earnings,

height and IQ, when estimating equations of the form in equation (2.1) compared to

estimating sibling correlations.

For the case of health, there may be additional historic reasons for why parent-

child associations are inadequate. The case of smoking presents an interesting exam-

ple of a “cross-over” of prevalence among different groups in society. It was a symbol

of wealth and status in the first half of the 20th century, eventually also taken up by

the middle and lower classes. After growing public awareness of its harmful effects

in the 1960s the SES patterns of this practise reversed, with the low-SES groups now

consuming more tobacco (Pampel (2007); US Department of Health and Human

Services (2014)). Hence, among young adults in the 1950s and early 1960s, high-SES

individuals would probably smoke more than their low-SES counterparts, but their

offspring would smoke less than the children of the low SES-group. The high-SES

group of parents would in all likelihood still be in overall better health than the (less

tobacco consuming) low-SES group, but this cross-over of preferences would tend to

attenuate the correlation between parent and offspring health. In contrast, sibling

correlations offers a way of quantifying the importance of family background by

exclusively focusing on individuals growing up at approximately the same point in

time. Note that the offspring generation in the present analysis consist of individuals

born 1960-1963. Sibling correlations capture the fact that the high-SES (low-SES)

siblings of this generation, statistically speaking, grew up in an environment where

smoking eventually became relatively less (more) predominant. The results section

22Whereas parent-child associations capture how far the apple falls from the tree, sibling correlations
measure how far the apples fall from each other.
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will reveal that in the case of health, traditional parent-child associations miss even

more of the sibling resemblance than most outcomes surveyed in Björklund et al.

(2012). To what extent this is due to “cross-overs” in health behaviour in the second

half of the twentieth century is an interesting question in its own right.

3.2.2 Identical Twin Correlations

As described above, the sibling correlation can be interpreted as a lower bound on the

total importance of family background. Björklund and Salvanes (2011) make the point

that identical twin correlations can be seen as a corresponding upper bound. On top

of what non-twin siblings share, identical twins fully share genetic endowment and

shocks to the family23. Plausibly, they also interact more extensively than the general

population, potentially further increasing the correlation between them. One the one

hand, this can be seen as "excessive" interaction that is misleading to generalize to the

general population but on the other hand it may lead to greater trust in the identical

twin correlation being a genuine upper bound. The upper bound argument relies

on assumptions that are unlikely to be completely accurate in practice. For example,

even monozygotic twins may differ in birth weight and birth length (see for example

Table 1 of Yokoyama et al. (2016) where an average significant difference of 30 grams

is found). This may pose a problem given that e.g., birth weight predicts long-run

health and labour market outcomes (Bharadwaj et al. (2018)). Also, parents may

deliberately treat twins differently to set them apart (Tourrette et al. (1989)). However,

it is unclear whether such parenting practice should be so pronounced as to lead

to significantly different health outcomes in the long run. Ultimately, some of these

assumptions are untestable. However, I find that results for non-twin siblings are

unchanged whether controlling for birth order or not. Hence, in this situation of even

larger average birth weight differences, neither sibling correlations nor parent-child

associations are affected.

For estimation of the identical twin correlations I employ a technique from Nico-

letti and Rabe (2013) and Björklund and Jäntti (2012). The method is a way to identify

identical twin correlations in situations where the data do not have information on

zygosity as is the case here. This method is described in detail in the above references,

so an explicit presentation will not be given here24. The key insight of the method is

23Regarding genetics, even identical twins have different epigenetic profiles at age five (Mill et al. (2006).
However, the bounding argument made here will for practical purposes disregard such epigenetic drift.

24Specifically, the reader is referred to Appendix A of Björklund and Jäntti (2012).
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that twins of different sexes necessarily must be dizygotic25. If one then assumes that,

for both genders, the difference between same-sex dizygotic twins and mixed-sex

dizygotic twins is identical to the difference between same sex non-twin siblings and

mixed-sex non-twin siblings the correlation between monozygotic twins is identified.

Thus, the identifying assumption allows different levels of variances across different

genders and sibling types but restricts the differences between same-sex and different

sexes to be the same in the group of non-twin siblings and the group of DZ-siblings.

4 Data

4.1 Data Sources and Sample Selection

I use Danish register data provided by Statistics Denmark. All Danish registers contain

a unique personal identifier allowing me to link individuals to parents and across

different registers. In addition to standard socio-economic information the data has

information on general practitioner visits and in- and outpatient hospital care. Key

registers used for investigating health outcomes, with starting year in parenthesis,

are the The National Patient Register (1977) and The National Health Insurance

Service Register (1990). The National Patient Register has information on all patients

discharged from nonpsychiatric hospitals since 1977, and for each patient contact a

diagnosis is recorded according to the International Classification of Diseases26. The

National Health Insurance Service Register contains information about the activities

of health professionals contracted with the tax-funded public healthcare system

and thus documents activities in primary health care27. For outcomes with respect

to income I draw on the Income Statistics Register (1980), and the Cause of Death

Register (1986) is used for restricting the sample in terms of longevity.

For constructing a health measure the aim is to obtain health information on

two consecutive generations, and by implication, information on sibling and twin

links. On the one hand, this speaks for having as early generations as possible as

health information is revealed progressively over the life cycle. Also, to overcome

measurement error (attenuation bias) it is likely misleading to include only, say, one

year of health measurement28. On the other hand it is not desirable to include too

early cohorts as they to a large extent will be deceased before they enter the health

25As opposed to being confronted with same-sex twins where only around half will be identical twins.
26For information about this data source, see Schmidt et al. (2015).
27For more on this registry see Sahl Andersen et al. (2011).
28In the income literature it is suggested to use at least 9 years of measurement to overcome this bias

(Mazumder (2005)). For health, many studies fail to consider these issues. One exception is Halliday et al.
(2018) who find that estimates tend to flatten after 10 years of included health measurements.
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registers. Further, the experience of individuals of very early cohorts may not be

representative of the current day environment.

The Danish registers help balance these requirement as they imply some con-

crete restrictions. Linkage percentages to parents rapidly decline moving down birth

cohorts in the 1950s. And currently, parents (and children) need to be alive in 1986

for the analyst to observe the link. Moreover, my subset of the data ends in 1963 (i.e.,

with birth cohort 1963). In the main specification I select children born between

1960-1963 with parents born 1930-1940 to balance these requirements. With regards

to health measurement the oldest birth cohort, 1930, is 60 years old when they start

being observed in the National Health Insurance Service Register. With respect to

income the sample selection implies that some cohorts are relatively old before a

multi-year average of income can be observed. The oldest cohort, 1930, will have

income measured in 1980, thus in the first year of measurement they are 50, which

is past the prime age of proxying lifetime income (Mazumder (2015)). If anything,

I then underestimate mobility in income due to measurement error in the inde-

pendent variable. However, I can compare my income mobility findings to others

who have investigated this using Danish data (e.g., Landersø and Heckman (2017)).

The income measure employed is total income before deductions and taxes. The

cohort selection and utilisation of data sources is illustrated in Figure 1.1, which is

scaled to show the years 1918-2018, where the text above the line denotes the cohort

selection and the text below the line denotes the data sources used. For health, I

measure parental health in the age interval 60-70 and child health in age 36-5029.

I proxy lifetime income by averaging over the ages 50-55 for parents and 36-50 for

children. The most illuminating comparison is to the results with the father being the

parent as changing labour market norms imply that the income of women born in the

1930s is a somewhat misleading indicator of their social status. Measuring income

at ages 50-55 is on the high side compared to recommendations in the literature

but reflects that the data were not specifically set up for this analysis. It turns out

that the resulting mobility statistics serve as a useful benchmark nonetheless. The

primary estimation sample is then the subset of children in birth cohorts 1960-1963

whose parents are neither dead nor emigrated by age 70 and where the fathers have

non-missing income information. The children themselves need to be alive by age

29It may seem suboptimal to measure outcomes at different points in the life cycle. However, results
turn out to be insensitive to both particular cohort and age restrictions. Furthermore, one may question
whether cross-country comparability is invalidated by differential survival patterns across countries. For
example, Halliday et al. (2018) also restrict parental survival till 70 in some specifications. However, at
least for Denmark compared to the US, survival patterns appear to be on par. For example, in 2010 the
Danish (US) survival rate for males at age 70 was 76 (73) percent, and the 2010 Danish (US) survival rate
for females at age 70 was 85 (83) percent (Statistics Denmark (2019); United States Social Security (2019)).
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50 and have non-missing income information. In total, this leaves 36,178 sons from

32,674 families and 35,282 daughters from 31,983 families. Thus, the total sample

size of individuals in the main sample is 71,460. The main sample contains 444 male

twins, 446 female twins and 430 mixed sex twins.

4.2 Health Measure and Descriptive Statistics

As alluded to earlier the literature offers many examples of how to measure health.

Approaches include BMI, longevity and self-reported health. The aim here is to extract

a measure of health that is approximately continuous lending itself to comparison

with other (percentile) rank-based measures30. Hence, mortality as an outcome

measure is ruled out at the outset as not even the parent generation will provide

fully uncensored outcomes (see Figure 1.1). In the following I construct a health

measure by taking the first principal component of a battery of indicator variables

from health utilisation measures of hospital and general practitioner visits (the latter

also referred to as "doctor visits"). On the face of it this may be seen as a conflation

of two distinct concepts, namely health and health care. Those concepts are indeed

distinguished between in the Grossman model (Grossman (1972)), where individuals

demand health care as a means to "producing" health which is treated as a durable

capital good. Also, there is no denying that individuals may seek different levels of

care given the same levels of underlying "true" health status.

However, the claim I make here is simple: When health care is essentially free,

which it is in a Danish context, individuals largely seek care when they need it. Al-

though there are hassle costs associated with seeking health care the most significant

impediment to care, monetary costs and lack of insurance, is virtually nonexisting in

the current setting of universal health insurance31. Of course, this approach would

be very questionable in a setting where it is common to experience financial barriers

to vital health care. For example, Figure 1 in Devaux and De Looper (2012) shows

how number of doctor consultations in the US correlates positively with income,

where the opposite is the case for Denmark. Doorslaer et al. (2004) shows that when

controlling for health needs, there is no income-related inequity in Denmark for GP

visits and the probability of seeing a medical specialist, but income-related inequity

remains in the number of specialist visits. This finding may indicate broad problems

30For example, the rank-rank correlation as popularized in Chetty et al. (2014).
31Also, the health personnel has to deem them in need of care for a large part of the health care variables

I employ. In general, an individual can visit her physician almost infinitely often but most hospital services
will require some kind of referral. That is, the general practictioner acts as a gate keeper in the Danish
health care system.
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in the sense that different segments of the population utilise health care differently,

conditional on health needs. However, on the other hand, this particular finding

is probably less of a concern here as the hospitalisation indicators enter as binary

variables, not as count variables. Fadlon and Nielsen (2019) find that individuals

increase health care consumption (e.g., GP visits) immediately after the occurrence

of a health shock to someone in the family, or a close coworker. Hence, it clear that

the health measure suggested here has its downsides. This is not unlike other health

measures such as mortality where individuals may die for "random" reasons, and

which potentially miss health inequality present while alive. However, the limitations

of the health measure should be kept in mind going forward.

Below it is shown that the extracted health measure meaningfully correlates

with relatively objective health events such as transition to mortality and disability

pension. The health measure consists of both hospital stays and doctor visits, where

the latter may seem the most suspect in terms of also capturing "behaviour", e.g., risk

aversion. However, it turns out that objective health outcomes also exhibit uniform

correlation with health care utilisation when the hospital dimension is left out. In

short: individuals utilising more health care are on average less healthy, whether they

only consume primary health care or whether health care utilisation includes both

primary care and hospital visits. In the Appendix I test how sensitive the results are to

excluding GP visits from the health measure.

The general intuition of the health measure I employ is simple: an individual

is unhealthy the more she visits the doctor, and the more different ailments she is

treated for in hospital. Another approach would be to explicitly anchor the health

measure to mortality as one of the health indices in e.g., Björkegren et al. (2019).

However, given that inequality in healthy life years is generally larger than inequality

in longevity (Wood et al. (2006); Brønnum-Hansen et al. (2017)) it seems plausible

that hospitalisation and doctor visits data capture a broader aspect of health than

mortality.

Equating health care utilisation with health status is not a novel approach in

the literature. It is listed as one of several summary measures of health (Currie and

Madrian, 1999, p. 3314). The staunch critic unpersuaded by the above rationale for

proxying health by health care utilization may instead find it helpful to view this

outcome as interesting in itself. In other words, from a perspective of worldwide

rapidly growing health expenditures it is equally interesting to analyse whether the

tendency to consume health services is passed on from parents to children and

reproduced within the family.

Table 1.1 with descriptive statistics shows the variables going into the health mea-
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sure. The first set of variables are the hospital variables. The categorization of these

diagnoses are made on the basis of a 23-category aggregation of International Clas-

sification of Diseases (ICD) used by Statistics Denmark (Statistics Denmark (2011)).

These variables are all from the National Patient Register. This register contains in-

dividual level inpatient and outpatient hospital contacts and the duration of the

stay. From this information, I construct the set of binary variables in Table 1.1 which

indicates the fraction who have ever been registered with the given ailment (hence,

disregarding information about the duration of the stay). The intuition is simple:

having had hospital visits within many diagnosis categories is associated with worse

health. When looking at the included diagnoses in the Table 1.1 it may seem that

they do not all capture "important" health events. For instance, contacts within the

cardiovascular category are more intuitively related to a concept of bad health than,

say, diagnoses related to eye-sight or infections. Ultimately, I includeded all of the

diagnosis categories apart from sterilisations, poisonings and concussions. I also ex-

cluded the explicitly gender related categories such as pregnancy complications and

gynecological conditions32. Further excluding some categories is arguably problem-

atic. For instance, while impaired eye sight may sometimes be random it can also be

the consequence of diabetes (Shah and Gardner (2017)). Hence, I have refrained from

further selecting certain kinds of diagnoses but have instead opted for a ’catch-all’

approach. It is certainly interesting to distinguish between different kinds of diag-

noses: for genetic reasons alone some are probably to a higher degree transmitted

within the family than others. Furthermore, behaviour and the interaction between

environmental and genetic influences is obviously a monumental research question

in general. However, such an exercise is beyond the scope of this paper as the primary

motivation lies in obtaining a continuous one-dimensional health measure; that is,

a measure that is easily comparable to other outcome variables within the general

literature on intergenerational mobility and equal opportunity. Specifically, the aim

is to measure aggregate health in a meaningful way. Hence, for the purposes of this

paper it is second order nature whether health is a result of "genetics", "behaviour"

or the interaction.

In Table 1.1 it is seen that for most categories women are more often diagnosed rel-

ative to men. Also, unsurprisingly, the parent generation suffers more from a category

like cardiovascular diseases. 29 percent of fathers have been in contact with a hospital

on this account some time during his sixties. The next variables, the five quintile

variables of physician contacts are made based on the National Health Insurance

32Such conditions may reflect health levels as well as fertility decision. Results for women are insensitive
to inclusion of these.
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Service Register. This includes services as home visits and telephone consultations,

but dentist services have been excluded as they are not fully subsidized. Again, the

intuition is that more physician contacts are associated with worse health on average.

The register contains some (incomplete) distinctions between whether a contact is of

’preventive’ nature or not but excluding such visits does not affect results. Moving to

the lower part of Table 1.1 shows the mean number of doctor visits by gender and

and type-specific quintile. Large differences are seen here. For example, fathers in the

lowest quintile on average only have 20 doctor contacts over the course of 10 years,

while this number is 255 for the highest quintile. In general, the medical literature

find that women consume more health services than males (Bertakis et al. (2000);

Redondo-Sendino et al. (2006)). It is therefore unsurprising to see from Table 1.1 that

women have more doctor visits than men. It makes little sense to comprehensively

compare the evolution of ailments and general health care usage across generations.

Secular trends in hospital diagnoses, health and labour markets complicate inter-

pretation of Table 1.1 as telling us something about differences in absolute health.

However, this should pose no problem as my specifications standardize intergenera-

tional associations by either the intergenerational correlation or the rank-rank slope.

In addition, all outcome variables are net of cohort effects. Even if it should be a case

of concern it presents yet another argument for relying on sibling correlations, from

a pure measurement perspective, over conventional approaches regressing parent

status on child status. Siblings are often closely spaced in time compared to parents

and offspring. Hence, secular trends broadly defined will largely be shared by siblings.

All the variables of Table 1.1 form the ingredients in condensing multidimensional

health register information into a one-dimensional health measure via principal com-

ponents33. For rank-rank specifications the individuals are then assigned a percentile

rank within each cohort and gender according to their predicted value of the first

principal component. The ambition is not to construct an elaborate factor model of

a latent phenomenon, but it is rather an exercise in pragmatic dimensionality reduc-

tion. Figure 1.2 shows the scree plots from the estimation procedure by generation

and sex. The plots show the eigenvalues on the y-axis as a function of the included

factors on the x-axis. The four plots are seen to exhibit a similar pattern. According to

two rules of thumb, the Kaiser rule, and the scree test (Brown (2014)), the number of

factors to include should be guided by the number of factors with eigenvalue above 1

and where on the graph the curve seems to be genuinely levelling off34. In the light

of these it seems reasonable to retain only the first component although this does

33’pca’ in Stata 14.
34Loosely referred to as ’the elbow point’.
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not strictly adhere to the first rule of thumb. However, in all four graphs the first

component is seen to, by far, contain the most information, where the added gain

from each additional component is very marginal35. Also, the whole purpose of this

section is to come up with a one-dimensional health measure, which is comparable

to e.g., income measures, so in a sense the scree plots can be seen as confirmatory

rather than exploratory. Figure 1.3 shows the component loadings for the various

types. The interpretation of the component loadings is not straightforward as all

the input variables are binary. However, the loadings can be evaluated according to

their sign and the relative magnitudes. First, it is seen that the loadings are relatively

similar for sons, daughters, fathers and mothers. Also, some ailments tend to have

high loadings, such as cardiovascular diseases and endocrine diseases (e.g., diabetes).

Less salient is the loading of varicose veins. When thinking about health in terms of

lifestyle diseases and behaviour such as lack of exercise and unhealthy diet, these

patterns are meaningful. Unsurprisingly, it is also seen that being in the upper two

fifths of the doctor visits distribution has loadings similar to the hospital ailments

while the loadings on having less than average doctor visits are negative (i.e., signs of

being healthy).

With a health measure in hand for all individuals it can now be tested how this

variable relates to events that arguably signal objective health problems. It would

probably be a source of concern if the measure had no relation to, say, mortality.

For parents I show how the health measure predicts mortality. For children the

health measure is shown to predict uptake of disability pension and mortality. Figure

1.4 shows the 4-year mortality rate for parents across the health distribution split

by parent gender. So, this is the observed mortality for four years after the health

observation window, i.e., it will be the mortality rate in the years where they are

between 70 and 74 years old. As the youngest parent birth cohort is 1940 and the

data ends in 2014 this is the maximum window in which they can be followed. It is

seen that men at the very bottom of the health distribution have a mortality rate of

35 percent, while this figure drops to around 7 percent for men in the very top. For

women, there is the same tendency although, as expected, the absolute rates are

lower. Thus, the measure does indeed seem to capture some health signal, which

is reassuring. Figure 1.5 shows the corresponding graph for the child generation.

Here, the health measure is computed based on the years 36-46 as opposed to 36-50

in the main estimation. This is a necessary implementation as the years 46-50 are

35The first component explains 13-14 percent of the overall variability depending on the type of
individual, with all component loadings being significant at conventional levels (results available upon
request). This explained variability is probably on the low side relative to other applications of this method.
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needed for observing mortality and disability pension outcomes. Figure 1.5 shows

predicted mortality to be a somewhat decreasing function of health rank, although

the picture is less clear than for parents. Also, in particular for males, it seems that

the signal is strongest in the bottom fifth. As mortality rates for these birth cohorts,

1960-1963, are rather low it is a demanding outcome to predict. Figure 1.6 shows the

corresponding figure for children for another outcome, disability pension. This is an

outcome with a higher incidence and also plausibly serves the purpose of validating

the health measure; that is, the health measure gets more credibility if it can be clearly

anchored to health-related "objective" events. Figure 1.6 shows a clear downward

trend in disability rate all the way down the health percentiles. For example, women

in the bottom of the distribution have a 15 percent chance of taking up disability

pension at some point in this four year window, for women at the median it is around

2 percent while it is essentially zero for the most healthy individuals.

Figure 1.7, Figure 1.8 and Figure 1.9 disregard hospital stays and show the relation

between objective health events and quintiles of doctor visits. These figures are

included to demonstrate that while doctor visits may be thought to capture other

aspects than health status (as opposed to hospital stays) it turns out empirically that

the least healthy also display the most doctor visits and vice versa. In Figure 1.7 it is

seen that those fathers with the fewest doctor visits (i.e., those in the first quintile)

have a 4-year mortality rate of 7 percent in contrast to 17 percent for those with the

most visits (i.e., those in quintile five). For mothers, there is the same gradient, albeit

less steep. The figure can be contrasted to Figure 1.4 who showed the relation between

the health rank extracted from principal components, which included hospital visits

and doctor visits. Figure 1.4 qualitatively showed the same gradient, although the

predictive power in relation to mortality was stronger. Hence, utilising doctor visits

and hospital visits in unison gives a more powerful health measure than doctor visits

alone, which however exhibits the same relation to objective health outcomes on its

own, although to a lesser extent. Figure 1.8 shows that for individuals in the offspring

generation, uptake of disability pension correlates positively with quintile of doctor

visits. For sons the probability of transitioning to disability is virtually zero for the

first quintile and nearly five percent for the fifth quintile. In this case, the gradient

is even clearer for women (i.e., daughters). This can be contrasted with Figure 1.6

which showed similar, but stronger relation to disability when the health measure

consisted of both types of health care utilisation. Figure 1.9 shows the relation to child

mortality and quintile of doctor visits and is primarily included for completeness.

As commented upon in relation to Figure 1.5, mortality is demanding to predict for

individuals around age 50 as it has a very low prevalence. Hence, Figure 1.9 shows
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only modest differences in mortality according to utilisation of doctor visits, most of

them statistically insignificant. However, at at the very least, being in the quintile with

the highest tendency to visit the doctor is associated with a markedly higher mortality

(for sons, around 1.5 percent versus less than 1 percent for the other groups).

Table 1.2 shows the explanatory power in terms of R2 of the predicted health

ranks on the main objective health outcomes; mortality for parents and disability

pension for children. It is seen that the R2s lie in the range 0.016-0.043. Given the

figures commented above, it is not surprising that the linear specification provides

worse fit than higher-order polynomials. However, the increase in R2 from a second-

order polynomial to a third order seems very marginal compared to the difference

between a linear specification and a second-order polynomial. It is of course not clear

which R2 values one would consider as ’high’ in this context. The health measure has

deliberately not been anchored to mortality, but instead to morbidity and general

health care utilisation. So, while any plausible health measure probably should cor-

relate somewhat with mortality (and uptake of disability pension) it is not obvious

which goodness-of-fit values would constitute a plausible health measure. R2s in

the range 0.016-0.043 may seem (too) low, but as other studies to the best of my

knowledge never report the predictive power on health outcomes, there is no natural

benchmarks in the literature36.

Overall, as expected, being in the lower health percentiles (i.e., being less healthy)

is associated with markedly increased probability of being deceased, or on disability

pension, over the next four years. The same holds when doing the analysis exclusively

for doctor visits. Thus, it is certainly not the case that the main health measure picks

up health the wrong way due to high-SES types constantly seeking doctor advice, and

generally, investing more in their health this way. At the very least, if this is happening

to some degree it is not driving the results37.

5 Results

This section presents results. The first subsection is concerned with the parent-child

models while the second subsection presents results from the sibling models. All

results are net of cohort fixed effects and results are carried out separately by gender.

I have experimented with specifications also controlling for birth order and the age

difference between offspring and parents but found no substantial differences.

36As the results later in this study show, explanatory power of (parental) health outcomes are also low.
The R2s from the intergenerational health correlations are in the range 0.012-0.023.

37In results not shown I have verified that the relation between objective health outcomes and predicted
health ranks are monotone for all income quintiles, although unsurprisingly being at different levels.
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5.1 Parent-Child Associations

5.1.1 Main Results

Table 1.3 shows parent-child associations in health. Panel A contains the rank-rank

slopes, i.e., the specification where each individual is assigned a percentile rank

from the predicted health from the principal components procedure. Panel B shows

the intergenerational correlations, where individuals are not ranked but where the

estimate is standardized according to equation (2.2). Recall that the sample is based

on individuals born 1960-1963 with identifiable parents from birth cohorts 1930-

1940. Lastly, note that panel A of the tables, qua the rank-rank correlations, are

directly comparable to recent work in the literature, Chetty et al. (2014); Landersø and

Heckman (2017) for income and earnings, and Halliday et al. (2018) and Björkegren

et al. (2019) for health).

Table 1.3 shows that rank-rank slopes for health are in the range 0.11-0.15. Thus,

for an increase in parent health of 10 percentiles, child health is predicted to in-

crease by 1.1-1.5 percentiles depending on the particular combination of parent and

child. It is clear that the strongest transmission seems to be the combinations where

the parent is the mother and in particular between mother and daughter. Panel B

shows very similar estimates so in this case rank-rank slopes and intergenerational

correlations yield identical results. The four combinations exhibit the pattern that

links to the mother are stronger than links to the father, the difference being largest

for daughters. This is consistent with studies considering specific health outcomes.

Goode et al. (2008) find that a history of cardiovascular disease and unhealthy eat-

ing correlates only among mothers and daughters. Loureiro et al. (2010) find that

smoking behaviour is more transmitted in same-sex parent-child links. Also, it is

obvious that e.g, smoking behaviour of fathers cannot have the same intrauterine

effects on the child as smoking by the mothers (Smith (2009)). Moreover, it is still the

case that women perform the most household work, including the preparation of

food (Bond and Sales (2001)). Taken together, these studies imply the partly opposing

tendencies that same-sex child-parent links display stronger transmission and that

the health of the mother matters the most, uniformly across sons and daughters. The

relative strength of these will likely matter across diseases so the results in Table 1.3

can be rationalized by both tendencies operating while the latter dominates when all

health information is aggregated into a common measure, which is essentially the

approach adopted here. That is, the "mother effect" exceeds the "same-sex effect" in

the aggregate. Figure 1.10 shows binned scatter plots of the relation between parent

and child rank. All parent-child configurations exhibit approximate linearity which is
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convenient since only two parameters, the slope from Table 1.3, and the intercept

(not reported here), are necessary to characterize the association between genera-

tions. Figure 1.10 shows that a daughter with a mother in the bottom of the health

distribution, i.e., percentile zero, is expected to end up at around percentile 43 herself.

Had the mother instead been the healthiest in her generation, i.e., percentile 100,

the daughter’s predicted health rank would be around 57. This may seem negligible:

it may seem like the importance of the birth lottery is minor. While this is true in

some sense, Figure 1.11 gets into more detail across the distribution. Figure 1.11 is

a heat map, showing the density of individuals from the child generation present

at each location of the grid. Specifically, it shows the heat map for the father-son

combination38 which was associated with an intergenerational correlation and a

rank-rank slope of around 0.11. Hence, the figure can be thought of as a continuous

transition matrix. If the relation between child and parent health was entirely random

the map would be uniformly coloured. This is obviously not the case: unsurprisingly,

there is a "heated" diagonal. Also, there is increasing density in the south west and

north east corner39. For example, having a father with maximum health rank leads

to a probability of around 0.6 percent of the son having the lowest possible health

rank, which can be contrasted with a probability of the son being maximally healthy

of around 1.4 percent (the thought experiment involves going from the south east

corner to the north east corner of Figure 1.11). Similarly, going from the south west

corner to the north west corner reveals that a child of the most unhealthy father will

have a probability of 1.6 percent of ending up as the most unhealthy child himself,

while the chance of moving to the absolute top is 0.6 percent.

Nevertheless, benchmarking the estimates of Table 1.3 to the vast literature on

intergenerational mobility paints a picture of comparably high mobility. Thus, the

health status of parents is a relatively weak predictor of own health status. The most

obvious comparison to a different institutional setting than the Danish is Halliday

et al. (2018) who, for the US, use the Panel Study of Income Dynamics (PSID) to

compute rank-rank estimates similar to those of Table 1.3. Whether they measure

health by self-reported health or by self-reported number of diagnoses, the slopes

are located approximately in the range 0.21-0.29, with the link between mothers and

38For brevity, a heat map is only showed for this particular combination of parent and child. The
primary purpose of the heat maps is to show how health seems to have a more uniform transmission
across the distribution than income. All heat maps for health looked qualitatively similar.

39It is tempting to think of behavioural theories of how the transmission of status then must be higher
in the tails of the distribution than in the middle. While this may be the case, the pattern of Figure 1.11
likely also reflects a mechanical effect: there is simply less "space" to move around for the children with
parents located in the tails. When moving to income below a more compelling argument of differing
transmission across the distribution can be made.



30 CHAPTER 1. INTERGENERATIONAL HEALTH MOBILITY

daughters similarly being the strongest. Abstracting from possible problems of the

estimates being incommensurable due to differences in methods and samples this

would suggest that intergenerational health mobility in Denmark is twice of that of

the US. This stands in contrast to the conclusion drawn from using birth weight as a

health measure. In this case the elasticity in birth weight is estimated to be almost

similar40 (0.18 in Denmark and 0.20 in US (compare Table 3 in Currie and Moretti

(2007) with Table 2 in Kreiner and Sievertsen (2018)).

Comparing to an institutional setting quite similar to the Danish, it is interesting

to note that Björkegren et al. (2019) for Sweden find rank-rank slopes in the range 0.11-

0.13, virtually similar to my finding of a range of 0.11-0.15. Although the sample and

health measurements are moderately different, it is not surprising if mobility levels in

Denmark and Sweden are similar, partly because they are relatively similar on other

metrics of mobility (see Hertz et al. (2007) for educational mobility and Björklund

et al. (2002); Corak (2012) for income and earnings). In addition to comparing the

mobility estimate to other health estimates from different countries, it can also

be compared to transmission of other outcomes in a Danish setting. For years of

education, an intergenerational correlation of 0.35 is found (Andrade and Thomsen

(2018)); For wealth a rank-rank correlation of 0.25 Boserup et al. (2016); For income

an intergenerational correlation of 0.20 and rank-rank slope of 0.27 (Landersø and

Heckman (2017); for income, see also below). These studies are not identical to

this one in terms of cohort selection, data restrictions and whether estimates are

presented by gender. Nevertheless, a picture emerges of health being a dimension

subject to less transmission of status than other outcomes, in particular for males.

5.1.2 A Brief History of Income (and Health)

Next, intergenerational associations for income are presented. Recall that the data,

and specifically the estimation sample, is not set up for optimally measuring income

mobility41. Nevertheless, it seems to add credibility to present results from the same

sample as the health estimations are based on instead of exclusively relying on com-

parisons to other Danish studies (e.g., Landersø and Heckman (2017)) or comparable

settings as Sweden (e.g., Björklund and Jäntti (2012)). Income serves as a natural

benchmark partly because much of the previous literature has emphasized this mea-

40As the dispersion in birth weight probably does not vary a lot between generations the intergenera-
tional elasticity should be close to the intergenerational correlation.

41The income of parents is measured at age 50-55, which is unlikely to be the optimal age at which to
proxy lifetime income. Also, in terms of the birth cohorts included and trends in labour force participation,
the income status of women born in the 1930s may be a suboptimal measure of social status: for example,
very low income may signal having a very well-off spouse to a higher degree than it does today.
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sure. Table 1.4 shows parent-child associations in income, again rank-rank slopes in

panel A and intergenerational correlations in panel B. Due to historical issues with

respect to female labour force participation columns 1 and 3 with the father as the

parent will receive the most attention. It is seen that the rank-rank slopes are 0.27 and

0.22 for sons and daughters, respectively. Thus, having a father at the bottom of the

income distribution compared to at the top translates to a difference of 27 percentiles

for the income distribution of sons. Again, it should be stressed that this is a purely

descriptive estimate. Even if it was feasible to design an intervention that moved

parents in this fashion (or, say, only 10 percentiles), it would not necessarily cause the

child generation to have higher incomes themselves. Nothing in Table 1.3 or Table 1.4

rules out that the observed correlations are exclusively due to transmission of genes,

intelligence, time preferences or a myriad of other factors acting in complex unison.

Whatever the nature of the underlying forces may be there is a stronger association

from father to son than from father to daughter which is in line with the literature.

The rank-rank slope of 0.27 for the father-son combination also aligns perfectly with

the estimate of 0.27 from other studies using Danish data (See first column of Table

A17 in Landersø and Heckman (2017)). Turning to Panel B it is seen that there are

some differences between rank-rank slopes and intergenerational correlations. For

the father-son channel it is 0.21 and it is 0.13 between fathers and daughters which is

relatively similar to statistics for Denmark (Summarized in Figure 142 in Corak (2013)

and in Table 2, column 1 of Landersø and Heckman (2017)). This may indicate that

transmission of economic status varies in strength throughout the distribution in a

way that is not the case for health, or, it may be a more benign issue of noisy data due

to somewhat suboptimal age of parent measurement. In either case it shows that the

functional form of the relationship parent and offspring status may affect mobility

statistics differently. Fundamentally, the intergenerational correlation measures the

linear dependence between two normally distributed variables while the rank-rank

slope effectively discards the cardinal information and only measures the degree of

monotonicity between the variables. Thus, the two measures may vary for a variety

of reasons, including skewness in the data and nonlinear transmission patterns. No

single measure is "better", it makes more sense to view the two parameters as comple-

mentary as they entail differing assumptions and measurement objectives43. In this

42Figure 1 actually shows the intergenerational elasticites, not the intergenerational correlations.
However, I find only moderate differences between elasticites and intergenerational correlations (I do not
report any elasticities in the regression tables). A further caveat is that the elasticity is measured based on
earnings, not income.

43In Corak et al. (2014) it is noted that if parent income is given as x = 1,2,3, . . . and child income as
y = exp(x), then the rank-rank slope will be 1 but the correlation between x and y will be around 0.25. The
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setting it has the consequence that conclusions for women are different, depending

on the specification. According to the rank-rank slope, women are more tightly linked

to their father in income status than they are in health status (0.217 versus 0.111) but

the intergenerational correlations yield a comparison of 0.130 versus 0.115.

Figure 1.13 shows a heat map for income ranks between fathers and sons, simi-

larly to how Figure 1.11 showed this for health ranks. As argued above, parent-child

associations seem to be stronger for income than health in our sample, although

for women this conclusion hinges on the preferred intergenerational statistic, in-

tergenerational correlations or rank-rank slopes. However, one thing is to compare

persistence coefficients, a supplementary analysis involves gauging relations through-

out the distribution. On the point of simple strength of the association, Figure 1.13

expectedly shows higher diagonal densities than Figure 1.11 showed for health. This

is not surprising given that the rank-rank slope for father-sons are more than twice as

high for income as for health. However, it is striking how the figures differ in terms of

strengths in the south west and north east corners of the map. For income, there is

strong transmission in the top: only the north east corner exhibits these high den-

sities44. If a son has a father in the top of the distribution his chance of ending up

there himself is 2.5 percent (on a baseline of 1 percent), while the corresponding

figure is 0.5 percent for a child with a father in the bottom of the income distribution.

The color differences of the heat maps suggest that health and income are distinct

domains in which to analyse mobility over and above the mean transmission across

the distribution: for income, there is a specific reproduction going on in the elite. This

may be transmission of work ethics, connections or certain job types45. For health,

it seems to be more difficult to pass on superior health to your children. There is

persistence at play between parents and children but it is much more uniform. As

such, the rank-rank regression framework overlooks dynamics of transmission for

income because the linearity assumption is questionable in the top of the income

distribution. For health, the estimated (average) rank-rank slope is a better approxi-

mation of the forces in play throughout the whole distribution. This is also indicated

in the scatter plots (compare first graph of Figure 1.10 with the first graph of Figure

1.12). However, the contour maps in Figure 1.11 and Figure 1.13 convey this point

authors compare mobility levels of Canada, Sweden and the US and for the latter two it is found that the
rank-rank correlation exceeds the intergenerational correlation as is the case in Table 1.4.

44This is consistent with the first graph of Figure 1.12 which shows a steepening of the slope in the top
part of the father income distribution.

45I am not the first note the strong transmission at the top of the income or earnings distribution.
Björklund et al. (2012) report very high transmission levels in the top of the Swedish income distribution.
In terms of mechanisms such as parental networks Bingley et al. (2011) show that the fraction of children
employed at a former employer of their father grows rapidly in the top of the child income distribution.
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more clearly. In the sibling correlations below I ignore these non-linearity aspects of

transmission, although it is certainly an interesting extension for future research46.

5.2 Sibling and Twin Correlations

This subsection presents results from the second, and arguably more nuanced, way

of evaluating mobility in health outcomes. Results consist of the sibling and twin

correlations, accompanied by a discussion of how they relate to the intergenerational

associations and other findings from the literature.

For expository purposes the results from the sibling estimations are displayed in

figures rather than in tables. Figure 1.14 shows various sibling correlations, ranging

from ordinary siblings on the left, to twins in the middle, and to identical twins

on the right. Note that twins in the middle panel consist both of monozygotic and

dizygotic twins. Recall that non-twin siblings and twins can be observed in the data,

but that zygosity is unknown. Thus, the two left panels of the figure compute observed

patterns in the data while the right panel relies on certain identifying assumptions

explained in the methodology section. Also, recall that the key rationale for this whole

exercise is to obtain plausible bounds on the total importance of family background.

First, attention should be given to the "Brothers" and "Sisters" category, i.e., the

sibling correlations. These are the types of sibling correlations most studies evaluate

as they do not require special twin databases or large sample sizes commonly found

in register data. It can be seen that sibling correlations in health are given as 0.14 for

brothers and 0.20 for sisters. In other words, 14 percent of the variance of male health

outcomes can be explained by family background while this figure is 20 percent for

women. Several things are worth noting here. First, it indicates that the intergener-

ational correlations (and the rank-rank slopes) capture persistence of health quite

poorly. In the case of women, the highest intergenerational correlation coefficient was

found to be 0.145 which implies an R squared of 0.021. The parent-child associations

explain (0.021/0.20)*100= 11 percent of what tends to make sisters similar in terms of

health status. For brothers (comparing with the highest intergenerational coefficient,

that is, the mother-son association), making a similar calculation yields a figure of 11

percent. Recalling equation (2.4) this indicates that the second term, the "other fac-

tors", is quite important. It is in this sense that Björklund and Jäntti (2012) conclude

that studying parent-child associations is like studying "the tip of the iceberg" if one

seeks to understand why status is perpetuated in families. In the outcomes they study,

46Evaluating mobility throughout the distribution is very rare for the part of the literature employing
sibling correlations.
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they find the "tips of the icebergs" to be between 4 percent (non-cognitive skills) and

43 percent (height) of the sibling correlation. For the US Solon (1999) reports that

forty percent of sibling correlations in earnings are explained by parental earnings.

Hence, my conclusions for health indicate that, relatively speaking, a large fraction

of the iceberg is beneath the surface. For example, it may be the case that sibling

resemblance in health is the result of similar time preferences or educational levels

rather than healthy parents somehow passing on health capital.

A second perspective on the estimated sibling correlations is how they compare

with similar correlations in other outcomes. Bredtmann and Smith (2018) finds, in a

Danish context, sibling correlations in years of education to be around 0.4 for both

genders. This is certainly higher than my corresponding figures of 0.14 and 0.20 for

health. The same holds true for a range of economic outcomes in the US, where

Mazumder (2008) estimate sibling correlations to be around 0.5. Björklund and Jäntti

(2012) report correlations of 0.3 for non-cognitive skills for males, 0.2 for brother

earnings and 0.16 for sister earnings. So, only when comparing to this last study,

health is not necessarily a domain of more mobility for females.

With respect to income in the current setting, Figure 1.15 shows the corresponding

estimates for income. This figure will be briefly discussed before moving on to the

second and third columns/blocks of figures 1.14-1.15 (i.e., twin correlations). Figure

1.15 shows sibling correlations in income to be around 0.27 for brothers and 0.18 for

sisters. As with health, it confirms the general impression from the intergenerational

associations that sibling correlations convey more information than parent-child

associations. Moreover, it reinforces a story of gender differences: For men, family

background seems to be substantially more important for income than for health

(sibling correlations of 0.27 versus 0.14), while for women both correlations are

around 0.19. Thus, from this perspective health is a domain with more equality

of opportunity than found for income but this conclusion only holds for men; for

women, the importance of family background is of similar magnitude across domains.

Or, at least, the lower bound on the total importance of family background is similar.

Next, the remaining (twin) sibling correlations of Figure 1.14 and Figure 1.15

are considered. Unsurprisingly, Figure 1.14 shows that sibling correlations in health

increase when their degree of similarity goes up (i.e., when moving left to right in the

figure, conditional on gender). Their increasing similarity can be organized under

headings as increased genetic overlap, increased interaction and increased shared

exposure to various "shocks" to the family. The aim here is not so disentangle these

forces empirically but to group them collectively as factors beyond the control of the

individual and hence to take them into account when gauging equality of opportunity.
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Unfortunately, it is also seen that the precision of the MZ-estimates (i.e., identical

twins) is low. In the section on robustness checks I show that employing a different,

larger sample leads to more precisely estimated parameters for the health outcome,

and the point estimates themselves not changing dramatically. Hence, these twin

correlations can be taken at face value with at least some credence. They indicate that

male identical twins have a health status correlation of 0.34 and female identical twins

have a correlation of 0.38. An interesting first comparison to these figures is Herskind

et al. (1996) who estimate identical twin correlations in longevity using the Danish

Twin Register. They find correlations of 0.19-0.25 for males and 0.18-0.31 for females.

Putting aside considerations of confidence intervals the estimates from Figure 1.14 are

then relatively high47. However, comparing to (other) outcomes from other studies

paint a different picture. For example, Björklund and Jäntti (2012) find identical

twin correlations of around 0.75 for male educational attainment and male earnings

for Sweden, and Nicoletti and Rabe (2013) report correlations of 0.9 in educational

outcomes for both male and female identical twins in the UK. Revisiting Figure 1.15

it can be seen how twins correlate in income in the current sample. As for health in

Figure 1.14, precision in Figure 1.15 is also less than ideal. However, it is somewhat

reassuring that the point estimates are not too different from Björklund and Jäntti

(2012), although it should be noted that income measures are not identical48. Figure

1.15 indicates that identical male twins correlate around 0.62 in income and female

identical twins around 0.42. This suggests that the upper bound on the importance of

health and income is strikingly similar for women (0.38 versus 0.42), while markedly

different for males (0.34 versus 0.62). Nevertheless, it should be kept in mind that

these point estimates are estimated rather imprecisely49, and that interpretation

of the MZ-twin correlations as upper bounds on the total importance of family

background rests on certain assumptions that are inherently untestable in the current

setting (see also Björklund and Jäntti (2012) and Nicoletti and Rabe (2013)).

47This is consistent with the observation that inequality in health while alive is larger than inequality
in longevity. In other words, inequality in morbidities is high but for a variety of reasons, individuals live
with their ailments for relatively longer time before morbidity becomes fatal. Hence, health while alive, as
is the outcome measure in the current setting, is arguably a more interesting avenue to gauge dependence
on family background rather than simple longevity.

48In results not shown, I also get very similar monozygotic correlations in educational attainment as
Björklund and Jäntti (2012).

49However, see also Figure A6, where estimations are repeated with a somewhat larger sample, and
better precision.
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5.3 Conclusion on Results

Ultimately, the bounding exercise of Figure 1.14 of of siblings and identical twin

correlations leads to the following tentative conclusion. For men, between 14 and

34 percent of health status is determined by family background in a broad sense.

For women the corresponding bounds are 20 and 38 percent. In my summary of the

literature on traditional parent-child associations, supplemented with estimates from

the previous subsection, paints a picture of health, for males, overall being a domain

of relatively high mobility50. At the very least, it seems warranted to conclude that

persistence in outcomes between generations is higher in outcomes as education,

earnings and income than for health51. In other words, offspring outcomes seem to

be less determined by circumstances beyond their control (such as parent status)

when health is the outcome compared to the case of more traditional labour mar-

ket outcomes. For women, mobility levels in health are lower than for educational

outcomes but seemingly on the same footing as income and earnings. In addition,

what is common for both outcomes studied here, is that sibling correlations provide

a much fuller picture than intergenerational associations. In fact, only 11 percent of

the sibling resemblance can be attributed to their parents having identical health.

6 Discussion and Conclusion

Studies of intergenerational mobility and equality of opportunity are subject to in-

creasing interest as inequality seems to be on the rise in several domains and uni-

formly across most OECD countries. This paper is part of a literature that attempts to

broaden the set of outcomes studied in contemporary society. Using Danish admin-

istrative data I present the first comprehensive estimates of general health mobility

outside the US. On many accounts I replicate and confirm earlier findings in the

literature. Like Halliday et al. (2018) I find that health mobility is higher than income

mobility when relying on rank-rank slopes. Also, the pattern of transmission is quite

different: for income there is a very concentrated transmission in the top of the distri-

bution while it is much more uniformly distributed for health. For intergenerational

50This may run counter to a common conjecture that health "is largely genetically determined". While
genetics undoubtedly plays a big role, the literature seems to suggest that genetic factors play an even
bigger role for outcomes as education and income (although this conclusion may be too strong given the
difficulty in differentiating genetic endowment from environmental factors facing the individual growing
up).

51Halliday et al. (2018) conjecture that "[...] One explanation for this pattern is that policies and
institutions in the U.S. may be much more effective at breaking intergenerational linkages in health than
in labor market outcomes."
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correlations transmission of health is also weaker than for income, although the

difference is very small for women.

In line with other literature I confirm that parent-child regressions can be seen

as the tip of the iceberg when compared to sibling correlations, which is a broader

measure of equality of opportunity (Solon (1999); Mazumder (2008); Björklund and

Jäntti (2012); Bredtmann and Smith (2018)). As a methodological point in its own

right this is yet another indication that traditional parent-child associations far from

paint the full picture. For health I find that eleven percent of the sibling correlation

can be explained by parental health. This may be a hint to policy makers that if

they are worried about reproduction of health status in families, parental health is

not necessarily the only avenue in which to consider interventions. Rather, it is the

broad set of circumstances that are shared in families. Examples include educational

attainment and economic status of the parents as well as values and preferences

imparted on the offspring generation such as risk aversion and time preferences. It

remains an important topic for future research to probe into how these variables affect

health status. Besides the sheer amount of health information utilised another novel

feature of this paper is the bounding analysis, where I assert that the total importance

of family background is bounded between sibling correlations and identical twin

correlations. Using this approach I find that 13-38 percent of the total variation in

health can be explained by family background factors. While this is less than for other

relevant outcomes such as income, earnings and educational attainment, it suggests

that even in comparably egalitarian societies with universal health insurance, health

status is still reproduced within families.

Accepting the premise that family background broadly understood is a factor

beyond the control of the individual this suggests the absence of equality of oppor-

tunity in health for both genders, more so for females. Such figures should enter a

debate on health policy prevalent in many arenas. It touches on an even more general

debate concerning to what extent individuals should be held accountable for their

outcomes. For example, it has been debated whether bariatric surgery (weight loss

surgery) should be paid for by the patients themselves, since it is primarily their

behaviour, and hence their own responsibility, that there is need for an expensive

operation (Lund et al. (2011)). Also, in a paper used as guidance by the World Health

Organization, Whitehead (1991) lists various criteria for when health inequities can

be considered fair, one of them being the degree of ’choice’ involved in a certain

health outcome. For example, lung cancer can more intuitively be attributed to a

choice on the part of the individual to smoke than can, say, a birth defect. Without

further assumptions and preferences, sibling correlations, and their magnitudes, in
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themselves do not give clear directions for policy, but they arguably inform the discus-

sion. As Nielsen and Andersen (2014) argue it can still make sense to hold the obese

(or generally, unhealthy) individuals cost-responsible for their health outcomes, al-

though e.g., large sibling correlations may be an indication that their non-self-chosen

family background may have played an instrumental role in bringing about their situ-

ation. In other words, a compromise between efficiency considerations and fairness

considerations may have to be found. Thus, descriptive studies of social mobility

by e.g., sibling correlation do not provide a clear-cut recipe for a further course of

action. Instead, they avoid the near-impossible task of distinguishing certain diseases

or behaviours as the result of either effort or circumstances, but pragmatically gauge

the importance of the birth lottery by focusing on the one aspect that individuals

never choose themselves: their parents, and the implied endowment of genes and

(early) environment. These mobility estimates, along with fairness and efficiency

considerations, and estimates of the responsiveness of individual behaviour then

form a solid foundation on which to design polices and institutions.

The final policy conclusion to draw here is very tentative given the infancy of the

literature with its associated difficulties in cross-country comparisons. Nevertheless,

it is striking to note that most of the estimates from the literature on mobility in

education and income are consistent with a rule of thumb saying that persistence in

social status in Scandinavia is between one half and two thirds of what is found for

the US52. It seems plausible that part of this difference can be attributed to varying

levels of income inequality, economic mobility and availability of universal health

insurance versus employer provided insurance53. This does not imply that other

countries necessarily would attain similar mobility rates from one day to the other

if they implemented policies from Scandinavia; however, on the other hand it may

interpreted as an indicative pattern. Disentangling the many complex ways in which

institutions, policies and societal norms play together with inequality and mobility

remains an important, and formidable, task for social scientists in the future.

52When comparing with Halliday et al. (2018) my results for the rank-rank slopes in health fit neatly
into this simple mathematical rule (0.21-0.29 versus 0.11-0.14). For rank-rank slopes in income I place
them in the range 0.22-0.27 compared to at least 0.4 for the US (Mazumder (2015). For sibling correlations
in income, I find brother correlations of 0.27 versus 0.5 for the US (Mazumder (2008)).

53Halliday et al. (2018) report lower rank-rank slopes (i.e., higher mobility) for those individuals with
health insurance. Of course, having health insurance is likely not an exogenous variable but at least this
finding is suggestive about the role of policies in fostering mobility.
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7 Figures and Tables
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7.1 Figures

Figure 1.1: Overview of Cohort Selection and Data Sources

Parents

1930-1940
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GP visits
1990-2014
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1980-2014
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Figure 1.2: Scree Plots

(a) Sons (b) Daughters

(c) Fathers (d) Mothers



42 CHAPTER 1. INTERGENERATIONAL HEALTH MOBILITY

Figure 1.3: Component Loadings

Notes: Component loadings from the principal components procedure by generation and sex.

Figure 1.4: Parent Health and Mortality

Notes: Nonparametric regression of parent mortality rate in age interval 70-74 on predicted health rank.
Confidence bands are based on a 95 % Level.
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Figure 1.5: Child Health and Mortality

Notes: Nonparametric regression of child mortality rate in age interval 46-50 On predicted health rank.
Confidence bands are based on a 95 % level.

Figure 1.6: Child Health and Disability Pension

Notes: Nonparametric regression of child disability pension rate in age interval 46-50 on predicted health
rank. Confidence bands are based on a 95 % level.
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Figure 1.7: Parent GP visits and Mortality

Notes: Nonparametric regression of parent mortality rate in age interval 70-74 on GP visits quintile.
Confidence bands are based on a 95 % Level.

Figure 1.8: Child GP visits and Disability Pension

Notes: Nonparametric regression of child disability pension rate in age interval 46-50 on GP visits quintile.
Confidence bands are based on a 95 % level.
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Figure 1.9: Child GP visits and Mortality

Notes: Nonparametric regression of child mortality rate in age interval 46-50 on GP visits quintile. Confi-
dence bands are based on a 95 % level.
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Figure 1.10: Binned Scatter Plots for Health

Notes: Estimations and samples are identical to Panel A of Table 1.3. Additionally, the graph shows a
non-parametric plot of the conditional expectation of child health rank given parent health rank.
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Figure 1.11: Contour Map for Health (Father-Son)

Notes: Estimations are based on a 100 x 100 grid of father and son health percentiles. Child densities are
then calculated and interpolated to provide a continuous appearance.
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Figure 1.12: Binned Scatter Plots for Income

Notes: Estimations and samples are identical to Panel A of Table 1.4. Additionally, the graph shows a
non-parametric plot of the conditional expectation of child income rank given parent income rank.
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Figure 1.13: Contour Map for Income (Father-Son)

Notes: Estimations are based on a 100 x 100 grid of father and son income percentiles. Child densities are
then calculated and interpolated to provide a continuous appearance.
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Figure 1.14: Sibling Correlations in Health

Notes: Estimated sibling correlations for both genders. The first block is siblings, the second block is for
twins, the third block is for identical twins. "M-" denotes males, and "F-" denotes females. Estimations are
based on 36,178 sons from 32,674 families and 35,282 daughters from 31,983 families. The error bars show
95 % confidence intervals from bootstrapped standard errors.
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Figure 1.15: Sibling Correlations in Income

Notes: Estimated sibling correlations for both genders. The first block is siblings, the second block is for
twins, the third block is for identical twins. "M-" denotes males, and "F-" denotes females. Estimations are
based on 36,178 sons from 32,674 families and 35,282 daughters from 31,983 families. The error bars show
95 % confidence intervals from bootstrapped standard errors.
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7.2 Tables

Table 1.1: Descriptive Statistics of Health Care Utilisation

Sons Daughters Fathers Mothers

Share with ailment

Infectious Diseases .03 .03 .03 .03
Lung Diseases .09 .08 .15 .14
Nervous System .1 .11 .14 .1
Cardiovascular Diseases .09 .09 .29 .23
Arteries and Veins .02 .03 .07 .05
Varicose Veins .01 .04 .02 .04
Blood Disorders .01 .04 .03 .03
Gastrointestinal Diseases .22 .26 .29 .27
Rheumatic Diseases .68 .61 .47 .55
Skin Diseases .11 .13 .08 .08
Eye Diseases .16 .1 .13 .15
Ear, Nose and Throat .12 .12 .22 .15
Endocrine Diseases .07 .12 .14 .16
Mental Illnesses .05 .05 .03 .03

Mean GP Visits by Quintile

GP Visits Q1 16 44 20 32
GP Visits Q2 43 95 53 78
GP Visits Q3 70 138 86 123
GP Visits Q4 108 197 132 181
GP Visits Q5 215 349 255 331

Observations 36,178 35,282 58,535 58,609

Notes: The upper part shows the share of individuals who have ever been in hospital
care with the given ailment, over the years of observation (36-50 for the child gener-
ation and 60-70 for the parent generation). The lower part shows the mean general
practitioner (GP) visits by quintile (i.e., doctor visits).
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Table 1.2: R2 for different outcomes and types

(i) (ii) (iii)
Linear Quadratic Cubic

Father mortality rate 70-74 0.0301 0.0403 0.0427

Mother mortality rate 70-74 0.0229 0.0309 0.0342

Son disability rate 46-50 0.0155 0.0220 0.0263

Daughter disability rate 46-50 0.0249 0.0338 0.0373

Notes: The Table shows the R2 from different regressions of a certain ob-
jective health outcome on the health rank. The columns indicate the order
of the polynomial of the health rank in the regressions.
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Appendix

8.1 Lifecycle Bias and Attenuation Bias

8.1.1 Attenuation Bias

This subsection evaluates measurement issues regarding the estimated intergen-

erational associations in health. Results are presented for rank-rank slopes only

(identical results are obtained for intergenerational correlations). The literature on

intergenerational mobility has been concerned with various biases in estimating the

key parameters. Attenuation bias is an example of the well-known errors-in-variables

downward bias in an explanatory variable. For instance, a single-year measure of

earnings may be a noisy indicator of long-run parental earnings due to transitory

shocks to income. Therefore, it has become commonplace to use multi-year averages

of the outcome variable to increase the strength of the "signal" relative to the "noise"

in the measured variable. For income, Mazumder (2005) recommends using at least 9

years of parent income to make the attenuation bias negligible. It may reasonably

be expected that many of the considerations of earnings or income carry over to

the case of health. An individual may be hit by a transitory shock to health as well

as to labour market productivity. Figure A1 shows the estimated rank-rank slopes

as a function of included years of parent health. As expected, the estimates initially

increase when incrementing from a single year of health measurement. It seems to

plateau at around six or seven years, although this is less clear for the mother-son

combination. However, it seems overall the estimated rank-rank slopes pass the test

of attenuation bias when including 10 years of parental health measurements. The

literature performing this exercise for health mobility is sparse but it can be noted

that Halliday et al. (2018) also finds that 10 years of health measurement is sufficient

to stabilize the estimated parameters.

8.1.2 Lifecycle Bias

The other measurement concern of researchers in the field, lifecycle bias, typically

concerns the age interval at which outcomes are measured over, conditional on the

length of the window. The outcomes of the offspring generation are typically the prin-

cipal concern although conceptually life cycle considerations should apply to both

generations. However, for many datasets measurements at father prime earnings ages

have been easier to obtain than, say, child’s earnings at age 40. Solon (2002), among

others, note that for a fixed length of earnings measurements, intergenerational elas-

ticities/correlations seem to be higher when based on earnings from children well
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into their 30s rather than their late 20s. The reason is heterogeneous age-income

profiles with individuals destined for higher incomes experiencing higher earnings

growth which, expressed in the language of linear regression analysis, leads to mean-

reverting measurement error in the dependent variable. There is wide agreement

in the literature that income-related lifecycle bias is minimized when outcomes are

measured around age 40 (Grawe (2006); Mazumder (2005)). Far less research has

been done with respect to health, so we find ourselves in somewhat uncharted terri-

tory. Intuitively, optimal health measurements should be done later in life for health

than for income as the health status is more truly revealed later than age 40. That is,

chronic diseases and severe health problems tend to arise later than age 40. Halliday

et al. (2018) find some evidence that rank-rank slopes in health are higher when

outcomes are measured later in life. However, standard errors are generally too large

to draw firm conclusions. In the current setting, I can observe children up till age 50.

Thus, the window where I can perform life cycle bias checks is more limited which

is simply a consequence of parent-child linkage in the Danish registers. However, it

can be seen how intergenerational associations vary when health measurement is

split in the current observation window. In the main specification health is measured

over the age interval 36-50. Figure A2 shows how rank-rank slopes vary when health

is measured over ages 36-43 vis-á-vis ages 43-50. For convenience, estimates from

the main specification is placed as the left column in each "block". It would be clear

signs of lifecycle biases if the right column of the four panels were markedly larger

than the middle column, i.e., if health measurements from later in life gave rise to

significantly higher persistence coefficients. Although three out of four specifica-

tions exhibit higher correlations for the later measurement (i.e., at ages 43-50) the

differences seem negligible both from a statistical and a practical perspective.

A related concern is whether the health of parents and children are measured too

far from each other in the main specification. For example, for income measurement

windows are closer than for health: 36-50 and 50-55 versus 36-50 and 60-7054. In the

following I perform health measurements closer in time between parents and chil-

dren, and show the gradual results for rank-rank slopes from moving measurements

closer in time. For this purpose I select birth cohort 1960 for whom it is possible to

measure health up till age 54. For parents I limit health measurements to age 60-65.

In order to still avoid considerable attenuation bias I use measurement windows with

a length of five years, and thus, the "closest" measurements this exercise provides are

54Whether this mechanically would lead to higher rank-rank slopes for income is an open question.
On the one hand, the income measurements are performed closer in terms of lifecycle progress, but on
the other hand, the health measurements are performed closer in calendar time.
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health based on age 49-54 for the child generation, and age 60-65 for parents. The

results are conveyed in Table A1 and Figure A3. Since both composition and mea-

surement window length are involved in this robustness check, Table A1 establish

base results for this sub-sample with altered measurement window. Panel A shows

the base specification that mimics the main specification with the only difference

being that the sample is limited to child birth cohort 1960. Panel B replicates Panel

A, but where parental health is limited to age 60-65. Panel A yields results close to

the main specification in Table 1.3, which is to be expected as there is no reason to

suspect that birth cohort 1960 is fundamentally different from birth cohorts 1961-

1963. Unsurprisingly, precision of the estimates drop (standard errors up from 0.005

to 0.012). Moving to Panel B it is seen that three out of four estimates drop, while the

"Daughter-Mother" rank-rank slope increases from 0.133 to 0.141. In general, the

differences are small. The decreased measurement length of parental health would

tend to decrease estimates, while moving measurement window closer in time to the

children’s would possibly increase estimates. However, we are now ready to consider

the effect of gradually moving child measurements closer to a fixed parent measure-

ment of 60-65. For convenience, Figure A3 only plots point estimates, but standard

errors from these estimations are on par with the ones reported in Table A1. It is clear

from Figure A3 that there is no clear trend in the estimated rank-rank slopes. If the

results in the main specification were an artefact of measurements of children and

parents taking place at very different points in the lifecycle, Figure A3 should show

an increasing trend. In other words, for a fixed sample and measurement window

length, associations should increase in strength as measurements were performed

closer to each other. Instead, estimates from child age 36-41 and 49-54 are strikingly

close to each other, although there is small variation in the middle of the interval. In

conclusion, the results from the sensitivity checks in this subsection suggests that

the exact point in time of health measurements, thereby also varying the distance

between parent and child measurements, do not substantially alter the estimated

rank-rank slopes.

8.2 Alternative health measures

This subsection tests whether the estimated associations change when employing

alternative health measures. In particular, I test how the exclusion of GP visits affects

results in different specifications. Recall that the main health measure consists of

hospital care indicators and a number of GP visits indicators. As discussed in the

health measure section it may be argued that especially the GP visit component partly
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reflects some health behaviour, not solely reflecting true health (needs). For example,

Fadlon and Nielsen (2019) finds that individuals increase health care consumption

(e.g., GP visits) immediately after the occurrence of a health shock to someone in the

family, or a close coworker. Doorslaer et al. (2004) shows that for a sample of Euro-

pean countries, including Denmark, there is income-related inequality in number

of GP visits. However, all Danish income-related inequality in number of GP visits

disappears when controlling for health needs. In reality, GP visits probably reflects

both objective health levels (recall Figures 1.7, 1.8 and 1.9), and some component

of health care behaviour, whether interpreted as risk aversion, or some other fac-

tors. The question is, however, whether inclusion of GP visits in an aggregate health

measure, as largely revealing something about "true" health status is misleading or

not.

Table A2 shows the results from parent-child correlations and sibling correlations

from employing the alternative health measure. In Panel A, in contrast to the main

specification, principal components is not used, but instead each individual is as-

signed a simple fraction counting the number of hospital categories from Table 1.1

the individual has been associated with over the observation period divided by the

number of categories (14). The health measure of Panel B of Table A2 has exactly the

same input variables but employs the principal components procedure also used in

the main specification. What distinguishes the two measures from the main measure

is that they exclude GP visits. The measure in Panel A is similar to the sensitivity

check of Halliday et al. (2018), where they show how a simple "fractions measure"

of objective ailments provide similar results as time-averaged self-reported health

status (see their Appendix B). For brevity, Table A2 excludes the twin estimations.

Moreover, Table A2 solely reports correlations, not rank-rank slopes, as the measure

in Panel A is far from being continuous. Consequently, the results in Table A2 are

directly comparable to Panel B of Table 1.3, which also showed the intergenerational

correlations, and the first column of Figure 1.14 which showed the (non-twin) sibling

correlations.

In general, Panel A and Panel B of Table A2 shows very similar results. Compared

to Table 1.3, the parent-child correlations are moderately lower (in the range 0.08-

0.11 versus in the range 0.11-0.14). Similarly, compared to Figure 1.14 the sibling

correlations are moderately lower (in the range 0.10-0.15 versus in the range 0.13-

0.20). Whether one believes that GP visits belongs in a measure of health status, or

that GP visits solely reflects health behaviour, it is probably not surprising that the

estimated associations slightly decrease when leaving it out of the health measure.

In that sense, the broad conclusion that health persistence is relatively low, and
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decisively lower than comparable studies find for the US (Halliday et al. (2018)) and

Graeber (2018)), still stands.

Even though GP visits is the component one might suspect not purely reflects true

health, a case may also be made for the hospital indicators. For Denmark, Doorslaer

et al. (2004) finds that there is income-related inequity in specialist visits, that is, that

the upper parts of the income distribution exhibits higher utilisation of specialist

services, conditional on health needs. However, for Denmark this is driven by a

higher number of visits, conditional on going at least once, whereas the probability

of going to the specialist at least once does not display income-related inequity. The

variables in my main specification precisely enters as binary variables, not counting

the number of visits (Table 1.1).

8.3 Changing Sample Restrictions

The results obtained so far are all based on the main estimation sample. This sam-

ple, as defined in the data section, is subject to a number of restrictions. The most

comprehensive of these is probably the restriction that all individuals from the off-

spring generation must have a father and a mother who are both alive at age 70.

This restriction was necessary in part to be able to observe parent health for ten

years (from age 60 to age 70). Also, it is convenient (and persuasive) to use the same

basic sample for all the main estimations. However, the parent-child estimations

performed are not contingent on having both parents available, and the sibling corre-

lations obviously does not require parents to be alive till age 70, only for the parents

to be alive until age 1986 such that the link can be observed. In the following I will

loosen these restrictions. The consequences are twofold: on the one hand, it gives a

larger sample size (increase from 71,460 to 113,654), but on the other hand it changes

the sample from estimation to estimation. One concern one might have about the

restrictions imposed on the main sample is that they lead to a positively selected

sample. After all, it is certainly not random in which families both parents are alive at

age 70. Furthermore, policy makers might be concerned about status perpetuation

precisely in the lower part of the distribution. It is not immediately clear in which way

leaving out, relatively speaking, disadvantaged individuals would affect the results. If

transmission of health is stronger in the lower part of the distribution it should be

expected that the importance of family background for health outcomes is actually

stronger than what have been found in the analysis so far55.

55Even though the parent-child associations showed some "symmetry" concerning transmission across
the distribution it does not necessarily carry over to sibling correlations.
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8.3.1 Parent-Child Associations

First, it will be tested how the intergenerational correlations react to loosening parent

survival restrictions. Now, only the relevant pairwise restrictions are imposed. For

example, to calculate the father-son correlation it is necessary to impose father

survival till age 70 while no restrictions are imposed on the mother. Figure A4 shows

how the four different intergenerational correlations change56. Or, rather, it shows

how they do not change, which is reassuring. In each of the four blocks, the estimate

from the main estimation sample is placed to the left, while the estimate from the

larger, unrestricted sample is placed to the right. All four estimates closely resemble

the alternate specification. There are several explanations for this. One is that mobility

is similar across the distribution (i.e., similar for relatively disadvantaged individuals

compared to the ones with parents who are both alive at age 70). Another explanation

is that the requirement that both parents are alive at age 70 is not that severe. It

shows in the data that the main sample is slightly positively selected as the average

health rank for the fully restricted sample is 51.81, and around 51.2 for both samples

where only survival of one parent is conditioned on (all relative to being 50.5 in the

unrestricted sample). In any case, estimated parent-child associations do not seem

to fundamentally differ due to (very) selective survival of parents.

8.3.2 Sibling Correlations

This subsection repeats the above exercise for sibling correlations instead of for

parent-child associations. As sibling correlations are interesting in themselves, their

sensitivity is evaluated first before returning to the correlations between twins.

Figure A5 tests whether sibling correlations change for the above mentioned alter-

nate sample restrictions. The left correlation of each block, "MAFA", is the estimate

from the main estimation sample placed in the graph for comparison. Moving to

the right in each block shows that happens when survival restrictions on parents are

loosened. In terms of confidence intervals, the precision is increased when compar-

ing the far left specification with the far right, with the two intermediates being in

between. Concerning point estimates, the correlation to the far right, "NR", shows

the estimates for the largest sample, where none of the parents need to be alive at age

70 for the child to be included in the sample. It is seen that estimates are very stable

for women and quite stable for men. The increasing tendency from left to right in the

left block of correlations is consistent with a story of more and more vulnerable indi-

viduals being included in the sample (and if those individuals are more dependent

56Results are similar for rank-rank regressions.



70 CHAPTER 1. INTERGENERATIONAL HEALTH MOBILITY

on family background). However, estimates are not statistically significant, and the

differences in point estimates are also quite small.

8.3.3 Sibling and Twin Correlations

Next, we revisit the correlation between twins. Recall that the idea is to obtain an up-

per bound on the total impact of family background for various outcomes. Figure 1.14

showed that sibling correlations progressively increased when going from ordinary

siblings to twins, ending with identical twins. The estimates for the identical twins

were rather imprecise in this setting. The aim of this robustness check is twofold.

First, to check whether point estimates are robust to an alternate sample (keeping

the above considerations of a positively selected sample in mind). Second, if point

estimates are not too different, it would be ideal to obtain more precise estimates,

particularly for the identical twins. Figure A5 indicated that this was the case for

siblings.

To maximise sample size, only the largest alternate sample is employed. Hence,

no conditioning on parents is made (i.e., this is the "NR"-configuration from Figure

A5). The results are displayed in Figure A6. Figure A6 is similar to Figure 1.14 except

the estimations of the latter are carried out on a sample where parent survival is not

conditioned on. Several findings emerge from the figure. First, point estimates are

quite similar compared to Figure 1.14, although slightly higher for most specifications.

Second, precision is improved although the confidence intervals of the identical

twin correlations to the far right are still relatively wide. Björklund and Jäntti (2012),

utilising a larger sample, also obtain somewhat wide confidence intervals in their

similar estimations. Nevertheless, it does provide some confidence that different

sample specifications yield nearly identical point estimates. The basic insight is

the same: sister correlations are slightly higher than brother correlations and in

a somewhat proportional fashion, they increase when the degree of similarity is

increased, when moving to the right in the figure. Taking the point estimates as

credible, the preliminary conclusion still remains that between 14 percent and 38

percent of health status is determined by family background. It seems that sister

correlations are higher than brother correlations, although the difference is only

statistically significant for the left block.
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8.4 Appendix Figures

Figure A1: Attenuation Bias: Years of Parent Health Measurement

Notes: Estimations and samples are identical to Panel A of Table 1.3. The graph shows the effect of subse-
quently adding more years of included parental health in the rank-rank estimations.
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Figure A2: Testing Lifecycle Bias in Health

Notes: Estimations and samples are identical to Panel A of Table 1.3. The figure shows the intergenerational
rank-rank slopes for the four different combinations of parent and child when the measurement window
for health is split into two different segments of the life-cycle. "36-43 S-F" then means the estimated
rank-rank slope between son and father when sons’ health is averaged over age 36-43. "S-M" is son-mother,
"D-F" is daughter-father, while "D-M" is daughter-mother.
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Figure A3: Rank-Rank slopes for different child health measurement windows - birth cohort
1960
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Figure A4: Robustness Check: Intergenerational Correlations In Health

Notes: The intergenerational correlations for the four different combinations of parent and child when no
survival restrictions are imposed on survival of the other parent. "S-F"=Son-Father, "S-M"=Son-Mother,
"D-F"=Daughter-Father, "D-M"=Daughter-Mother. In each of the four blocks, the left panel is the main
intergenerational correlation ("M") from Table 1.3, and the right is the unrestricted specification ("UR").
For example, "S-F UR" is the correlation between son and father where no restrictions are imposed on
survival of the mother. "S-M" is son-mother, "D-F" is daughter-father, while "D-M" is daughter-mother.
The sample size is 44,117 for "S-F", 48,928 for "S-M", 42,979 for "D-F" and 47,713 for "D-M".
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Figure A5: Robustness Check: Sibling Correlations in Health

Notes: Estimated sibling correlations for both genders. The first block is Brothers ("B"), the second block
is Sisters ("S"). MAFA="Mother And Father Alive", "MA"=Mother Alive, "FA"=Father Alive, "NR"=No Re-
strictions. The error bars show 95 % confidence intervals from bootstrapped standard errors. "MAFA"-
estimations are identical to the main estimation sample. Hence, they are based on based on 36,178
sons from 32,674 families and 35,282 daughters from 31,983 families. "NR"-estimations are based on the
largest sample available. Here, estimations are based on 57,095 sons from 52,501 from families and 56,559
daughters from 51,108 families.
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Figure A6: Robustness Check: Sibling Correlations in Health

Notes: Estimated sibling correlations for both genders. The first block is siblings, the second block is for
twins, the third block is for identical twins. "M-" denotes males, and "F-" denotes females. The error bars
show 95 % confidence intervals from bootstrapped standard errors. Estimations are from from the sample,
where no restrictions on parent survival are imposed. Hence, estimations are based on 57,095 sons from
52,501 from families and 56,559 daughters from 51,108 families.
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8.5 Appendix Tables
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Abstract

This paper is the first to analyze the broad importance of family background for health in a cross-country setting. We

use sibling correlations in self-reported health status and a set of anthropometric outcomes to compare equality of op-

portunity in Denmark, Germany and the US. These countries differ in terms of income inequality, economic mobility

and health care provision, and potential differences in health mobility may thus provide indirect evidence on the im-

portance of the above institutions and features of these countries. Our main findings are that sibling correlations do

not differ substantially between countries, and when they do, the implied country ranking is opposite relative to what

other studies in social mobility suggest. However, we show that this is driven by higher individual variability in the US

relative to Germany and Denmark, as well as moderately higher variability between families. In the US, family back-

ground is less important in a relative sense, but more important in an absolute sense. We develop a framework of Family

Frontier Differentials to quantify the importance of these differences in the case of BMI and obesity. Furthermore, we

find that sibling correlations in the US are substantially attenuated by including indicators of parental socioeconomic

status, while the Danish and German counterparts are unaffected. Hence, these countries may have attained the lowest

possible sibling correlations in the sense that genetics explain the remaining resemblance, or it may be that other omit-

ted variables are driving the health association between siblings. A central methodological implication from our study

is that relative measures of mobility may hide many substantial cross-country differences unless subjected to a deeper

analysis.
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1 Introduction

Social scientists have for decades been concerned about the reproduction of in-

equality across generations, and whether progressive public policies can break the

link between adverse childhood circumstances and poor adult outcomes (Solon

(1992); Chetty et al. (2014); Torche (2015)). This research is motivated by the percep-

tion that equal opportunity norms are violated if inequality has its origins in family

background. The literature on social mobility, in particular the branch analyzing

cross-country differences, has focused extensively on outcomes such as education

and income (Jantti et al. (2006); Schnitzlein (2014); Corak et al. (2014); Bratberg et al.

(2017); Landersø and Heckman (2017)). This literature has emphasized that the corre-

lation between social mobility levels and country characteristics may provide indirect

evidence on the importance of these characteristics (e.g., labour market institutions,

income inequality, health care system) for fostering mobility in outcomes (Corak

(2013))

Whether health is transmitted differentially in families across settings has not

received much attention in the literature. However, health is arguably central to hu-

man well-being: Grossman (1972a) develop a model in which health enters the utility

function directly. Jones and Klenow (2016) find that mortality is the most important

predictor of welfare across countries and time and the World Happiness Report of

2016 concludes that healthy life expectancy is as important as GDP per income in

predicting happiness levels across countries (Helliwell et al. (2016)). While health is

valuable in itself, it is also a strong determinant of earnings ability (Deaton (2003)).

Hence, to understand more about differences in the reproduction of health outcomes

across different settings is arguably at least as important as understanding sources of

(in)equality of opportunity with respect to earnings or educational attainment.

In this paper we use sibling correlations and survey data that is comparable across

countries to explore whether equality of opportunity with respect to health differs

across Denmark, Germany and the US1. This particular choice is motivated by how

these countries vary in institutions along with earlier findings from the literature on

income-related social mobility. Bratberg et al. (2017) and Schnitzlein (2014) show

that the US is the least economically mobile country and the Scandinavian countries

are the most economically mobile countries, while Germany typically is located in

between (see also Corak (2013)). Our three selected venues for this analysis differ

1We are aware that the title may not be accurate as we do not explicitly study the transmission inter
generations. However, the literature seems to broadly use the term "intergenerational mobility" for studies
of social mobility broadly understood.
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in additional interesting ways. Denmark, characterized by its universal health care

system and high levels of redistribution represents the polar opposite of the United

States with is higher inequality and more employer-linked health insurance2. Ger-

many, with universal health care but regarding economic inequality and economic

mobility represents an interesting case between Denmark and the US. By comparing

three countries which differ in interesting ways we may then obtain indirect evidence

of the importance of institutions and policies for social mobility in health outcomes.

Starting from this observation of differing economic mobility, we aim at exploring

whether this stylized fact carries over to health. This is challenging as we need compa-

rable health data across countries and parent identifiers to link siblings. We use the

Panel Study of Income Dynamics (PSID) for the US, and the Socio-Economic Panel

(SOEP) for Germany. These two studies provide rich sociodemographic information

as well as comprehensive information on health. Due to the genealogical design,

these surveys are well suited for our study. For Denmark, we make use of the Danish

Longitudinal Survey of Youth (DLSY) and the Danish Longitudinal Survey of Youth -

Children (DLSY-C). The advantage over admininistrative data is that the information

is collected in a comparable manner as in the SOEP and PSID.

The contribution of this paper is twofold. The first lies in extending the com-

parative evidence on social mobility to health, an understudied aspect of human

well-being. The second contribution is methodological: We measure equality of op-

portunity not by traditional parent-child associations but by sibling correlations,

which a growing part of the literature emphasizes as a richer way of characterizing the

extent of uneven playing fields in a society ((Solon (1999); Mazumder (2011); Björk-

lund and Jäntti (2012); Bredtmann and Smith (2018)). An additional of advantage of

sibling correlations is that we do no need to rely on health information of parents.

This is important in our setting since the health information on the parents is only

very limited in our survey data for Denmark.

We lay out the relation between parent-child models and sibling correlations

which allows us to relate our study to other studies estimating the intergenerational

elasticities or intergenerational correlations in health. The basic insight is that the

association between parent status and child status is only one of many factors that

constitute family background broadly understood, and thus regressing any given

child resource on the corresponding parent resource is like "only studying the tip

of the iceberg" (Björklund and Jäntti (2012)). As the individual has not chosen her

own family, sizable sibling correlations violate the norm of equality of opportunity. In

2Concerning income inequality, see also Figure 2 in Corak (2012) ("The Great Gatsby Curve").
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other words, the family is, from the point of view of the individual, a circumstance, and

not the result of any effort which individuals meaningfully can be held accountable

for. In general, it is difficult to evaluate what magnitudes constitute ’sizable sibling

correlations’3. The literature on social mobility has no recipe for deciding on an ’opti-

mal’ level of mobility but as a largely descriptive body of studies it is informative in

several dimensions. Policymakers may aim for an increase in social mobility in which

case they would be advised to look at institutions of countries currently displaying

higher mobility levels than themselves. In a similar vein, the importance of covariates

in explaining e.g., sibling correlations may provide indirect evidence on which factors

(e.g., education) are driving (the lack of) social mobility.

Sibling correlations in a cross-country setting is relatively novel. One exception

is Schnitzlein (2014) who studies the same countries as we, and finds that sibling

correlations in income in Denmark are markedly lower than in Germany and the US

who are more similar. This mirrors Björklund et al. (2002) who find lower brother

correlations in earnings in the Scandinavian countries than in the US. The conclusion

that mobility is higher in the Scandinavian countries, whether the outcome variables

is income or educational attainment, is also the one reached in the literature that

measures mobility by traditional parent-child associations (Hertz et al. (2007); Black

and Devereux (2010); Corak (2013); Andrade and Thomsen (2018)), although Landersø

and Heckman (2017) emphasize that conclusions differ somewhat depending on the

income measure used (e.g., wages versus total income, and whether to account for

government transfers or not).

Our study relates to a very scarce literature estimating the degree of mobility

in health. There are a few studies explicitly doing this in a cross-country context.

Examples are Bhalotra and Rawlings (2011) and Bhalotra and Rawlings (2013), where

Bhalotra and Rawlings (2011) analyse the intergenerational transmission of health

in developing countries, and Bhalotra and Rawlings (2013) assess the gradient in

health with respect to various country specific economic indicators in developing

countries. In contrast to Bhalotra and Rawlings (2011) and Bhalotra and Rawlings

(2013), our goal is to assess the contribution of the shared family background to the

inequality in health across the three countries, not the specific correlation between

(adult) parental health and child health. Moreover, we focus on countries which are

not considered at a developing stage. Dolton and Xiao (2017) estimate the association

in BMI across generations in China, UK, US, Indonesia, England and Spain, and find

very similar elasticities across countries. However, their setup does not allow them to

3See also Arneson (2018) for a treatment of the trade-off between equality of opportunity and family
liberty.
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compare children at similar ages, and suffers from the same problem of not capturing

the broad importance of family background, similarly to the studies referenced above.

Recently, a few studies have evaluated the degree of health mobility in the three

countries we study here. That is, these studies evaluate the degree of the reproduction

of health in families in the countries separately, and not casting the analysis explicitly

as a cross-country comparison. Halliday et al. (2018), Graeber (2018) and Ander-

sen (2019) study the strength of parent-child associations in the US, Germany and

Denmark, respectively4. They all condense multi-dimensional health information

into a one-dimensional continuous outcome and adhere to the standards in the vast

literature on economic mobility in that they, for example, take seriously the testing of

attenuation bias. The exact measurement of health varies from self-reported health to

health care utilization, and the samples differ somewhat in terms of cohorts and ages,

but the preliminary conclusion to draw from these studies is that the US exhibits the

highest persistence between parent and child health, followed by Germany, which

exhibits higher persistence than Denmark. Taken at face value, the estimates then

suggest a similar country-pattern as for income mobility. However, while comparing

estimates from such studies can be informative, it is a fundamental problem that they

are not explicitly comparable in terms of cohorts, data and measurement; a problem

likely more critical in this case when measuring, and comparing, latent constructs

(health).

To the best of our knowledge, no study thus far has systematically evaluated the ef-

fect of the parental background on the inequality of health in a systematic way across

US, Germany and Denmark. Our approach offers no clear-cut solution to the puzzle

of why siblings tend to have correlated outcomes, and why the strengths of these may

differ across environments. However, we believe that if significant differences in the

degree to which the variation in health outcomes depend on family factors are found,

then it is suggestive about the role of the institutional differences between the varying

settings. In other words, such a finding should lead policy makers concerned about

reproduction of health outcomes in families to look more closely at the effects of uni-

versal health insurance, income inequality and intergenerational economic mobility.

More broadly, given some of our outcomes are BMI and obesity, one may also think of

cross-country differences in food culture and norms surrounding diet. Alternatively,

more traditional economic explanations may suffice: For example, Finkelstein et al.

(2005) note that the relative price of calorie-dense foods and beverages in the US

decreased since the early 1980s, and that many studies find negative associations

4Andersen (2019) also studies sibling correlations.
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between body mass index and income (see their Table 2)5. As a result, there may

exist a dependence between obesity on the one hand, and economic inequality and

income mobility on the other. Mobility in health outcomes can then not only be

hypothesized to originate from obvious cross-country differences such as the avail-

ability of universal health care insurance, but also from characteristics related to

reproduction of economic resources.

We find that US sibling correlations are, in general, not higher than in Denmark or

Germany. Sibling correlations in Denmark are also not lower than in Germany. Thus,

this metric of social mobility in health do not rank countries similarly to the broad

agreement reached from the economic mobility literature, where the importance

of family background is higher in Germany than Denmark, and higher still in the

US. However, assessing the separate variance components constituting the sibling

correlation yields interesting insights: in Germany and Denmark, family background

is more important in a relative sense, but less important in an absolute sense. That is,

the variance between families is higher in the US, but this is more than counteracted

by the higher individual variability. For the case of BMI and obesity, we develop

a framework to perform an in-depth analysis of cross-country differences of this

partly methodological point. This exercise demonstrates that mobility measures

should be cautiously interpreted when done in a cross-country context, a point also

touched upon elsewhere (see e.g., Section 2.3 in Landersø and Heckman (2017)).

Consequently, which country comes out as the "most mobile" is measure-dependent,

and the implications of relative mobility levels differ substantially across countries.

When exploring potential mechanisms such as parental SES, we find interesting

cross-country variation. Sibling correlations in the US are substantially attenuated

by holding parental education and income fixed, while estimates in Denmark and

Germany are virtually unaffected.

The rest of the paper is organized as follows: Section 2 lays out the methodolog-

ical framework. Section 3 describes the data. Section 4 presents results. Section 5

discusses and concludes.

2 Methodology

In this paper, we use sibling correlations to evaluate the influence of the shared family

background on inequality in health, and, whether the strength of this dependence

5The latter observation, that is, the inverse relationship between household income and obesity is
also referred to as the "reverse gradient" because it is the reverse of the pattern in developing countries
(Bentley et al. (2018)).
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varies across our three selected countries. While sibling correlations are increasingly

utilized in the literature, the majority of studies have used models where child sta-

tus is regressed on parent status. The two approaches have different strengths and

weaknesses. However, we will argue that overall, the sibling correlation is a more

nuanced way of measuring the importance of family background. In fact, there is

also an intimate mathematical relation between the two approaches. Consequently,

even though we do not use child-parent models, they, and their relation to models of

sibling correlations, are presented below. This allows us to relate our study to other

studies estimating intergenerational associations in health outcomes. The following

two subsections draw on Andersen (2019).

2.1 Parent-Child Models

The point of departure of most of the literature on intergenerational mobility is a sim-

ple linear regression model relating the same outcomes of consecutive generations

as follows:

YC =α+βYP +ε, (2.1)

where Yc and Yp denotes status of the child and the parent, respectively. Often, those

models are estimated in log-log specifications. “Status” is to be understood broadly

and may encompass absolute or relative measures of income, education or health,

among others. In equation (2.1), β is the parameter of interest and shows the strength

of the association between parent and child outcomes. If log-log specifications are

estimated (e.g. Solon, 1992; Bratberg et al., 2017; Chetty et al., 2014), these estimands

correspond to elasticities. Thus, the coefficient estimand of β is the estimated per-

centage change in the children’s outcome in response to a percentage change in the

parental status measure. Thus, those reflect intergenerational earnings or income

elasticities (IGE). If positive and numerically large, mobility is low. If close to zero,

intergenerational mobility is high; that is, child status can be considered orthogo-

nal to parent status. An additional measure of the intergenerational association in

economic outcomes is the intergenerational correlation (IGC). The IGE and IGC are

related as follows:

IGC = σP

σC
β, (2.2)

where notation follows equation (2.1) and σC and σP are the associated standard

deviations of child and parents distributions, respectively. Hence, the IGC can be seen
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as a standardization that prevents the IGE from increasing due to a "mechanical"

effect of increased inequality in later generations.

More recently, many researchers have estimated rank-rank slopes (RRS) (e.g.

Chetty et al., 2014). If the outcome is monotonic, this amounts to regressing the per-

centile rank in the children’s outcomes in the children’s distribution on the percentile

rank of the parents’ percentile rank in the parent’s distribution. The resulting rank

slope then corresponds to the persistence in percentile ranks across distributions.

The RRS is a purely positional measure. Mathematically, it is the Spearman correlation

coefficient between YC and YP . This measure solely uses information on the relative

position between individuals; hence, it makes no assumptions about the distribution

of the data apart from monotonicity. The literature has emphasized its robustness

to measurement issues such as life-cycle bias and inclusion of zero incomes (Chetty

et al. (2014); Mazumder (2015)). As Chetty et al. (2014) point, the RRS and the ICG are

related as follows6:

RRS = 6Ar cSi n( IGC
2 )

π
≈ 3IGC

π
≈ 0.95IGC (2.3)

Thus, these models, what we refer to as parent-child models, are intimately related.

In general, the elasticity will be different from the IGC if the dispersion of outcomes

change across generations, and the IGC will be different from the RRS if the relation

between parent and child status is non-linear (see for example the functional forms

given in footnote 22 of Corak et al. (2014)). In the following, we clarify how these

models are related to sibling correlations. We will see that the latter in some sense

are superior given that they capture family background more broadly, and contain

explicit estimates of cross-sectional inequality in the variance components.

2.2 Sibling Correlations

2.2.1 Framework and Estimation

As noted by many researchers, the literature on intergenerational mobility may over-

look important components of family background by focusing on a single parental

resource7 (Solon (1999); Mazumder (2008a); Björklund and Jäntti (2009); Bredtmann

and Smith (2018)). Ultimately, what should be relevant for gauging equality of oppor-

tunity is whether health status is reproduced according to general family background,

6This approximation holds if IGE are estimated using log-log specifications, parent and child outcomes
follow a bivariate log normal distribution and the IGE is small.

7i.e., YP .
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not the correlation of child health with one specific parental variable as is the case for

all the three above mentioned statistics. In addition to the parental resource, a sibling

correlation takes into account all unobserved factors that are shared by siblings and

that are uncorrelated with the parental resource:

Sibling correlation =IGC2 +other shared factors (2.4)

that are uncorrelated with the parental variable,

where IGC is the intergenerational correlation from above. See Solon (1999) for a

derivation. The above equation shows how much of the importance of family back-

ground that potentially is missed by only estimating models of the kind in equation

(2.1). The conceptual framework of the sibling correlation is as follows: The out-

come of the child , Y (which may be purged of e.g., age and gender effects), can be

decomposed as

Yi j =αi +bi j , (2.5)

where αi is shared by siblings in a family, and bi j is unique to individual j in family

i and captures individual deviations from the family component. Hence, these two

components are then orthogonal by design. Then, the variance of the outcome is

given as the sum of the variances of the two individual components

σ2
Y =σ2

α+σ2
b (2.6)

Thus, the fraction of the variance in the outcome, which is attributable to family

background, is given as

ρ = σ2
α

σ2
α+σ2

b

(2.7)

The sibling correlation, ρ, has the interpretation of being the correlation being

two randomly picked siblings. It is also be referred to as the intraclass correlation. The

numerator holds the between-family variation and the denominator holds the sum of

this component and the within-family variation. Intuitively, if the numerator is large

relative to the denominator, that is, if the variation between families is large relative

to the individual variation, it must imply that what happens in the family, is crucial.

In other words, siblings should then resemble each other to a high degree. If ρ is zero,

family background has no bearing on health outcomes of children, while a positive ρ

indicates that siblings to some degree share health outcomes, thus pointing to the
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importance of family background. In all the estimations that follow, the variance

components of equation (2.6) are estimated by Restricted Maximum Likelihood

(REML), following Mazumder (2008a); Björklund and Jäntti (2012); Bredtmann and

Smith (2018), where we assume the components to be normally distributed.

While the sibling correlation arguably is a broader measure of intergenerational

mobility than regressions of the kind in (2.1), it is important to note there are aspects

it does not capture. Examples include the fifty percent genes the siblings do not share,

differential treatment by parents, and (other) time-varying factors in the upbringing.

Still, the sibling correlation is a useful way to gauge whether conventional inter-

generational mobility estimates miss important aspects of family background. The

advantage of the sibling correlation is that it reflects everything that is time constant

within the family, observed as well as unobserved factors. Therefore, variables difficult

to measure such as family values, attitudes and preferences are also captured by this

broad ’omnibus’ measure. Examples may also include the (time-constant) residence

of the family, the degree of private health insurance, and other general aspects of

socioeconomic status that may be important for the health status of the offspring,

while not necessarily correlating perfectly with parental health. In particular, in a

cross-country comparison there may be a myriad of ways in which these variables,

perhaps in a country-specific way, affect the relation between family background and

health. Consequently, the sibling correlation as a broad measure is convenient here.

In general, the literature on social mobility finds that parent-child associations

fail to capture significant aspects of why siblings resemble each other in a given status

measure. For example, Solon (1999) notes that only forty percent of US sibling corre-

lations in long-run earnings can explained by parental earnings. Björklund and Jäntti

(2012) find that importance of background is even more severely underestimated in a

Swedish setting for a wide range of measures, including earnings, height and IQ, when

estimating equations of the form in (2.1) compared to estimating sibling correlations.

Piraino et al. (2014) study transmission of longevity across four generations of settlers

in South Africa’s Cape Colony, reporting sibling correlations, cousin correlations in

addition to associations across generations. They find sibling correlations of 0.08-

0.15 and intergenerational elasticities of 0.05-0.1, all in all indicating that parental

longevity only explains between two and seven percent of the overall sibling longevity

resemblance. Also, Andersen (2019) finds that parent-child associations genuinely

only are "the tip of the iceberg" as they explain no more than eleven percent of the

sibling health resemblance. Although there are few studies comparing parent-child

associations and sibling correlations in health there seems to be evidence that in-

tergenerational correlations misses even of more of the broad importance of family
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background than for other outcomes8.

For the case of health, there may be additional historic reasons for why parent-

child associations are inadequate. The case of smoking presents an interesting exam-

ple of a “cross-over” of prevalence among different groups in society. It was a symbol

of wealth and status in the first half of the 20th century, eventually also taken up by

the middle and lower classes. After growing public awareness of its harmful effects

in the 1960s the SES patterns of this practice reversed, with the low-SES groups now

consuming more tobacco (Pampel (2007); US Department of Health and Human

Services (2014)). Hence, among young adults in the 1950s and early 1960s, high-SES

individuals would probably smoke more than their low-SES counterparts, but their

offspring would smoke less than the children of the low SES-group. The high-SES

group of parents would in all likelihood still be in overall better health than the (less

tobacco consuming) low-SES group, but this cross-over of preferences would tend to

attenuate the correlation between parent and offspring health. In contrast, sibling

correlations offers a way of quantifying the importance of family background by

exclusively focusing on individuals growing up at approximately the same point in

time. Similar considerations may apply to the case of obesity and body mass index.

Finkelstein et al. (2005) note that obesity suddenly saw a rapid increase beginning

in the 1980s9. Referring to the rising obesity between 1990 and 2015, Bentley et al.

(2018) note that "In one generation, the change has been so dramatic that the obesity

rate in any U.S. state in 2015 would have been an extreme outlier in the U.S. in 1990."

According to the U.S. Department of Health and Human Services (2019), obesity

has increased in all age groups, but more so for adolescents than adults. Similar

to the case of changing smoking patterns, sibling correlations may better capture

the reproduction of health in families when important health determinants of the

environment see relatively fast and substantial changes.

2.2.2 Testing Potential Mechanisms

In this section we attempt to gauge the importance of various covariates using a

simple approach adopted by Mazumder (2008b) and Bredtmann and Smith (2018)).

We now specify the outcome as

8For the case of height, Björklund and Jäntti (2012) find that the parent-child association explains 43
percent of the sibling correlation, being on par with the findings they report for IQ, noncognitive skills and
schooling. However, given that height is plausibly the "most genetic" trait in the class of health outcomes,
we see this as merely confirming the above point that for health as a domain, sibling correlations are even
more necessary to quantify equality of opportunity than for e.g., earnings or educational attainment.

9Their statistics are for the US, but this trend is seen in the rest of the Western world.
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Yi j = Xi jγ+εi j , with εi j =α∗
i +b∗

i j ,

where X is a vector containing the relevant control variables (e.g., parental so-

cioeconomic characteristics). The sibling correlation that accounts for these, ρ∗, is

then defined similarly as before:

ρ∗ = σ2
α∗

σ2
α∗ +σ2

b∗
, (2.8)

where ρ∗ is the sibling correlation purged of the variables in X . The variables

in X are treated as fixed effects in the REML framework and reduces the residual

variation in the outcome variable (Mazumder (2008b)). Here, the relative difference,

∆∗ = (ρ−ρ∗)/ρ, can be seen as an upper bound estimate of the causal effect of entries

in X on the sibling correlation. It is only an upper bound since e.g., parental education

may be correlated with other variables (such as time preferences in the family) which

we suspect may also impact mobility. However, if ∆∗ is numerically large, this may be

indirect evidence that the content of X (or its correlates) are important in explaining

sibling resemblance.

In the empirical section we include information on parental education and in-

come in the covariate vector. It is natural to probe the importance of education as it

is a key component of the influential Grossman model of health (Grossman (1972b)).

The Grossman model suggests that education causally affects health outcomes in

that higher educated agents more efficiently transform health inputs into health

capital. Similarly, more educated parents may do this on behalf of their offspring,

or helping them directly become efficient in transforming health inputs into health

capital themselves. As for income, the ’direct income hypothesis’ suggests a direct

causal effect from income to health (Bhattacharya et al. (2013, Ch. 4)). For example,

Frijters et al. (2005) hypothesize that better diet, better access to medical services and

living environment may be plausible mechanisms. In a context of universal health

care insurance the explanation of access to medical services may be most relevant

for the US, and less relevant for countries like Denmark and Germany. Hence, we

may hypothesize that, in aggregate, sibling correlations in Denmark and Germany

may be less responsive to conditioning on parental SES indicators, i.e., that ∆∗ here

is numerically smaller.
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2.3 Family Frontier Differentials

In the following, we develop a framework providing tools we believe are helpful

in understanding differences in cross-country sibling correlations. This framework

is motivated by the findings in subsections 4.1 and 4.2, and is relatively simple in

that its building blocks are the family and individual components introduced in the

subsection above.

We assume that the realization of an individual’s outcome consists of the following

(country-specific) parts, as is common in linear multilevel models:

• (a) An overall mean (µ)

• (b) A draw from a normal family distribution with mean zero and variance σ2
α

(H)

• (c) A draw from a normal individual distribution with mean zero and variance

σ2
b (E)

One interpretation is that (a) and (b) represent endowments or circumstances

(either due to the family or the country) and that (c) represents “effort” in some

meaningful way. Such an interpretation seems consistent with the egalitarian the-

ory developed in Roemer (2009), who defines “effort” as the within-type percentile

of effort10. As we saw in the subsection above, the individual component is the

individual-specific deviation from the family component, and hence, the idea is that

an individual is not accountable for neither the overall country mean, the family

component, or the distribution of the individual component, but accountable for the

percentile draw of the individual component. There is a growing literature on sepa-

rating effort and circumstances (Bourguignon et al. (2007); Björklund et al. (2012);

Carrieri and Jones (2018)), and while we are somewhat skeptical of whether “effort”

and “circumstance” can be completely distinguished in a meaningful way, the above

interpretation may be useful to keep in mind for the following framework which seeks

to quantify equality of opportunity differences across countries.

For a given individual in country k we can now write an outcome, Yk , as

Y (k) =µk +H +E ,

where H ∼ N(0,σ2
αk

) and E ∼ N(0,σ2
bk

).

10The idea is that the individual should not be held accountable for its distribution of effort (i.e., its
type) but its realized effort level within this type.
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For counterfactual analysis we need slightly more general notation for Y . The separate

components have to be allowed to vary as follows:

Y
(
µk ,σ2

αk
,σ2

bk

)=µk +H +E , (2.9)

Next, let T be a certain threshold value, where it is of interest whether the out-

come exceeds this threshold. Examples might include that obesity occurs when BMI

exceeds a given threshold, or that poverty occurs when income falls below a certain

value. Hence, we think of passing the threshold as something undesirable. T may be

defined in a country-specific way, but here we assume all countries share a common

threshold value. Let FAM be percentiles of the distribution of H (i.e., percentiles

of the distribution of the family component), and let ID be the percentiles of the

distribution of E (i.e., percentiles of the distribution of the individual component).

We can now define the Event Region, ER, as

ER
(
µk ,σ2

αk
,σ2

bk

)= {
(I D,F AM) ∈ [0,100]× [0,100]

∣∣ Y
(
µk ,σ2

αk
,σ2

bk

)≥ T
}

(2.10)

Note how the ER depends on characteristics of the country (µk ,σ2
αk

,σ2
bk

). ERs are

useful for visualizing cross-country differences in relation to the components of the

sibling correlations. In relation to the examples provided above, event regions may be

regions where obesity, or e.g., poverty occurs. We would thus refer to those as Obesity

Regions, or Poverty Regions.

We now define the Family Frontier, FF, as

F F (I D)(µk ,σ2
αk

,σ2
bk

) = min
F AM

{
(I D,F AM) ∈ I D × [0,100]

∣∣ Y
(
µk ,σ2

αk
,σ2

bk

)≥ T
}

(2.11)

Hence, the FF is a function that, for a given percentile of the individual component,

returns the smallest percentile of the family component which satisfies the require-

ment that the outcome exceeds the threshold value. Note also that this of course

depends on country-specific characteristics
(
µk ,σ2

αk
,σ2

bk

)
.

To see how the FF may be used in cross-country comparisons, consider now

the Family Frontier Differential, FFD, where we without loss of generality compare

countries one and two:

F F D(I D)(1,2) = F F (I D)(µ1,σ2
α1

,σ2
b1

) −F F (I D)(µ2,σ2
α2

,σ2
b2

)
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Thus, the FFD has the virtue of comparing countries across the distribution of the

individual component, and answering, for a given percentile of the individual distri-

bution, how much different the draw of family percentiles would have to be to avoid

exceeding the threshold value.

We now define the Total Family Frontier Differential, T F F D , given as

T T F D(1,2) = 1

100

∫ 100

0
F F D(I D)(1,2) dI D

where we again compare countries 1 and 2 without loss of generality, and simply

integrate across a uniform distribution. The T T F D(1,2) is mostly defined for com-

pleteness. It should roughly reproduce the observed differences in outcomes for

country one and two.

The main metric of interest from the above is the FFD which highlights where in

the individual distribution, cross-country differences may matter for individuals. The

downside is that it is not clear what is driving this, i.e., which of the terms in equation

(2.9) that create the differences. We now introduce a standardized version of FFD,

namely the Standardized Family Frontier Differential (SSFD) given as

SF F D(I D)(1,2) = F F (I D)(µ2,σ2
α1

,σ2
b1

) −F F (I D)(µ2,σ2
α2

,σ2
b2

)

where the difference from F F D(I D)(1,2) is that the mean of country two, µ2, has

now been imposed on country one. Hence, now the cross-country difference is purged

of any underlying mean differences, and the role of family component variability

is isolated. Similarly to above, we can define a measure, Total Standardized Family

Frontier Differential (TSFFD), that aggregates these differences across the percentiles

of the individual component:

T SF F D(1,2) = 1

100

∫ 100

0
SF F D(I D)(1,2) dI D

In contrast to T T F D(1,2), T SF F D(1,2) cannot be approximately deciphered from

descriptive statistics but is the counterfactual difference in the prevalence of the

threshold-exceeding event that would occur if the countries have had similar under-

lying means.
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3 Data and Descriptive Statistics

A comparison of the relevance of the family background in health across Denmark,

Germany and the U.S. is a formidable task for three reasons: First, we need compa-

rable data on various health outcomes for the three countries. Second, these obser-

vations have to originate from comparable cohorts and years of observation. Third,

we need to be able to form family linkages within the cohorts of observation. In the

following section, we describe the three data sets which fulfill these three conditions.

We define siblings based on family units. Thus, if either the father or the mother

leaves the household to form a new family unit, we recognize this family unit as a

new family unit and the children in this family unit then form new siblings pairs.

Hence, our sibling definition is not restricted to biological siblings (although most of

the siblings share a biological father and mother). In this choice, we have followed

the majority of the literature (Mazumder (2011)), but results are virtually unaffected

(results not shown).

3.1 Description of data sources

3.1.1 Denmark: DLSY-C

The Danish Longitudinal Survey of Youth - Children (DLSY-C) comprise the Danish

data. This survey samples children of all participants in a Danish cohort study, the

Danish Longitudinal Survey of Youth (DLSY). The DLSY is a panel study of 3,151

Danes born in or around 1954, who have been interviewed in eight waves up until

2004. The DLSY-C was motivated by unresolved questions in the literature on inter-

generational social mobility. It currently contains one wave which was collected in

2010 by face-to-face interviews (Jæger, 2015). Central to the purpose of this paper,

it holds information on SRHS, height and weight in addition to a large battery of

sociodemographic information. Moreover, the DLSY-C is well suited for analyzing sib-

lings as each participant in the DLSY has had 1.78 child on average11. Among others,

the DLSY-C has been used for studies of social mobility in highbrow leisure partici-

pation (Katz-Gerro and Meier Jæger, 2015) and educational attainment (Bredtmann

and Smith, 2018).

11This is close to the average for Danes born in the 1950s (Jæger, 2015)
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3.1.2 Germany: SOEP

For Germany we use the SOEP. The SOEP is a representative household panel which

has been administered to individuals on an annual basis since 1984. The SOEP con-

tains rich information on occupational biographies, education, household composi-

tion, and health. As of 2019, roughly 15,000 households and 30,000 persons participate

in the SOEP survey. For more detailed information, see Goebel et al. (2019).12

Children in each SOEP household are first surveyed as soon as they turn eleven or

twelve years old, and are followed thereafter even if they leave the parental household

and form new households.13 Importantly, this allows us to link parents and their

adult children.

Since 2002, the SOEP collects detailed information on height in centimeters and

weight in kilograms of the respondents in a biannual frequency. From 1994 and

annually onwards, the SOEP includes information on the Self-Reported Health Status

(SRHS) of the respondents. In line with prior studies on intergenerational economic

mobility, we drop the “Families in Germany (FID)” sample, an oversample of low SES

families.14

3.1.3 The United States: PSID

For the U.S. we employ the PSID. The PSID is a representative U.S. household panel

and the world’s longest running household panel survey, having collected data on

individuals and families since 1968. The PSID started in 1968 with a nationally rep-

resentative sample of over 18,000 individuals which lived in 5,000 families15. Over

the years, 70,000 individuals have participated in the survey containing wide ranging

information on education, employment and health.

12We use the SOEPv33.1. DOI: 10.5684/soep.v33.
13Until 2014, children in each household were surveyed first in the year in which they turned 17 years

old and followed thereafter. Since 2014, the SOEP also administers questionnaires to pupils of age eleven
and twelve.

14Solon (1999) shows that the oversampling of low SES individuals attenuates the common estimates
of intergenerational mobility. Solon (1992) shows that these samples are more homogenous than the
population in various dimensions. This in turn decreases the sample variance in outcomes compared to
population variance. This then leads to an attenuation of the attenuation factor that potentially plagues
estimates of intergenerational mobility. The same reasoning applies to sibling correlations. In consequence,
it is common practice in the literature on intergenerational mobility to drop the Survey of Economic
Opportunity sample, a sample of low income households, in the PSID. We proceed similarly with the SOEP
and drop the FID sample.

15To be more precise, the PSID started with two surveys. The first survey was the Survey Research
Center sample and the other sample was the Survey of Economic Opportunity sample. The Survey Research
Center sample is a nationally representative sample. The Survey of Economic Opportunity sample is a
sample of low income households.
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From the beginning of the survey, the PSID has followed all family members and

their descendants, even if these families split off. This allows us to link the children of

the PSID families to their respective parents. Thus, we are able to identify siblings

within generations.

Since 1999, the PSID collects information on various health outcomes in a bian-

nual way.16 The health indicators we use are height and weight. Since 1984, the PSID

collects the SRHS of the individuals in each wave.

The PSID is a major data source for researchers interested in various dimensions

of social mobility. Examples include income mobility (e.g. Solon, 1992) and, since

very recently, health mobility (e.g. Halliday et al., 2018). In accordance with the

general practice (e.g. Solon, 1992), we drop observations from the Survey of Economic

Opportunity sample to avoid additional attenuation due to homogenous samples.

3.2 Measurement Issues in Health Mobility

3.2.1 Measuring Health

Health is an inherently latent concept. As a consequence, it is not obvious how to

measure, and operationalize, health17. For instance, if we would focus on mortality,

we would simply discard the health status which are not associated with a short-

ened life expectancy. On the other hand, if we would focus on physical illnesses, we

would discard all health issues related to mental illnesses. Consequently, each choice

is associated with some trade-offs. Choices in the literature include BMI, height,

SRHS, longevity, doctor visits, and hospital diagnoses. Some authors consider the

respective outcomes individually (e.g. Mazumder, 2008b; Björklund and Jäntti, 2012;

Bügelmayer and Schnitzlein, 2018; Bjoerkegren et al., 2019), others use dimension

reduction methods such as principal component or item-response theory methods

(e.g. Halliday and Mazumder, 2017; Andersen, 2019; Graeber, 2018), or various other

algorithms developed to ease interpretation of the extracted measure (e.g. Halliday

et al., 2018). Ultimately, we decided to investigate the five health(-related) outcomes

available in DLSY-C18: Weight, height, BMI, obesity and SRHS. We investigate the

outcomes individually as the data is not well suited for dimensionality reduction into

a single health measure.

16The PSID surveyed individuals on an yearly basis since 1968. Since 1997, the PSID surveys individuals
in a biannual frequency.

17Currie and Madrian (1999) note that: "The concept of “health” is similar to the concept of “ability” in
that while everyone has some idea of what is meant by the term, it is remarkably difficult to measure."

18Hence, here DLSY-C is the limiting factor, i.e., the health data contained here is a subset of the data
in PSID and SOEP.
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Our first four measures - weight, height, BMI and obesity - are anthropometric

in nature. That is, they are concerned with measurement of the human body. When

studying sibling correlations in labour market outcomes, Björklund and Jäntti (2012)

also includes height. The rationale for including height as a health proxy is its inverse

correlation with all-cause mortality in developed countries (Smith, 2002) and that it

could signal absence of diseases in childhood (Currie and Madrian (1999)).

The use of weight, BMI and obesity as health proxies is primarily motivated by the

global obesity epidemic (World Health Organization, 2000). In 2016, 1.9 billion adults

were overweight, of which 650 million were obese. High BMI is a major risk factor of

cardiovascular diseases (Khan et al., 2018; World Health Organization, 2018), high

blood pressure (Dua et al., 2014), osteoarthritis (Zheng and Chen, 2015), some cancers

(Bhaskaran et al., 2014), diabetes (Narayan et al., 2007) and premature mortality

(Fontaine et al., 2003; World Health Organization, 2018).

Our last health measure, SRHS, is inherently different from the anthropometric

measures by virtue of being entirely subjective. Also, it is not related to a particular

aspect of the body but a summary measure of how healthy the individual feels overall.

SRHS have been found to predict mortality, even conditional on objective health

measures (DeSalvo et al. (2005); Halliday (2014)). Halliday et al. (2018), in their study

of intergenerational health mobility, base their health measure on repeated, time-

averaged measures of SRHS. In Halliday and Mazumder (2017) it enters the aggregate

health measure, albeit also with other, objective health conditions.

Since the SRHS is an ordinal variable, the sibling correlation in SRHS corresponds

to Spearman’s rank order correlation, which quantifies the association in health ranks

between siblings. In order for that quantity to be meaningful, we have to make a few

assumptions: If we rely on parametric identification of the rank ordering, we have

to be able to establish first-order stochastic dominance (FOSD) in the continuous

health construct underlying the rank ordering as well as common reporting functions

for the normal distribution (e.g. Bond and Lang, 2019; Schroeder and Yitzhaki, 2017).

FOSD is not testable as we cannot observe the true health status of the individuals.

However, if we are willing to assume that FOSD can be established between groups,

the rank ordering is identified if a common reporting function is shared.

Jürges (2007a) explore differences in reporting styles in 10 European countries

and find that Danish respondents tend to over-rate their health relative to their

objective health status. In contrast, Germans, on the other hand, report being in sig-

nificantly less good health than objective indicators would imply19. At the very least,

19As the data source used is the Survey of Health, Ageing and Retirement in Europa (SHARE) there is
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this implies that potential cross-country differences in self-reported health would be

ill-suited to discern absolute differences in health with. However, we are comparing

associations of SRHS within countries and between siblings. Thus, our assumption of

a common reporting function is somewhat less restrictive than typically required in

cross-country studies. In particular, it is reasonable to assume that siblings share a

common reporting function of health.

3.2.2 Lifecycle Bias and Attenuation Bias

The literature on intergenerational mobility has emphasized two inherent biases in

estimating the degree of persistence in a society. Lifecycle bias captures biases arising

from measuring outcomes at sub-optimal ages, i.e., at certain points in their lifecycle

that does not accurately proxy their lifetime outcome (Grawe, 2006).

Attenuation bias reflects a bias arising from measurement error in only including,

say, single-year measurement earnings to capture lifetime income. Intuitively, there

will be substantial noise in such estimates, leading to an attenuation of the estimated

parameters. These concepts are most often treated in a framework of parent-child

relations (and with income being the variable of interest) but they apply to a frame-

work of sibling correlations as well (Solon, 1992). In some respects, our measurement

framework fares poorly on these metrics. In terms of attenuation bias, we can only

include one year of health measurements which is a result of the DLSY-C only consist-

ing of one wave. The PSID and SOEP have multiple waves for the selected cohorts, but

we are forced to adopt the "least common denominator", which is common in other

cross-country studies of social mobility (see e.g., Jantti et al. (2006)) where the British

data is imposings restriction on the other data sets). As for lifecycle bias, it would

be intuitive to suspect that latent health is best revealed in late adulthood, say, in

the 50s, 60s and 70s when chronic diseases start to become prevalent20. The "signal"

simply increases in strength as individuals age. Halliday et al. (2018) provide clear

evidence from the PSID that the variance in health outcomes particularly increase

after age 50.21 In contrast, we measure individual health outcomes while they are in

their adolescence and adulthood. Thus, it is likely that we measure health at a point

unfortunately no information on the U.S. However, in an interesting cross-country study of “bullshitting”
as defined by the authors to "make exaggerated claims about knowledge and own ability", it is found that
this is more common among young people in North America than in Europa. However, whether this also
leads to higher self-reported health status relative to true health is pure speculation.

20Contrast this with income where a window around 40 is found to be optimal for proxying lifetime
income (Grawe (2006); Mazumder (2005)). Regarding health measurement, an additional concern is how
to handle mortality. Following e.g., individuals in their 70s requires restricting on survival at a relatively
late stage in the life-cycle, which may potentially be problematic.

21Although implications for the intergenerational associations are not entirely clear in their study.
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in time where the health signal is not fully revealed. However, it is also legitimate not

necessarily to pursue results from the point of the lifecycle where the correlations

are suspected to be highest, but simply acknowledge that different periods are in-

teresting for different reasons. For example, there are several studies on the familial

determinants of birth weight, including sibling correlations in birth weight (Currie

and Moretti, 2007; Kreiner and Sievertsen, 2018). Similarly, studying determinants

of health in youth may be particularly interesting because this is the point in time

where important human capital accumulation and important life choices are taking

place. Contrast this with the case of studying earnings in the, say, early twenties

would involve an ambiguous interpretation in terms of labour market entry and

tertiary education. Such sibling correlations would probably not be very informative

simply because low earnings could both reflect low productivity and being enrolled

in tertiary education and hence, potential for high earnings later in the lifecycle.

Consequently, we do not believe that lifecycle bias, as commonly discussed in the

literature on intergenerational economic mobility, applies to our situation for health.

It is something to be aware of when interpreting results but it is not a problem per se,

as for example in the case of income. Concerning attenuation bias, our approach of

only including one year of health measurement is obviously insufficient. However,

the cross-country nature of our study can potentially alleviate this problem. We ac-

knowledge that single-year health measurements are likely to be downward biased as

a proxy for underlying health status but assume that this bias is of equal magnitude

in the three countries. That is, if the estimates are "equally biased", the cross-country

comparison still carries validity. So, similarly to how cross-country comparisons put

higher requirements on the data, it can also weaken demands on the data in other

aspects. Also, it is clear that our approach here, using only one-year measurements, is

ill-suited to assess the sibling correlation in health status in any of the three countries

separately, but the key question is whether the countries are different. Hence, if one

assumes that attenuation bias displays a similar pattern across venues, the problem

of attenuation bias is less of a concern since we are interested in relative differences.

In the Appendix we check how sensitive our results are to inclusion of more years of

observations in the settings where this is possible (Germany and the US). We find

that the anthropometric outcomes are relatively robust, while the relative sizes of the

SRHS sibling correlations are more sensitive to the number of years included.
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3.3 Variable definitions

3.3.1 Health Variables

Height and weight are translated from the imperial to the metric system for the PSID.

Thus, throughout, height is reported in centimeters and weight in kilograms. We

calculate the BMI of each individual as

BMI = W

H 2

where W is weight in kilograms and H is height in meters.

For obesity we follow the World Health Organization (2019) definition and con-

struct this variable as a binary indicator variable, i.e.,

Obese =1{BMI>30}

SRHS of the respondents, as is standard, is assessed by the question “Would you

say your health in general is excellent, very good, good, fair, or poor?”. The common

practice, which we follow here, is to code the responses in integers ranging from five

to one22.

3.4 Sample selection

The main criteria for choice of surveys, and subsequent sample restrictions, have

been to ensure maximum comparability of the samples. As the DLSY-C is only avail-

able for 2010, the data availability of the DSLY-C determines our sample choices for

the PSID and SOEP.

In a first step we restrict the year of birth of the children in the PSID and the SOEP

to correspond to the same years of birth as in the DLSY-C. This range is 1970 to 1995.

This minimizes the likelihood that results are confounded by cohort effects (that

would not fully be alleviated by cohort fixed effects). The main share of respondents

are then between 20 and 35 in 2010. In a second step we center the year of observation

for the SOEP and the PSID to correspond to 2010 as closely as possible. For the PSID,

due to its biannual frequency, we include observations from the year 2009 and 2011.

For the SOEP, we include the survey years 2010 and 2012. In both samples, the PSID

and the SOEP, we include the first observation of each individual. That is, we include

the first year for most individuals, and for those where it is missing, we take the second

year if available. In a last step, we restrict all observations to full item-response on the

health outcomes and available mother or father indicators.

22Throughout, we assume that SRHS is cardinally scaled.
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3.5 Descriptive statistics

Table 1 displays the summary statistics for our three samples. In the Danish sample,

we observe 3,439 children originating from 2,049 families. In the German sample, we

observe 2,602 children from 1,994 families. For the US, we observe 3,539 children from

2,709 families. The average age of the individuals ranges from 25.3 for the German

sample, to 29.3 in the U.S. sample and 27.1 for the Danish sample. The average year

of birth ranges from 1979.7 for the U.S. sample to 1984.1 in the German sample and

1982.9 in the Danish sample.

Turning to our health outcomes, displayed in Table 1, we observe that the Danish

sample exhibits higher average SRHS, while the German and U.S. sample on average

report similar levels of SRHS.23 This resembles well the observation that Scandinavian

countries on average report higher levels of SRHS compared to other countries in

Europe (Jürges, 2007b). Turning to the anthropometric health indicators, we observe

the following pattern throughout: While the German and Danish individuals are very

similar in their health outcomes, the U.S. deviates markedly. For example, the average

BMI is 24.2 and 24.0 for Denmark and Germany, respectively. In contrast, the average

BMI is 26.8 in the U.S. sample24. Similarly, the prevalence of obesity is ten percent

in Germany and Denmark, and markedly higher at 24 percent in the US. While the

average weight is 74.9 and 73.2 kg in the Danish and German sample, respectively,

this figure is 80.3 kg in the US. Lastly, while the average height of the respondents

is about 175.4 cm in Denmark and 174.1 cm in Germany, the average height of the

respondents is 172.6 cm in the US.

The histograms for the SRHS and the densities of height, weight and BMI are

displayed in Figure 1a to Figure 2c. We observe a more skewed distribution of the

SRHS for Denmark compared to Germany and Denmark. For example, more than

35 percent of Danish respondents report excellent health while this is only 15 and

18 percent for Germany and the US, respectively. In contrast, Figure 2a, Figure 2b

and Figure 2c show that the distributions in the anthropometric health measures

are very similar for Denmark and Germany. In contrast, the distribution of weight

and BMI for the US show more mass in the right tail, reflecting the higher standard

deviation for the anthropometric measures for the U.S. In Table 1. The distributions

of the US sample in weight and BMI, together with the standard deviations in Table 1

point towards a higher variation across individuals than in Denmark and Germany.

23Smaller values in SRHS indicate better health status.
24As there are secular age trends in BMI, this could reflect that the US sample is slightly older. However,

when pooling the data and regressing BMI on an age polynomial and country fixed effects we find that
most of the country-differences in BMI persist.
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In contrast, the distributions in height for the three countries are relatively similar, as

depicted in Figure 2c.

For the decomposition of the sibling correlations in parental characteristics, we

construct a second sample where we condition on having available information on

parental education and income. The level of parental education is summarized by

whether the parents have ever obtained a tertiary educational degree, as assessed

by the International Standard Classification of Education 1997 (ISCED 1997). As the

income measure, we take the CPI-adjusted parental income when parents are aged

45. The income measures are binary indicators for income higher than the median of

all the individuals from similar birth cohorts as the parents. The characteristics of

this sample is shown in Table 2. It is seen that the sample sizes decrease somewhat,

and that there are some differences among parents, where the Danish parents are

somewhat better educated, and that the US sample maybe is slightly more selected

in terms of income (above the median). However, it is also apparent that the sample

left for analysis closely mirrors the general sample in Table 1 in terms of observed

characteristics of the offspring generation (that are subject to the sibling correlations).

4 Results

4.1 Comparison of sibling correlations of Denmark, Germany and the

US

Table 3 shows the comparison of sibling correlations in our five health outcomes

between Denmark, Germany and the US. The first panel displays the results for all

siblings, the second panel for sisters, the third panel for brothers. Columns (1) to (5)

hold sibling correlations for height, weight, BMI, obesity and SRHS. In the Appendix

we show that the one-year measurement nature of our design may yield sensitive

results in the case of SRHS. While we still include it in all specifications, we keep

this caveat in mind going forward. In all specifications we control for a second order

polynomial in age to account for potential age trends in the outcome variables, in the

’All’ specification we control for the gender of the individual. To ease the burden on

the reader, these estimates are all visually represented in Figure 3.

Table 3 shows that the estimates for height are in line with other literature. For

brothers, they hover around 0.5 (0.53 for Germany and 0.52 for Denmark and the

US). For sisters, they are slightly lower, most notably for the US (0.35). Björklund and

Jäntti (2012) estimate brother correlations in height to be 0.53 on Swedish military

enlistment data. For the US, Mazumder (2008b) obtains 0.49 for brothers and 0.46
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for sisters using the NLSY79, and the figures are 0.49 for brothers and 0.35 for sisters

when he employs the PSID (Mazumder (2011)). Of course, the latter may the more

relevant comparison here as we also utilize the PSID. Thus, it seems that generally

estimates for brothers are uniformly found to be 0.5 while this corresponding figure

for sisters is found to be lower, at least when employing the PSID. We view it as

reassuring that the estimates for height align to the degree they do (although the

alignment is somewhat stronger for brothers than for sisters). Height is probably

the most genetically determined outcome of the five we investigate. Hence, unless

individuals face very adverse environments, the transmission of height should not

differ very much. As all of the countries in our setting are relatively wealthy and

developed this is exactly the pattern we would expect.

Table 3 and Figure 3 contain many point estimates, and several ways in which to

explore heterogeneity, e.g., by gender, country or the interaction of the two. Although

there are some gender differences, we initially focus primarily on cross-country differ-

ences when pooling all siblings together, i.e,. attention is focused on part (a) of Figure

3 and the first panel of Table 3, where estimates are less noisy due to the larger sample

sizes. Recall that in this “All” specification, the sex of the individual is controlled

for, thus alleviating concerns of different correlation patterns (and prevalences) of

sexes. Figure 3 (a) shows a clear pattern of sibling correlations being relatively closely

aligned between countries. Also, as a general trend, correlations are higher for the

(continuous) anthropometric measures, and lowest for SRHS and obesity. Looking

closer for patterns reveal that the Danish sibling correlation is highest on all the

anthropometric outcomes, the US is lowest on the first three, and that the German

correlation is slightly higher for SRHS. For weight (BMI) the Danish correlation is

(borderline) significantly higher than its US counterpart. At first sight, these results

are perhaps quite puzzling. Taken at face value, it suggests that the importance of

family background does not differ markedly across countries. If anything, the impor-

tance of family background is higher in Denmark than in the US. It flies in the face of

our earlier reflections that features such as relatively low income inequality, high eco-

nomic mobility, and availability of universal health insurance all plausibly lower the

importance of family background for health outcomes. It also goes against a recent

literature estimating rank-rank regressions and sibling correlations in these specific

countries (Halliday et al. (2018); Graeber (2018); Andersen (2019)). Although sibling

correlations may pick up relatively more in some settings than others, we find it

implausible that parent-child associations viz-á-viz sibling correlations turn country

rankings upside down. In the following subsection, we explore cross-country differ-

ences in the building blocks of the sibling correlation, i.e,. the family and individual
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component, and shed some light on how to rationalise the above results.

4.2 Decomposition of Sibling Correlations

Table 4 shows the estimated family and individual variance components that con-

stitute the sibling correlation. The first row of each subsection of Table 4 repeats the

estimates from Table 3. However, immediately below it is shown for each outcome,

gender and country how the correlation came about as a function of the variance in

the family component and the individual component. Again, we focus primarily on

the specification with pooled individuals. First, we focus on column (3). The case of

BMI shows that Denmark (the US) exhibits the highest (lowest) sibling correlation of

0.33 (0.27) while having the lowest (highest) variance of the family component of 6.3

(9.1). However, this is more than counteracted by the higher individual component in

the US (compare 24.7 versus 12.9). Hence, moderately different sibling correlations

(0.33 versus 0.27) originate from vastly different variance estimates at the family and

individual nesting levels: The variance of the family component is approximately

50 % higher in the US, but the corresponding variance of the individual component

is approximately 100 % higher, in total yielding a lower sibling correlation. Looking

at brothers and sisters separately, the pattern is repeated: Denmark and Germany

tend to have lower variance components than the US, and it is an empirical question

whether this, in total, leads to higher or lower sibling correlations25. Note that for

height and weight, the same pattern is seen. Mathematically speaking, the sizeable

discrepancies in cross-country BMI make-up could originate both from height and

weight. However, unsurprisingly, the large differences in individual BMI is seen to

primarily arise from large differences in individual weight variability (compare 236.1

for the US and 132.7 for Denmark and 135.6 for Germany).

A similar pattern is seen for obesity, which is not surprising given that the US

prevalence is higher (and closer to 0.5, which is the fraction maximizing variance

for Bernoulli variables). For SRHS, we see how the US displays the lowest sibling

correlation, while having the highest individual variability and the second-highest

variability of the family component. In the following we perform a detailed analysis

of the case of BMI and obesity to gain an intuitive understanding of how these cross-

country differences in variance components map into realized outcomes.

25In particular, for sisters, the cross-country difference in the variance of the individual component is
seen to be stark.
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4.3 Family Frontier Differentials in BMI and Obesity: A comparison of

Germany and the United States

This subsection applies the framework developed in subsection 2.3 on BMI and

obesity. This choice in variables is motivated by the continuous nature of BMI, and

the natural threshold in the obesity definition26. For clarity, Denmark is left out out

this analysis. However, as Denmark and Germany fare very similar on these metrics,

hardly anything is lost by this exclusion. Hence, the below comparisons of Germany

and the US may as well be read as comparisons of Denmark and the US.

Before we present Family Frontier Differentials, we plot some family and indi-

vidual component from our main specification. Figure 4 shows the distribution of

the family and individual components for BMI as implied by the ’All’ panel of Table

4. The purpose of this figure is to provide some intuition on the magnitudes of the

estimated variance components for BMI and obesity outcomes. As Denmark and

Germany were very similar in this regard we focus only on Germany and the US in

the following. Recall that our estimation framework assumes normally distributed

variance components as displayed by Figure 4.

For Germany (the US), the overall BMI mean is 24.0 (26.8) and the estimated

variance of the family and individual distribution is 6.0 and 12.8 (9.1 and 24.7), re-

spectively. Figure 4 shows that the importance of (b) and (c) is relatively pronounced:

To get a ’BMI draw’ from the family distribution above 3 is relatively more likely in

the US, and for example to get a draw of 5 is roughly twice as likely in the US than in

Germany. For the individual component this pattern is even stronger due to the larger

difference in variability. Note here that all of these draws are relative to whatever the

underlying mean is. Also, all of the ’tail differences’ focused on here may apply both

to underweight and obesity. However, as the latter is probably of more policy concern,

this is what we focus on here.

Figure 5 shows Obesity Regions and Family Frontier Differentials for Germany

and the US, and spells out the importance of cross-country differences. We believe

the following exercise proves how sibling correlations naturally incorporates inequal-

ity in a way traditional parent-child associations does not, and that cross-country

26A similar analysis would also be interesting to do for SRHS. However, as it is “less continuous” than
BMI, and in the Appendix shown to be moderately sensitive to measurement issues, we have left out this
analysis to instead focus fully on BMI. Furthermore, it is less clear what a natural threshold is here. Possibly
a focal point would be to report being in excellent or very good health. Then the problem remains of
handling cross-country differences in reporting styles as briefly discussed in the data section. If an analysis
of the country-specific mapping beween “true” health and reported health similar to Jürges (2007b) were
performed for the US, it would be possible to utilize these country-specific thresholds in an analysis of a
(roughly) continuous SRHS variable applying our Family Frontier Differentials Framework.
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differences can be illuminated significantly by taking a closer look at the variance

components. In fact, the following comparison could be done for every outcome that

is effectively continuous, but where a threshold value has real-world importance27.

Figure 5 (a) shows US obesity as a function of percentiles of draws of the individual

and family distributions of BMI (as defined in equation (2.10)). One can imagine

indifference curves of BMI in this coordinate system increasing in the north east

direction. This is also apparent from the figure: Obesity is more likely the higher the

draw from the components, slightly more pronounced for the individual component

as this displays the highest variability (see above). For example, an individual will be

borderline obese if he or she combines a 75th percentile draw from the individual

distribution with a median (50th) percentile draw from the family distribution. Note

that the purple area, i.e., the obesity region implied by our estimation result, repre-

sents 24 percent of the total area of the graph which accurately reproduces the US

obesity rate from Table 1.

Figure 5 (b) adds two sets: The Obesity Region for Germany (coloured red) and the

navy-coloured counterfactual Obesity Region for the US (with a German BMI mean

imposed). Note that the lower boundaries of these regions correspond to FF(ID) as

defined in equation (2.11). We focus first on the red area and revisit the interpretation

of the navy area below. The red area represents combinations of percentile draws

where both American and German individuals will be obese. It represents 10 percent

of the total area of the graph which accurately resembles the German obesity rate

from Table 1. Intuitively, German individuals require a substantially higher draw of

(both) components to become obese. For example, while a 75th percentile individ-

ual draw would imply obesity for American family draws of above the median, a

German individual would not be obese unless the draw from the family component

approximately exceeded the 90th percentile. Consequently, there is a relatively large

difference of 40 percentiles in the family draw in terms of when this individual at a

fixed percentile would be obese. In Figure 5 (c), this Family Frontier Differential is

plotted as a function of the individual component. Hence, the question is “for a given

individual percentile draw, how many percentiles lower would the draw from the

US family component relative to the German family component have to be in order

to avoid obesity?”. In Figure 5 (c) the purple line plots this differential, i.e., it plots

the Family Frontier Differential (FFD) between Germany and the US. It is seen that

e.g., at the 75th percentile, the differential is 40 percentiles, which corresponds to the

27Here, the importance is the clinical definition of obesity at BMI values above 30. As discussed in the
methodology section, another example could be poverty cut-offs, where the underlying variable, income,
similarly is continuous in itself.
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example from above (the 90th percentile versus the 50th percentile). In general, the

differential is positive over the range [25,100] and peaks at approximately 95 before it

decreases drastically because virtually everybody becomes obese if they draw, say,

the 98th percentile from the individual distribution. Note from Figure 5 (c) that the

Total Family Frontier Differential (TFFD) equals 15.2, which is quite close to the raw

obesity percentage point difference between Germany and the US from Table 1.

However, while the above comparison sheds some light on cross-country dif-

ferences in obesity risks, it may be nuanced by separating the effects of mean and

variance. This is due to fact that the difference between the purple and the red area in

Figure 5 (b) is due to both difference in country means and variances. Contrast this

with the navy area whose lower boundary shows the US Family Frontier imposing the

German BMI mean on the US distribution28 (as implied by the family and individ-

ual variance components), i.e., its lower boundary shows the standardized Family

Frontier. Unsurprisingly, the gap between Germany and the US obesity areas is now

markedly smaller, although still important. This mean-adjusted gap as a function of

the individual component percentile, the Standardized Family Frontier Differential

(SFFD), is plotted as the navy line in Figure 5 (c). It is seen that it becomes positive

from the 50th percentile onwards and exceeds 10 approximately for individual draws

in [80,98]. These comparisons highlight the differences in variances across (country)

settings: For individuals at relatively high individual draws from the BMI distribution

it may be quite important whether a family draw at the, say, 70th percentile, results in

obesity, or whether this only occurs for values higher than the 90th percentile (i.e., a

conditional probability of 70 percent versus 90 percent). Importantly, it underscores

how crucial information on equality of opportunity across venues may be lost by only

focusing on the (aggregate) sibling correlations. It is seen that the Total Standardized

Family Frontier Differential (TSFFD) equals 3.7, which implies that if the US and

Germany were equalized in terms of mean BMI, due the higher US variability, the US

obesity rate would be 3.7 percentage points higher than that of Germany (i.e., nearly

40 % higher). In other words, the US obesity rate would drop from around 24-25

percent to around 14 percent. And as we saw above, especially for individuals at the

high range of the individual percentiles (i.e., in this case possibly interpreted as those

with relatively low “effort” levels as more BMI here is undesirable), US individuals

need a substantially “better” draw from the family component to avoid obesity rela-

tive to their German counterparts. This interpretation exactly highlights the equality

of opportunity concern: Individuals with a similar effort (as roughly measured by

28Here, we have not accounted for the age differences in samples, i.e., we have taken the raw mean of
Table 1. However, this adjustment plays only a minor role.
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the individual percentile draw) need substantially more “luck” (as measured by the

draw of, and distribution of, the family component, and possibly the overall country

mean) to avoid an adverse outcome (obesity). The results presented here shows that

the overall country mean plays an important rule but that considerable differences

remain even when isolating the role of differential variability across countries.

4.4 Exploring potential mechanisms

In the following, we apply the simple framework laid out in 2.2.2. Table 5 and Fig-

ure 6 show how sibling correlations react to conditioning on indicators of parental

socioeconomic status. Recall that this information is available for a subset of our

data (shown in Table 2). Figure 6 does not provide information beyond Table 5 but

is a visual aid for the reader in that it shows the percentage change in the sibling

correlations when, within each panel, going from the first row of Table 5 to the fourth.

We hypothesized that the sibling correlation would be attenuated from inclusion

of these covariates if they are mechanisms through which health reproduction in

families work. First, note from Table 5 that the "None" row, i.e., the row where no

covariates except gender dummies and an age polynomial is included, exhibits rela-

tively similar results compared to Table 3. This is reassuring as it shows that the two

samples display somewhat similar mobility dynamics. A quick glance at Figure 6 (a)

reveals a uniform pattern: The US sibling correlations are affected by inclusion of

parental socioeconomic information while the Danish and German ones are virtually

the same. For example, American sibling correlations in BMI decrease by 12 percent

(from 0.276 to 0.244), and decrease by 26 percent for SRHS (from 0.129 to 0.095).

In contrast, the Danish German sibling correlations are practically the same after

inclusion of these parental variables. From looking at the intermediate rows of Table

5 it is also apparent that both income and education contributes to lowering the

US sibling correlations, but the effects are numerically largest when including them

both simultaneously. Given the imprecision of the estimates, these changes are not

individually significant in the US case (For example, the point estimates of BMI of

0.276 and 0.244 are easily included in each others’ confidence interval as the standard

errors are around 0.036). However, given the consistent blue pattern in Figure Figure

6 (a), it is difficult not to suspect some real cross-country differences are at play.

Moving to Figure 6 (b)-Figure 6 (c) and Tables 6 and 7 it seems that this pattern

is primarily driven by sisters for the anthropometric outcomes except height, while

brother correlations in SRHS exhibit strong attenuation from inclusion of potential

mechanisms (a reduction of 31 percent). For sisters, the individual reductions are
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not statistically significant, because the larger standard errors compensate for the

increase in attenuation. Consider for example the outcomes showing the largest

reduction, weight. Here, the base estimate of 0.264 has a lower limit of an (approxi-

mately normal) confidence interval expanding to 0.264−1.96∗0.062 = 0.142, where

the "Both" estimate of 0.215 is easily an element in this interval. We have no simple

explanation as to why there are these big gender differences in which type of health

variable is attenuated from inclusion of parental covariates. However, it is consistent

with Mazumder (2008b) who, for the US, finds that brother correlations in height,

weight and BMI are relatively unresponsive to inclusion of parental socioeconomic

status (see his Table 6). Halliday et al. (2018) find that parent-child rank-rank slopes in

long-run time averages of SRHS in the US is attenuated by approximately 21 percent

when including indicators of parental SES. However, in this specification they pool

all individuals so it is unclear whether there are gender differences. However, our

overall SRHS attenuation of 26 percent is relatively close to their figure of 21 percent

(although note of course that their model is parent-child model).

5 Discussion and Conclusion

The (cross-country) literature on economic mobility finds higher importance of

family background in the US, followed by Germany and Denmark in succession.

The emerging literature in health mobility has not taken up many cross-country

comparisons (yet), but the results from studying individual countries paint a similar

picture as for economic mobility (see Introduction). We are not merely interested in

comparing specific countries, but at a broader level, it may be interesting for policy

makers to compare health mobility in settings with different levels and modes of

income inequality, economic mobility and health care provision.

Our first main finding was that sibling correlations in health did not display the

same cross-country pattern as might be expected from this literature. If anything, the

picture was reversed. Most sibling correlations in health-related measures displayed

similar magnitudes, and when significant, mostly displayed a trend opposite the

expected tendency: For example, the Danish all-gender sibling correlations in weight

and BMI were borderline or weakly significantly higher than the US counterparts.

At a first glance, this may indicate that the importance of family background does

not differ across setting with different institutional features. However, the family and

individual variance components of the sibling correlations revealed that aggregate

correlations may hide quite differential patterns. In general, we found that the US

individual variance in outcomes was substantially higher than its European coun-
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terparts, and the variance of the family component was similarly moderately higher,

which in aggregate led to similar or lower sibling correlations. Hence, it may be fair to

conclude that in the US, family background is less important in a relative sense, but

more important in an absolute sense.

Applying a framework of Family Frontier Differentials, we formalized this insight

with a detailed comparison of BMI and obesity in Germany and the US. One of the

main lessons from this exercise was that cross-country differentials mattered mostly

for individuals with percentile draws from the upper half of the individual distribution.

Here, there were substantial differences in the draws from the family distribution

that would prevent the individual from ending up obese. Much of this difference was

driven by the US having an overall higher BMI mean, but imposing a German mean

on the US distribution still left substantial Family Frontier Differentials for those with

individual percentile draws in the upper half. We interpret this as differential equality

of opportunity between countries because our rough measure of individual “effort”,

i.e., the individual percentile draw, only leads to similar outcomes for individuals

with quite different draws of the family distribution, which we assume the individual

should not be held accountable for.

We are not the first researchers emphasizing the nature of the sibling correlation as

a relative measure in a cross-country comparison. Schnitzlein (2014) stresses that the

relatively similar brother correlations in earnings in Germany and the US originate

from quite different individual and family variances (see his Table 3). Björklund

et al. (2002) also report the separate components but do not engage in detailed

interpretations. However, our in-depth analysis of the variance components are also

motivated by the sibling correlations not returning the same pattern and country

ranking as most other mobility studies. This is, on the whole, not the case in e.g.,

Schnitzlein (2014). Hence, we have had stronger incentives to make sense of the

estimated sibling correlations.

In results not shown, we undertook parent-child associations in BMI for Germany

and the US (recall that this parental health information was not available in the Dan-

ish survey). For Germany we estimated intergenerational elasticites (correlations) of

0.23 (0.24), and elasticites and correlations for the US of 0.17 (0.28). It is clear that

the information content of these figures differs from what our analysis uncovered.

For example, relying on the correlations, a conclusion may be that mobility levels are

similar across the two countries. Relying on the elasticities the conclusion is that the

transmission of BMI is markedly higher in the US. Comparing the correlations and

elasticites across countries would (cf. subsection 2.1) reveal that the inequality in US

BMI increased substantially across generations, but it would not clarify the implica-
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tions in the way our decompositions of the sibling correlations have, both through

reporting the components separately, and from evaluating the Family Frontier Dif-

ferentials. Similarly, a recent OECD report investigates cross-country differences

in health mobility as measured by the association by the reported health status of

consecutive generations (OECD (2018, Ch. 5)). While such associations are instructive

we believe a sibling correlation approach is more informative: It captures a broader

set of circumstances in quantifying equality of opportunity, and when focusing on

the variance components separately, it is possible to directly relate the magnitudes

to differences in (absolute) outcomes. This may be particularly important for health

where inequality, and the features of the distribution of the offspring generation, may

be less well understood, and more context dependent, than in the case of income or

earnings. In contrast, we have documented the absolute and relative importance of

family background, and presented a methodology for comparing differences in equal-

ity of opportunity while separating the role of mean and variance in the respective

settings.

Finally, we explored potential mechanisms in the sibling correlations. Specifically,

we evaluated the degree of attenuation displayed by the correlations when enter-

ing indicators on parental income and education. As expected, we found that an

outcome such as height, which is relatively genetically determined, did not react

to conditioning on parental income and education. For the other outcomes, how-

ever, a clear cross-country pattern emerged: The sibling correlations in Denmark

and Germany were virtually unaffected, while the US correlations were substantially

attenuated (in terms of point estimates only, as results individually were imprecise).

This decrease in the estimated sibling correlations also has a clear gender pattern,

where US females were driving the attenuation in anthropometric outcomes, while

US brother correlations showed the strongest attenuation in the case of SRHS. We

have no good explanation for these gender differences, but at an aggregate level, our

country differences can maybe be rationalized. In a recent study of intergenerational

health transmission in Sweden among adoptees and non-adoptees, it is argued that

in relatively egalitarian societies genes is “all that is left” (Bjoerkegren et al. (2019)).

Hence, in contrast to the US, sibling correlations in health in countries as Denmark

and Germany are largely unresponsive to including information on parental socioe-

conomic information29. The analogue to this interpretation for our four outcomes

except height may be precisely how sibling correlations in height in all three countries

29Whether, after partialling out the parental socioeconomic indicators, the variance of the family
component in the US is similar to the Danish and German counterparts is an interesting question, but
beyond the scope of this paper.
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are largely unresponsive to including information on parental SES. Thus, none of the

countries we study here exhibit sufficiently adverse environments to render sibling

correlations in height responsive to parental resources, but for other outcomes such

as BMI and SRHS this seems to be the case for the US.

Our study does not provide clear-cut information on the role of specific insti-

tutions and policies. It does not provide a clear-cut causal mechanism from e.g.,

universal health care insurance or income inequality to lower variability (and mean)

in Body Mass Index and Self-Reported Health Status, both between families and

between individuals. However, given the negative correlation between income and

obesity prevalence (see e.g., Bentley et al. (2018)), it is plausible that differing lev-

els of income inequality and economic mobility may play a role in reproduction of

obesity in families. In this light, our finding that the absolute importance of family

background for obesity outcomes is larger in the US than Denmark and Germany

is well in line with differences in income inequality and economic mobility (Corak

(2013)). Hence, studying equality of opportunity with respect to income may overlap

considerably with the study of equality of opportunity with respect to health(-related)

outcomes.

Our results indicate that countries differ in substantial ways, often in a manner

not directly conveyed from the single number a sibling correlation (or an intergener-

ational correlation) represents. Consequently, our results can be seen as an invitation

to further, and more rigorous, research on why inequality and equality of opportunity

vary across countries. Future research should obtain, or collect, high-quality compa-

rable health data that allows long-run “true” health to be extracted. We found that

one-year data was credible enough to base comparative sibling correlations on for

anthropometric outcomes but a fuller picture may likely emerge from richer health

measures. The ways in which different health measures interact with institutions and

country features such as income inequality or health norms may even vary with the

specific measures. In sum, there are many questions of equality of opportunity for

health left to explore.
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6 Figures and Tables
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6.1 Figures

Figure 1: Distribution of self reported health status in the three samples
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Figure 2: Distributions of anthropomorphic measures across countries
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(a) BMI distribution in Denmark, Germany and U.S.
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(b) Weight distribution in Denmark, Germany and U.S.
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(c) Height distribution in Denmark, Germany and U.S.

Notes: Panel 2 displays distributions of anthropomorphic measures across countries. Figures 2a to 2c
display the distribution in BMI, weight and height for Denmark, Germany and the U.S., respectively.
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Figure 3: Comparison of sibling correlations across countries and samples

●●
●●

●●

●●

●●

●●

●● ●●

●●

●●

●●
●●

●●
●●

●●

Height Weight BMI Obese SRHS

DK GER US DK GER US DK GER US DK GER US DK GER US

0.0

0.2

0.4

0.6

Country

S
ib

lin
g 

co
rr

el
at

io
n

Country

●

●

●

DK
GER
US

(a) All

●●

●●

●●

●●
●●

●●

●● ●●

●●
●●

●●

●●

●●
●●

●●

Height Weight BMI Obese SRHS

DK GER US DK GER US DK GER US DK GER US DK GER US

0.0

0.2

0.4

0.6

Country

S
ib

lin
g 

co
rr

el
at

io
n

Country

●

●

●

DK
GER
US

(b) Sisters

●● ●● ●●

●●

●●

●●

●●

●●

●●

●●

●●

●●

●●

●●

●●

Height Weight BMI Obese SRHS

DK GER US DK GER US DK GER US DK GER US DK GER US

0.0

0.2

0.4

0.6

Country

si
bc

or
r Country

●

●

●

DK
GER
US

(c) Brothers

Notes: Figure 3a to 3c display sibling correlations for height, weight, BMI, obesity and SRHS for Denmark,
Germany and U.S. for all children, daughters and brothers. 95 % level confidence interval are shown.
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Figure 4: Distribution of BMI Variance Components for Germany and the United States
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Figure 5: BMI and Obesity in Germany and the United States

(a) US Obesity Region

(b) US, US counterfactual, and Germany Obesity Region

(c) Family Frontier Differential and Standardized Family Frontier Differential
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Figure 6: Percentage change of the sibling correlations controlling for parental education and
income (∆∗)
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(c) Brothers

Notes: Figure 6a to 6c display the change in the sibling correlations for height, weight, BMI, obese and
SRHS for Denmark, Germany and U.S. for all children, daughters and brothers after controlling for parental
education and income. The change is the result of a comparison of the sibling correlation controlling for
parental education and income and the sibling correlations of the same sample without controlling for
parentale education and income.
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6.2 Tables

Table 1: Summary statistics

Denmark Germany United States
(1) (2) (3)

Health outcomes:

Height (in cm) 175.38 174.11 172.59
(9.541) (9.537) (10.414)

Weight (in Kg) 74.88 73.22 80.29
(16.900) (16.447) (20.735)

Body mass index 24.24 24.04 26.80
(4.639) (4.540) (5.954)

Obesity 0.10 0.10 0.24
(0.298) (0.294) (0.429)

Self reported health status 1.62 2.15 2.17
(0.758) (0.840) (0.918)

Sociodemographics:

Age 27.14 25.32 29.29
(5.622) (6.812) (5.690)

Year of birth 1982.86 1984.14 1979.71
(5.622) (7.032) (5.690)

Female 0.52 0.52 0.55
(0.500) (0.500) (0.498)

Number of children 3439 2602 3539

Number of families 2049 1994 2709

Notes: Table 1 displays means and standard deviations (in parantheses) of health
outcomes as well as sociodemographic characteristics. Column (1) refers to the DLSY-
C sample, column (2) to the SOEP and column (3) to the PSID. The sample is restricted
to the year of birth between 1970 and 1995. The year of observation is 2010 for the
DLSY-C, 2010 and 2012 for the SOEP as well as 2009 and 2011 for the PSID.
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Table 2: Summary statistics for the mediation sample

Denmark Germany United States
(1) (2) (3)

Health outcomes:

Height (in cm) 175.34 174.14 172.57
(9.474) (9.533) (10.290)

Weight (in Kg) 74.57 72.64 80.04
(16.781) (16.210) (20.036)

Body mass index 24.15 23.85 26.74
(4.631) (4.474) (5.738)

Obesity 0.09 0.09 0.23
(0.292) (0.289) (0.422)

Self reported health status 1.61 2.13 2.17
(0.751) (0.839) (0.916)

Sociodemographics of the children:

Age 27.14 24.24 29.46
(5.606) (6.365) (5.642)

Year of birth 1982.86 1985.32 1979.54
(5.606) (6.572) (5.642)

Female 0.52 0.52 0.55
(0.500) (0.500) (0.498)

Sociodemographics of the parents:

High educational degree 0.60 0.42 0.44
(0.491) (0.493) (0.497)

HH income above median 0.58 0.58 0.65
(0.493) (0.494) (0.477)

Number of children 3058 2116 1727

Number of families 1788 1560 1086

Notes: Table 2 displays means and standard deviations (in parantheses) of health outcomes as
well as sociodemographic characteristics of the children and parents. The sample is restricted
on parental education and income being available. Column (1) refers to the DLSY-C sample,
column (2) to the SOEP and column (3) to the PSID. The sample is restricted to the year of birth
between 1970 and 1995. The year of observation is 2010 for the DLSY-C, 2010 and 2012 for the
SOEP as well as 2009 and 2011 for the PSID.
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Table 3: Sibling correlations for Denmark, Germany and the U.S.

Height Weight BMI Obese SRHS Children Families
(1) (2) (3) (4) (5) (6) (7)

All

Denmark
0.467 0.367 0.329 0.206 0.154

3439 2049
(0.021) (0.023) (0.024) (0.026) (0.027)

Germany
0.454 0.333 0.319 0.138 0.176

2602 1994
(0.030) (0.039) (0.039) (0.043) (0.039)

U.S.
0.428 0.286 0.269 0.171 0.130

3539 2709
(0.028) (0.031) (0.032) (0.033) (0.032)

Sisters

Denmark
0.402 0.427 0.420 0.287 0.173

1774 1367
(0.042) (0.036) (0.036) (0.042) (0.049)

Germany
0.461 0.450 0.425 0.213 0.143

1347 1169
(0.052) (0.067) (0.068) (0.072) (0.079)

U.S.
0.352 0.210 0.240 0.114 0.198

1946 1660
(0.051) (0.054) (0.055) (0.056) (0.057)

Brothers

Denmark
0.520 0.324 0.234 0.235 0.121

1665 1287
(0.035) (0.043) (0.044) (0.049) (0.052)

Germany
0.525 0.283 0.287 0.132 0.208

1255 1091
(0.050) (0.068) (0.068) (0.077) (0.070)

U.S.
0.516 0.441 0.352 0.235 0.077

1593 1401
(0.047) (0.056) (0.069) (0.076) (0.068)

Notes: Table 3 displays sibling correlations for all children, sisters and brothers, respectively.
The three panels subsequently display results for all children, sisters and brothers. Within
each panel, the rows correspond to results for Denmark, Germany and U.S. Column (1) to (5)
display sibling correlations for height, weight, BMI, obese and SRHS. Corresponding standard
errors are displayed in parentheses. Column (6) displays the number of children and column
(7) the number of families. The year of birth of the individuals is restricted to be between
1970 and 1995. The observations from the DLSY-C stem from 2010. The observations from
the U.S. stem from 2009 and 2011. For the SOEP, the observations stem from 2010 and 2012.
Throughout, a second order polynomial in age is controlled for. If all children are considered,
we also control for the sex of the child. For the PSID, an indicator for proxy interviews is
included. The model is fitted via REML.
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Table 4: Decomposition of sibling correlations

Height Weight BMI Obese SRHS
(1) (2) (3) (4) (5)

All

Denmark
ρ 0.467 0.367 0.329 0.206 0.154

ρ = σ2
α

σ2
α+σ2

b

20.876
20.876+23.785

76.849
76.849+132.696

6.314
6.314+12.897

0.018
0.018+0.068

0.088
0.088+0.484

Germany
ρ 0.454 0.333 0.319 0.138 0.176

ρ = σ2
α

σ2
α+σ2

b

21.418
21.418+25.749

67.606
67.606+135.663

5.994
5.994+12.787

0.012
0.012+0.073

0.121
0.121+0.569

U.S.
ρ 0.428 0.286 0.269 0.171 0.130

ρ = σ2
α

σ2
α+σ2

b

22.077
22.077+29.486

94.457
94.457+236.149

9.089
9.089+24.748

0.031
0.031+0.150

0.108
0.108+0.725

Sisters

Denmark
ρ 0.402 0.427 0.420 0.287 0.173

ρ = σ2
α

σ2
α+σ2

b

16.110
16.110+24.006

82.147
82.147+110.289

9.381
9.381+12.957

0.024
0.024+0.061

0.104
0.104+0.498

Germany
ρ 0.461 0.450 0.425 0.213 0.143

ρ = σ2
α

σ2
α+σ2

b

25.050
25.050+29.264

105.771
105.771+129.369

7.966
7.966+10.786

0.019
0.019+0.071

0.095
0.095+0.572

U.S.
ρ 0.352 0.210 0.240 0.114 0.198

ρ = σ2
α

σ2
α+σ2

b

15.257
15.257+28.099

67.711
67.711+255.001

9.690
9.690+30.760

0.019
0.019+0.151

0.158
0.158+0.639

Brothers

Denmark
ρ 0.520 0.324 0.234 0.235 0.121

ρ = σ2
α

σ2
α+σ2

b

25.494
25.494+23.519

72.535
72.535+151.398

3.646
3.646+11.944

0.020
0.020+0.066

0.065
0.065+0.475

Germany
ρ 0.525 0.283 0.287 0.132 0.208

ρ = σ2
α

σ2
α+σ2

b

20.819
20.819+18.813

47.706
47.706+120.599

5.382
5.382+13.386

0.010
0.010+0.067

0.149
0.149+0.566

U.S.
ρ 0.516 0.441 0.352 0.235 0.077

ρ = σ2
α

σ2
α+σ2

b

31.451
31.451+29.520

149.085
149.085+188.981

8.970
8.970+16.510

0.045
0.045+0.148

0.067
0.067+0.810

Notes: Table 3 Table 4 displays sibling correlations and the corresponding decomposition of the total variance
of weight, height, BMI, obesity and SRHS. The three separate panels display the sibling correlations for all
children, sister and brothers, respectively. Within each panel, the first two rows correspond to results for
Denmark, the second two rows to results for Germany and the last two rows to results for the U.S. For each
combination of sibling type and country, we display sibling correlations in the first row and the decomposition
of the sibling correlations. In the numerator, we display the variance of the family component, and in the
denominator, we display the sum of the variance of the family component and the variance of the individual
component. Columns (1) to (5) display sibling correlations for height, weight, BMI, Obese and SRHS, respec-
tively. Throughout, we control for a second order polynomial in age. In the specifications for all children, we
control for the gender of the child. For the PSID, we include an indicator for proxy interviews. For each sample,
we restrict the year of birth to be between 1970 and 1995. The year of observation corresponds to 2010 for the
DLYS-C, 2009 and 2011 for the PSID as well as 2010 and 2012 for the SOEP. The model is fitted via REML.
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Table 5: Sibling correlations for Denmark, Germany and the U.S. when controlling for income
and education

Height Weight BMI Obese SRHS Children Families
(1) (2) (3) (4) (5) (6) (7)

Denmark

None
0.463 0.363 0.321 0.198 0.153

3058 1788

(0.022) (0.024) (0.025) (0.027) (0.027)

Income
0.463 0.360 0.318 0.197 0.151

(0.022) (0.024) (0.025) (0.027) (0.027)

Education
0.463 0.362 0.319 0.199 0.152

(0.022) (0.024) (0.025) (0.027) (0.027)

Both
0.463 0.360 0.317 0.197 0.151

(0.022) (0.024) (0.025) (0.027) (0.027)

Germany

None
0.450 0.329 0.318 0.162 0.197

2116 1560

(0.031) (0.039) (0.039) (0.044) (0.041)

Income
0.446 0.327 0.311 0.158 0.196

(0.031) (0.040) (0.039) (0.044) (0.040)

Education
0.443 0.330 0.313 0.161 0.197

(0.032) (0.039) (0.039) (0.044) (0.041)

Both
0.442 0.328 0.309 0.158 0.196

(0.032) (0.039) (0.039) (0.044) (0.040)

U.S.

None
0.430 0.299 0.276 0.172 0.129

1727 1086

(0.032) (0.035) (0.036) (0.038) (0.037)

Income
0.426 0.293 0.259 0.160 0.107

(0.032) (0.035) (0.037) (0.038) (0.036)

Education
0.431 0.280 0.250 0.162 0.104

(0.032) (0.035) (0.037) (0.038) (0.037)

Both
0.426 0.279 0.244 0.156 0.095

(0.032) (0.035) (0.037) (0.038) (0.036)

Notes: Table 5 displays sibling correlations for all children controlling for parental income and educa-
tion. The three panels subsequent display results for Denmark, Germany and the U.S., respectively.
Within each panel, the first two rows display sibling correlations and the corresponding standard
deviations in the health outcomes, conditioning on information on parental education and income
being available. The second two rows display sibling correlations and the corresponding standard
deviations when controlling for parental income. The third two rows display sibling correlations and
the corresponding standard deviations when controlling for parental education. The last two rows
display sibling correlations and the corresponding standard deviations when controlling for parental
education and income. Column (1) to (5) display sibling correlations for height, weight, BMI, obese and
SRHS. Corresponding standard errors are displayed in parentheses. Column (6) displays the number of
children and column (7) the number of families. Throughout, we control for a second order polynomial
in age, the sex of the children and whether the observation corresponds to a proxy interview in case of
the PSID. The year of birth of the individuals is restricted to be between 1970 and 1995. The observation
from the DLSY-C stem from 2010. The observations from the U.S. stem from 2009 and 2011. For the
SOEP, the observations stem from 2010 and 2012. Throughout, a second order polynomial in age is
controlled for. The model is fitted via REML.
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Table 6: Sibling correlations of sisters for Denmark, Germany and the U.S. when controlling
for income and education

Height Weight BMI Obese SRHS Children Families
(1) (2) (3) (4) (5) (6) (7)

Denmark

None
0.425 0.437 0.413 0.280 0.167

1590 1219

(0.043) (0.037) (0.038) (0.043) (0.050)

Income
0.425 0.435 0.410 0.279 0.165

(0.043) (0.037) (0.038) (0.043) (0.050)

Education
0.425 0.438 0.415 0.281 0.167

(0.043) (0.037) (0.038) (0.043) (0.050)

Both
0.426 0.436 0.411 0.280 0.165

(0.043) (0.037) (0.038) (0.043) (0.050)

Germany

None
0.444 0.439 0.401 0.227 0.159

1102 934

(0.053) (0.069) (0.071) (0.073) (0.081)

Income
0.441 0.435 0.387 0.217 0.161

(0.054) (0.070) (0.074) (0.074) (0.081)

Education
0.437 0.441 0.399 0.226 0.162

(0.054) (0.069) (0.070) (0.073) (0.081)

Both
0.436 0.437 0.389 0.218 0.163

(0.054) (0.070) (0.073) (0.074) (0.081)

U.S.

None
0.347 0.264 0.293 0.144 0.172

943 732

(0.061) (0.062) (0.063) (0.064) (0.068)

Income
0.350 0.239 0.268 0.124 0.155

(0.061) (0.063) (0.064) (0.065) (0.067)

Education
0.348 0.223 0.252 0.126 0.147

(0.061) (0.064) (0.065) (0.064) (0.069)

Both
0.351 0.215 0.245 0.117 0.145

(0.061) (0.065) (0.065) (0.064) (0.068)

Notes:Table 6 displays sibling correlations for sisters controlling for parental income and education.
The three panels subsequent display results for Denmark, Germany and the U.S., respectively. Within
each panel, the first two rows display sibling correlations and the corresponding standard deviations in
the health outcomes, conditioning on information on parental education and income being available.
The second two rows display sibling correlations and the corresponding standard deviations when
controlling for parental income. The third two rows display sibling correlations and the correspond-
ing standard deviations when controlling for parental education. The last two rows display sibling
correlations and the corresponding standard deviations when controlling for parental education and
income. Column (1) to (5) display sibling correlations for heights, weights, BMIs, obesity rates and
SRHSs. Corresponding standard errors are displayed in parentheses. Column (6) displays the number of
children and column (7) the number of families. Throughout, we control for a second order polynomial
in age, the sex of the children and whether the observation corresponds to a proxy interview in case of
the PSID. The year of birth of the individuals is restricted to be between 1970 and 1995. The observation
from the DLSY-C stem from 2010. The observations from the U.S. stem from 2009 and 2011. For the
SOEP, the observations stem from 2010 and 2012. Throughout, a second order polynomial in age is
controlled for. The model is fitted via REML.
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Table 7: Sibling correlations of brothers for Denmark, Germany and the U.S. when controlling
for income and education

Height Weight BMI Obese SRHS Children Families
(1) (2) (3) (4) (5) (6) (7)

Denmark

None
0.501 0.298 0.213 0.212 0.132

1468 1132

(0.038) (0.047) (0.046) (0.052) (0.054)

Income
0.501 0.293 0.206 0.208 0.131

(0.038) (0.048) (0.047) (0.053) (0.054)

Education
0.501 0.296 0.210 0.212 0.131

(0.038) (0.047) (0.047) (0.052) (0.054)

Both
0.502 0.291 0.204 0.208 0.130

(0.038) (0.048) (0.047) (0.053) (0.054)

Germany

None
0.529 0.301 0.307 0.235 0.228

1014 860

(0.052) (0.069) (0.069) (0.082) (0.072)

Income
0.528 0.302 0.310 0.237 0.233

(0.052) (0.068) (0.068) (0.082) (0.071)

Education
0.527 0.302 0.304 0.232 0.224

(0.052) (0.068) (0.068) (0.082) (0.072)

Both
0.527 0.303 0.306 0.233 0.230

(0.052) (0.068) (0.068) (0.082) (0.071)

U.S.

None
0.502 0.433 0.286 0.219 0.108

784 632

(0.052) (0.061) (0.078) (0.083) (0.079)

Income
0.493 0.434 0.282 0.214 0.091

(0.053) (0.061) (0.078) (0.084) (0.078)

Education
0.503 0.430 0.280 0.218 0.081

(0.052) (0.061) (0.077) (0.082) (0.078)

Both
0.494 0.431 0.279 0.216 0.074

(0.053) (0.061) (0.077) (0.083) (0.078)

Notes: Table 7 displays sibling correlations for brothers controlling for parental income and education.
The three panels subsequent display results for Denmark, Germany and the U.S., respectively. Within
each panel, the first two rows display sibling correlations and the corresponding standard deviations in
the health outcomes, conditioning on information on parental education and income being available.
The second two rows display sibling correlations and the corresponding standard deviations when
controlling for parental income. The third two rows display sibling correlations and the correspond-
ing standard deviations when controlling for parental education. The last two rows display sibling
correlations and the corresponding standard deviations when controlling for parental education and
income. Column (1) to (5) display sibling correlations for heights, weights, BMIs, obesity rates and
SRHSs. Corresponding standard errors are displayed in parentheses. Column (6) displays the number of
children and column (7) the number of families. Throughout, we control for a second order polynomial
in age, the sex of the children and whether the observation corresponds to a proxy interview in case of
the PSID. The year of birth of the individuals is restricted to be between 1970 and 1995. The observation
from the DLSY-C stem from 2010. The observations from the U.S. stem from 2009 and 2011. For the
SOEP, the observations stem from 2010 and 2012. Throughout, a second order polynomial in age is
controlled for. The model is fitted via REML.



130 CHAPTER 2. HEALTH OF NATIONS

7 References

Andersen, C. (2019). Intergenerational Health Mobility: Evidence from Danish Regis-

ters. Economics Working Papers 19-04, Aarhus University.

Andrade, S. B. and Thomsen, J.-P. (2018). Intergenerational Educational Mobility in

Denmark and the United States. Sociological Science, 5:93–113.

Arneson, R. (2018). Four conceptions of equal opportunity. The Economic Journal,

128(612):F152–F173.

Bentley, R. A., Ormerod, P., Ruck, D. J., et al. (2018). Recent origin and evolution of

obesity-income correlation across the United States. Palgrave Communications,

4(1):1–14.

Bhalotra, S. and Rawlings, S. B. (2011). Intergenerational persistence in health in de-

veloping countries: The penalty of gender inequality? Journal of Public Economics,

95(3-4):286–299.

Bhalotra, S. and Rawlings, S. B. (2013). Gradients of the intergenerational transmission

of health in developing countries. Review of Economics and Statistics, 95(2):660–

672.

Bhaskaran, K., Douglas, I., Forbes, H., dos Santos-Silva, I., Lean, D. A., and Smeeth, L.

(2014). Body-mass index and risk of 22 specific cancers: a population-based cohort

study of 5·24 million UK adults. The Lancet, 384:755–765.

Bhattacharya, J., Hyde, T., and Tu, P. (2013). Health Economics. Macmillan Interna-

tional Higher Education.

Bjoerkegren, E., Palme, M., Lindahl, M., and Simeonova, E. (2019). Pre- and post-birth

components of intergenerational persistence in health and longevity: lessons from

a large sample of adoptees. IZA Discussion Paper, (12451).

Björklund, A., Eriksson, T., Jäntti, M., Raaum, O., and Österbacka, E. (2002). Brother

correlations in earnings in Denmark, Finland, Norway and Sweden compared to

the United States. Journal of Population Economics, 15(4):757–772.

Björklund, A. and Jäntti, M. (2009). Intergenerational income mobility and the role of

family background. Oxford Handbook of Economic Inequality, pages 491–521.

Björklund, A. and Jäntti, M. (2012). How important is family background for labor-

economic outcomes? Labour Economics, 19(4):465–474.



7. REFERENCES 131

Björklund, A., Jäntti, M., and Roemer, J. E. (2012). Equality of opportunity and the

distribution of long-run income in Sweden. Social Choice and Welfare, 39(2-3):675–

696.

Black, S. E. and Devereux, P. J. (2010). Recent developments in intergenerational

mobility. Technical report, National Bureau of Economic Research.

Bond, T. N. and Lang, K. (2019). The sad truth about happiness scales. Journal of

Political Economy, 127(4):1629–1640.

Bourguignon, F., Ferreira, F. H., and Menéndez, M. (2007). Inequality of opportunity

in Brazil. Review of Income and Wealth, 53(4):585–618.

Bratberg, E., Davis, J., Mazumder, B., Nybom, M., Schnitzlein, D. D., and Vaage, K.

(2017). A comparison of intergenerational mobility curves in Germany, Norway,

Sweden, and the US. The Scandinavian Journal of Economics, 119(1):72–101.

Bredtmann, J. and Smith, N. (2018). Inequalities in Educational Outcomes: How

Important Is the Family? Oxford Bulletin of Economics and Statistics, 80(6):1117–

1144.

Bügelmayer, E. and Schnitzlein, D. D. (2018). Is it the family or the neighborhood?

Evidence from sibling and neighbor correlations in youth education and health.

The Journal of Economic Inequality, 16(3):369–388.

Carrieri, V. and Jones, A. M. (2018). Inequality of opportunity in health: A

decomposition-based approach. Health Economics, 27(12):1981–1995.

Chetty, R., Hendren, N., Kline, P., and Saez, E. (2014). Where is the land of opportunity?

The geography of intergenerational mobility in the United States. The Quarterly

Journal of Economics, 129(4):1553–1623.

Corak, M. (2012). Inequality from generation to generation: The United States in

comparison.

Corak, M. (2013). Income inequality, equality of opportunity, and intergenerational

mobility. Journal of Economic Perspectives, 27(3):79–102.

Corak, M., Lindquist, M. J., and Mazumder, B. (2014). A comparison of upward and

downward intergenerational mobility in Canada, Sweden and the United States.

Labour Economics, 30:185–200.



132 CHAPTER 2. HEALTH OF NATIONS

Currie, J. and Madrian, B. C. (1999). Health, health insurance and the labor market.

Handbook of Labor Economics, 3:3309–3416.

Currie, J. and Moretti, E. (2007). Biology as destiny? Short-and long-run determinants

of intergenerational transmission of birth weight. Journal of Labor Economics,

25(2):231–264.

Deaton, A. (2003). Health, inequality, and economic development. Journal of eco-

nomic literature, 41(1):113–158.

DeSalvo, K. B., Fan, V. S., McDonell, M. B., and Fihn, S. D. (2005). Predicting mor-

tality and healthcare utilization with a single question. Health Services Research,

40(4):1234–1246.

Dolton, P. and Xiao, M. (2017). The intergenerational transmission of body mass

index across countries. Economics & Human Biology, 24:140–152.

Dua, S., Bhuker, M., Sharma, P., Dhall, M., and Kapoor, S. (2014). Body Mass Index

relates to blood pressure among adults. North American Journal of Medical Sciences,

6:89–95.

Finkelstein, E. A., Ruhm, C. J., and Kosa, K. M. (2005). Economic causes and conse-

quences of obesity. Annu. Rev. Public Health, 26:239–257.

Fontaine, K., Redden, D., and Wang, C. (2003). Years of life lost due to obesity. Journal

of the American Medical Association, 289(2):187–193.

Frijters, P., Haisken-DeNew, J. P., and Shields, M. A. (2005). The causal effect of income

on health: Evidence from German reunification. Journal of Health Economics,

24(5):997–1017.

Goebel, J., Grabka, M. M., Liebig, S., Kroh, M., Richter, D., Schroeder, C., and Schupp,

J. (2019). The German Socio-Economic Panel Study (SOEP). Journal of Economics

and Statistics, 239(2):345–360.

Graeber, D. (2018). Intergenerational Health Mobility in Germany. Technical report.

Grawe, N. D. (2006). Lifecycle bias in estimates of intergenerational earnings persis-

tence. Labour Economics, 13(5):551–570.

Grossman, M. (1972a). The demand for health: a theoretical and empirical investiga-

tion. NBER Books.



7. REFERENCES 133

Grossman, M. (1972b). On the concept of health capital and the demand for health.

Journal of Political Economy, 80(2):223–255.

Halliday, T. and Mazumder, B. (2017). An Analysis of Sibling Correlations in Health

using Latent Variable Models. Health Economics, 26(12):108–125.

Halliday, T., Mazumder, B., and Wong, A. (2018). Intergenerational Health Mobility in

the US. IZA DP No. 11304.

Halliday, T. J. (2014). Unemployment and Mortality: Evidence from the PSID. Social

Science & Medicine, 113:15–22.

Helliwell, J., Layard, R., and Sachs, J. (2016). World Happiness Report 2016 Volume I.

Technical report, The United Nations.

Hertz, T., Jayasundera, T., Piraino, P., Selcuk, S., Smith, N., and Verashchagina, A.

(2007). The inheritance of educational inequality: International comparisons and

fifty-year trends. The BE Journal of Economic Analysis & Policy, 7(2).

Jæger, M. M. (2015). Danish Longitudinal Survey of Youth –Children (DLSY-C) -

Technical Report.

Jantti, M., Bratsberg, B., Roed, K., Raaum, O., Naylor, R., Osterbacka, E., Bjorklund, A.,

and Eriksson, T. (2006). American exceptionalism in a new light: a comparison of

intergenerational earnings mobility in the Nordic countries, the United Kingdom

and the United States. IZA DP No. 1938.

Jones, C. I. and Klenow, P. J. (2016). Beyond GDP? Welfare across countries and time.

American Economic Review, 106(9):2426–57.

Jürges, H. (2007a). True health vs response styles: exploring cross-country differences

in self-reported health. Health Economics, 16(2):163–178.

Jürges, H. (2007b). True health vs response styles: exploring cross-country differences

in self-reported health. Health Economics, 16(2):163–178.

Katz-Gerro, T. and Meier Jæger, M. (2015). Does women’s preference for highbrow

leisure begin in the family? Comparing leisure participation among brothers and

sisters. Leisure Sciences, 37(5):415–430.

Khan, S., Ning, H., Wilkins, J. T., Allen, N., Carnethon, M., Berry, Jarett D., S. R., and

Lloyd-Jones, D. (2018). Association of Body Mass Index with lifetime risk of cardio-

vascular disease and compression of morbidity. JAMA Cardiology, 3(4):280–287.



134 CHAPTER 2. HEALTH OF NATIONS

Kreiner, C. T. and Sievertsen, H. H. (2018). Neonatal Health of Parents and Cognitive

Development of Children. CEBI Working Paper 02/18.

Landersø, R. and Heckman, J. J. (2017). The Scandinavian Fantasy: The sources of

intergenerational mobility in Denmark and the US. The Scandinavian Journal of

Economics, 119(1):178–230.

Mazumder, B. (2005). Fortunate sons: New estimates of intergenerational mobility

in the United States using social security earnings data. Review of Economics and

Statistics, 87(2):235–255.

Mazumder, B. (2008a). Sibling similarities and economic inequality in the US. Journal

of Population Economics, 21:685–701.

Mazumder, B. (2008b). Sibling similarities and economic inequality in the US. Journal

of Population Economics, 21(3):685–701.

Mazumder, B. (2011). Family and community influences on health and socioeco-

nomic status: sibling correlations over the life course. The BE Journal of Economic

Analysis & Policy, 11(3):1.

Mazumder, B. (2015). Estimating the intergenerational elasticity and rank association

in the US: Overcoming the current limitations of tax data. Federal Reserve Bank of

Chicago - Working Paper, No. 2015-04.

Narayan, V., Boyle, J. P., Thompson, T. J., Gregg, E., and Williamson, D. F. (2007). Effect

of BMI on lifetime risk for diabetes in the U.S. Diabetes Care, 30(6):1562–1566.

OECD (2018). A Broken Social Elevator? How to Promote Social Mobility. OECD

Publishing, Paris.

Pampel, F. C. (2007). Persistence of Educational Differences in Smoking, United States

1976-2005. Institute of Behavioral Science University of Colorado Boulder Working

Paper.

Piraino, P., Muller, S., Cilliers, J., and Fourie, J. (2014). The transmission of longevity

across generations: The case of the settler Cape Colony. Research in Social Stratifi-

cation and Mobility, 35:105–119.

Roemer, J. E. (2009). Equality of opportunity. Harvard University Press.



7. REFERENCES 135

Schnitzlein, D. D. (2014). How important is the family? Evidence from sibling cor-

relations in permanent earnings in the USA, Germany, and Denmark. Journal of

Population Economics, 27(1):69–89.

Schroeder, C. and Yitzhaki, S. (2017). Revisiting the evidence for cardinal treatment

of ordinal variables. European Economic Review, 92:337 – 358.

Smith, G. D. (2002). Commentary: The conundrum of height and mortality. Western

Journal of Medicine, 176(3):209.

Solon, G. (1992). Intergenerational income mobility in the United States. The Ameri-

can Economic Review, 82(3):393–408.

Solon, G. (1999). Intergenerational mobility in the labor market. In Handbook of

Labor Economics, volume 3, pages 1761–1800. Elsevier.

Solon, G., Corcoran, M., Gordon, R., and Laren, D. (1991). A Longitudinal Analysis of

Sibling Correlations in Economic Status. The Journal of Human Resources, 26:509–

534.

Torche, F. (2015). Analyses of intergenerational mobility: An interdisciplinary review.

The ANNALS of the American Academy of Political and Social Science, 657(1):37–62.

US Department of Health and Human Services (2014). The health consequences of

smoking—50 years of progress: a report of the Surgeon General.

U.S. Department of Health and Human Services (2019). DIAG23. https://www.niddk.

nih.gov/health-information/health-statistics/overweight-obesity#trends.

Last checked on October 21, 2019.

World Health Organization (2000). Obesity: preventing and managing the global

epidemic. Number 894. World Health Organization.

World Health Organization (2018). Obesity and Overweight: Fact Sheet. https:

//www.who.int/news-room/fact-sheets/detail/obesity-and-overweight. [Online;

accessed 26-May-2018].

World Health Organization (2019). Obesity. https://www.who.int/topics/obesity/

en/. Last checked on July 28, 2019.

Zheng, H. and Chen, C. (2015). Body mass index and risk of knee osteoarthritis:

systematic review and meta-analysis of prospective studies. BMJ Open, 5:1–8.

https://www.niddk.nih.gov/health-information/health-statistics/overweight-obesity#trends
https://www.niddk.nih.gov/health-information/health-statistics/overweight-obesity#trends
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/topics/obesity/en/
https://www.who.int/topics/obesity/en/


136 CHAPTER 2. HEALTH OF NATIONS

Appendix

7.1 Sensitivity Checks

7.1.1 Excluding singletons

In this subsection we consider whether excluding singletons alters our main results.

As the discussion below relates to outliers it is primarily the first three (anthropomet-

ric) outcomes that are of a concern here. Solon et al. (1991) perform an analysis of the

importance of outliers and singletons. While they stress that they “ do not consider

arbitrary deletion of outliers appropriate” Solon et al. (1991, p. 523), they find that

results are somewhat sensitive to excluding singletons. An outlier that is pair of e.g., a

sibling pair increases both the estimate of σ2
α and σ2

b , while in contrast a singleton

outlier only increases the estimate of σ2
α as it does not contribute variation to the

within-family component.

We present estimates for siblings only in Table A1. The relevant comparison to

this table is the results in Table 3. Overall, we see only minor differences. We have

also checked whether the separate variance components of the sibling correlations

are sensitive to excluding singletons (results not shown), and the conclusion remains

that our results are robust to this exercise.

7.1.2 Attenuation Bias

In the data section we addressed the concern of attenuation bias, i.e., that a single-

year measurement of an outcome is a noisy proxy for the true long-run realization

(see also Solon (1999, Section 3.1). For the full country-comparison we could only

include one year as the DLSY-C data only contains one wave of data. We argued that,

even in the presence of attenuation bias, such an approach could be defended on the

grounds that our key interest is cross-country differences, not absolute levels, and

hence, if attenuation bias is similar across countries, a comparison may “difference

out” this source of bias.

We can test this assumption for the SOEP and PSID as we have multiple year

observations per individual. Thus, for those data sets, we can calculate sibling corre-

lations based on individual time averages in the respective health outcomes. In the

following we show results for both genders pooled together. We decided to center the

observations over 2010, the year from which the DLSY-C originate. We then calculate

individual year averages with varying numbers of observations for each average. We

restrict our samples to have more than three observations available for the respective

outcomes. Subsequently, we plot our estimates for one, two, three and four years
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of observations per average in Figure A1. These estimates can be compared to the

results in Table 3 but note that the samples will necessarily differ as we impose more

restrictions for this sensitivity check. Figure A1 shows that the estimates for the an-

thropometric outcomes are relatively stable to number of years included, and while

some estimates increase when going form one to four years, the country ranking

remains the same. Importantly, the point estimates do not change much, perhaps

except for the PSID for obesity (from 0.167 to 0.218).

The robustness of anthropometric measures stand somewhat in contrast to the

case of SRHS. While the PSID estimate is quite stable (increasing from 0.198 to 0.256),

the SOEP estimate ranges from 0.125 to 0.256 depending on the number of years

included. In general, it is not puzzling that estimates increase given that the signal of

the health measure relative to the noise should increase. However, it is worrying if this

pattern differs substantially across countries. We have not undertaken a thorough

investigation of this somewhat differential pattern of attenuation bias, but keep this

caveat in mind for SRHS, and in the main text, focusing primarily on BMI and obesity

since these outcomes seem relatively more robust to this source of (differential

country) bias.

7.2 Appendix Figures and Tables
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Table A1: Sibling correlations for Denmark, Germany and the U.S., including siblings only

Height Weight BMI Obese SRHS Children Families
(1) (2) (3) (4) (5) (6) (7)

All

Denmark
0.453 0.372 0.330 0.194 0.146

2477 1087
(0.022) (0.023) (0.024) (0.025) (0.025)

Germany
0.462 0.297 0.291 0.123 0.169

1118 510
(0.032) (0.038) (0.038) (0.039) (0.038)

U.S.
0.412 0.289 0.272 0.168 0.128

1470 640
(0.029) (0.031) (0.032) (0.033) (0.032)

Sisters

Denmark
0.378 0.458 0.456 0.300 0.167

767 360
(0.043) (0.040) (0.040) (0.045) (0.048)

Germany
0.487 0.335 0.330 0.193 0.130

342 164
(0.058) (0.067) (0.068) (0.067) (0.076)

U.S.
0.331 0.243 0.271 0.132 0.191

523 237
(0.053) (0.055) (0.055) (0.057) (0.055)

Brothers

Denmark
0.527 0.328 0.247 0.230 0.119

707 329
(0.038) (0.045) (0.046) (0.048) (0.050)

Germany
0.539 0.289 0.300 0.130 0.211

313 149
(0.056) (0.073) (0.073) (0.075) (0.073)

U.S.
0.539 0.426 0.295 0.203 0.080

362 170
(0.052) (0.060) (0.067) (0.071) (0.072)

Notes: Table A1 displays sibling correlations for all children, sisters and brothers including only sibling,
respectively. The sample for all children inlcudes only individuals for which we observe at least
one sibling. The brothers sample includes only males for whom we observe at least one brother.
The sisters sample includes only daughters for which we observe at least one daughter. The three
panels subsequently display results for all children, sisters and brothers. Within each panel, the rows
correspond to results for Denmark, Germany and U.S. Column (1) to (5) display sibling correlations
for height, weight, BMI, obese and SRHS. Corresponding standard errors are displayed in parentheses.
Throughout, we include only siblings. Column (6) displays the number of children and column (7)
the number of families. Throughout, we control for a second order polynomial in age. If we consider
all children, we include an indicator for the sex of the child. For the PSID, we include an indicator for
proxy interviews throughout. The year of birth of the individuals is restricted to be between 1970 and
1995. The observation from the DLSY-C stem from 2010. The observations from the U.S. stem from
2009 and 2011. For the SOEP, the observations stem from 2010 and 2012. Throughout, a second order
polynomial in age is controlled for. The model is fitted via REML.
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Figure A1: Relevance of attenuation bias
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Notes: Figure A1 displays sibling correlations for individual time averages of height, weight, BMI, Obese
and SRHS for varying numbers of observations per average. For the SOEP, we considered observations
stemming from 2006, 2008, 2010, 2012 and 2014. For the PSID, we considered observations from 2007,
2009, 2011, 2013 and 2015. We restricted the sample to have at least 4 observations on the health outcomes
available. The resulting number of individuals is 2661 for the SOEP and 2278 for the PSID
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Abstract

We use Danish register data to examine the effect of having beyond compulsory education on health and earnings. We

instrument educational attainment with school proximity and go beyond traditional IV studies in that we allow for vary-

ing returns with respect to unobserved and observed characteristics. We find weak evidence that health gains to ed-

ucation are increasing in unobserved resistance to enroll in education, and decreasing in cognitive ability. However,

these findings are not statistically significant, nor are any of the traditional treatment parameters statistically distin-

guishable from zero. Hence, education does not causally affect mortality at age 64, neither in aggregate or for certain

subgroups. For earnings we find stronger evidence of causal effects, which additionally display considerable hetero-

geneity mainly driven by observables. The presence of higher treatment effects for the cognitively able and those with

low unobserved resistance to enroll in education yield statistically significant positive (negative) causal effects of edu-

cation for the treated (untreated). Importantly, we find that, primarily due to observables, the estimated Local Average

Treatment Effects may differ substantially from other treatment parameters of interest, and that this is somewhat sen-

sitive to specification. This underscores that generalizing effects from employing specific instruments should be done

cautiously, and that specification choices of the first stage possibly receives too little attention in the IV literature.
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1 Introduction

The correlation between socioeconomic status (SES) and health is one of the most

robust patterns in the social sciences (Cutler and Lleras-Muney (2010); Grossman

(2015)). Yet it remains unresolved whether this relationship reflects causal links, or

whether other unobserved variables drive this association. Moreover, it is unclear

whether benefits from e.g., education are equally distributed across different types of

individuals.

The aim of this paper is to investigate whether education causally affects health

outcomes, and if so, whether and how treatment effects differ across different groups.

In a sample of Danish males born in the 1940s we instrument educational attainment

by whether in the year individuals turned 14, their parish of birth was in proximity to

a school. Our study contributes to the literature by including comprehensive control

variables such as area voting behaviour, industry composition and individual-level

high quality cognitive ability measurements. Identification relies on the assumption

that school proximity is as good as random, conditional on an extensive set of control

variables capturing observed and unobserved characteristics of the individual and

the municipality in which they grew up. Further, we extend the empirical analysis

from that of Local Average Treatment Effects (LATE) to Marginal Treatment Effects

(MTE), which under certain assumptions allows gauging whether the benefits of

education differ across the distribution of unobserved propensity to take treatment.

We also explore observable treatment effect heterogeneity with respect to cognitive

ability tests derived from military conscription.

From a policy perspective it is of obvious interest to understand the determinants

of health. Healthy life expectancy is as important as GDP per income in predicting

happiness levels across countries (Helliwell et al. (2016)). Further, inequality in health,

when measured as disparity in life expectancy, is on the rise. In the United States, gains

in life expectancy in the period 1980-2010 is concentrated almost exclusively among

the upper three quintiles of the income distribution (Schanzenbach et al. (2016)). In

Denmark, longevity growth has also been concentrated among the best educated

and the most affluent (Baadsgaard and Brønnum-Hansen (2011)). In developing

countries, where the specific margin of education studied here may be particularly

relevant, health inequality is likewise substantial (Smits and Monden (2009)).

This paper contributes to the literature in several ways. First, while IV studies

exploring the effects of education on health are plenty, fewer studies explore the distri-

butional impacts (e.g., Barcellos et al. (2019)) or effects heterogeneity on observables

(Meghir et al. (2012)), and even fewer analyse the distributional impacts with respect
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to unobservable heterogeneity (e.g., Taylor et al. (2016)). Second, while several IV

studies incorporate high-quality observable information on cognitive ability (e.g.,

Carneiro et al. (2011); Nybom (2017)), these analyses are predominantly performed

on income or earnings, neglecting important nonmarket returns to education such

as health. Third, given the smaller geographic scales involved in our analysis, the

independence assumption of the instrument may be more plausible given that we

control for local area characteristics and fixed effects at a relatively fine-grained level1.

Finally, most studies in the literature using proximity to educational institutions as

instrument study the effect of college (years of education). In a sense, this is natural

given that this is the relevant margin (college versus not college) of schooling for

developed countries. In contrast, we study the effect of going from the compulsory

level of 7 years of education to beyond this level. Cunha et al. (2010) and Heckman

(2012) argue that for human capital (as well as for health), early interventions may be

more effective than later interventions due to the effect of dynamic complementarity.

Here we may think of additional schooling at age 14 as an early "intervention". Con-

sequently, earnings and health effects of schooling increments at young ages may

yield different returns than, say, the margin from high school to college2.

We find no statistical significant effects of education on mortality. Returns to

health do not differ significantly throughout the unobserved resistance to take treat-

ment, nor throughout the observed cognitive ability measure from military conscrip-

tion. It should be noted that point estimates indicated that there were some survival

gains from education for individuals with unobserved propensity to not obtain addi-

tional schooling, and that gains were highest for those with low observed cognitive

ability, but these results were not significant at conventional levels. Furthermore,

the magnitudes of the estimated LATEs differ somewhat with the specification of

the first stage, a perhaps understudied issue in the literature3. For earnings we find

weak evidence of a decreasing MTE function, i.e., that gains are highest for those with

low unobserved resistance to enroll in education. While this result was insignificant

at conventional statistical significance levels, treatment effect heterogeneity with

respect to observable cognitive ability was substantial. Taken together, these find-

1For example, the area fixed effects in this paper consist of 22 regions of a relatively small country,
Denmark. In an European context, the US state fixed effects of Lleras-Muney (2005) would correspond to
everything from "Denmark Fixed Effects" to "France Fixed Effects", and the equivalent of the US regional
fixed effects in Card (1993) could even be a "Central Europe Fixed Effect". It is clear that the smaller the
area, the more plausible it is to capture important unobserved differences with a single parameter.

2Of course, many studies analyse health effects of education expansions at younger ages (e.g., Clark
and Royer (2013); Meghir et al. (2012)). These studies show negligible or null effects of education on
mortality. However, the instruments used in these papers may identify different margins than studies using
geographic proximity as instruments.

3See Appendix B4 in Andresen (2018).
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ings mapped into a significantly positive (negative) Average Treatment Effect of the

Treated (Untreated), where observables explained substantially more heterogeneity

than unobservables.

The rest of this paper is organized as follows. Section 2 provides some background

on related studies. Section 3 describes the institutional background. Section 4 lays

out the empirical methodology. Section 5 describes the data used. Section 6 provides

results. Finally, Section 7 discusses and concludes.

2 Background

This paper falls within the vast general category of studies investigating to what extent

education causally affects some outcome of interest. Specifically, the approach is that

of instrumental variables. Moreover, a key element is determining whether treatment

effects are heterogeneous. The literature trying to disentangle causal patterns in

socioeconomic relations is too voluminous to summarize here. Excellent surveys are

available, both on the education-health gradient (Grossman (2015); Galama et al.

(2018)) and the income-related return to education (Card (2001)). In the following,

selected studies are briefly surveyed. In particular, studies are relevant in this setting

if they employ proximity to educational institutions as an instrument, involve the use

of marginal treatment effects, or utilize Danish register data from the same period.

Instrumenting educational attainment with distance to school (college) was first

used by Card (1993), and subsequently used by e.g., Currie and Moretti (2003) and

Cameron and Taber (2004). Using NLSY data, Card (1993) finds that earnings returns

to schooling are 25-60 % higher than what conventional ordinary least squares es-

timates suggests, which is a common finding in the literature (See Table II in Card

(2001)). One interpretation of this finding is that the return for those induced by the

instruments to attain additional schooling are drawn from a part of the population

with high average returns to schooling (see discussion of the Local Average Treatment

Effect in the Methodology section). Nybom (2017) explores the distribution of lifetime

earnings returns to college using Swedish data, and instrumenting college take-up

with distance to college, and local labour market conditions at the municipality of

residence at the age where individuals attend high school. He finds modest returns to

college and that treatment effects exhibit some heterogeneity in cognitive and non-

cognitive skills while heterogeneity with respect to unobserved factors is absent. The

study of Taylor et al. (2016) is particularly interesting as the main outcome (mortality),

the instrument (distance to schooling opportunities) and the methodology (linear

marginal treatment effects) are similar in setup to our study. He finds in a US context
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that college education reduces mortality for men whose unobserved characteristics

makes them unlikely to attend college. Thus, men with the largest potential gains

were those who did not attend college. He finds no evidence of a causal effect for

women. Based on NLSY data with instruments similar to Nybom (2017), Carneiro

et al. (2011) find that earnings effects of college are largest among men most likely to

be enrolled in college, and that college is not worthwhile for those individual with

unobservables making them unlikely to attend college4.

An identification strategy comparable to the distance instrument is that of school

reforms. Both can be seen as supply-side decreases in costs of educational attainment.

The first to use this approach was Lleras-Muney (2005) who employs changes in

US compulsory schooling laws as instrument, and finds large effects. The main

IV estimate suggests that an additional year of schooling causally lowers the ten-

year mortality rate by 60 percent, a quite sizeable effect. However, Mazumder et al.

(2008) shows that this result is not robust to inclusion of state trends. Clark and

Royer (2013) exploit changes in British compulsory schooling laws in a regression

discontinuity setting and find that education affects wages but not mortality. Also

using school reforms to study potential effects of education on mortality, Meghir

et al. (2012) arrives at a similar conclusion. In a Dutch setting, Van Kippersluis et al.

(2011) exploit compulsory schooling laws and finds a modest decrease in mortality

for men. Using a somewhat different instrument of Vietnam war draft-avoidance

Buckles et al. (2013) finds sizeable male mortality reductions from college education.

Barcellos et al. (2019) couples school reforms with a distributional approach. She

finds that raising the minimum school leaving age from 15 to 16 in 1972 in England,

Wales and Scotland led to reductions in body size and blood pressure. Interestingly,

the effects for body size were most outspoken at the top of the distribution (thus

reducing obesity), while blood pressure effects were strongest at the bottom.

Turning to a Danish setting, several studies have used the Danish school reform

of 1958 to disentangle the causal effect of education on health. The reform eased

access to schooling for the rural population, increased educational quality, and post-

poned tracking5 (Arendt (2005, 2008); Datta Gupta and Bengtsson (2015)). When

Arendt (2005) compares cohorts on either side of the reform, i.e., cohorts around

1946, he finds that the effects of education on self-reported health and body mass

4It is striking how many economists neglect to consider nonmarket returns of education, e.g., health
outcomes or simple consumption value of schooling. "Worthwhile" in Carneiro et al. (2011) is solely
evaluated according to an economic cost-benefit analysis: given the result of an economic cost-benefit
analysis they conclude: “This policy induces students who should not attend college to attend it. Too many
people go to college".

5For more on the reform, see the Institutional Setting section.
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index increase when allowing education to be endogenous. However, standard errors

also increase, so the null of no effect cannot be rejected. By utilizing information on

likely urban-rural residence at young ages, two later studies improve on this design

by exploring changes in urban-rural health differences before and after the reform.

Arendt (2008) finds that education reduces the probability of being hospitalized for

women while effects for men are significant for selected lifestyle-related diagnoses.

Datta Gupta and Bengtsson (2015) conclude that education decreases the receipt

of disability pension and that especially women have fewer medical diagnoses for

chronic illnesses later in life. These two studies have different strengths and weak-

nesses6. They need not include a wide host of controls as they implicitly allow for

innate differences between urban and rural individuals. Instead, they rely on (func-

tional form) assumptions about how the urban-rural health and education gap would

have been constant absent the 1958 reform. The final study on Danish data to be

surveyed is Bingley and Kristensen (2014) who use a Danish 1937 schooling reform.

The incomplete nature of this paper makes it difficult to survey, but the identification

strategy is very similar to that of our study in its use of geocoding distances from

individual town schools to birth parishes on an individual basis. Very sparse empirical

details are given but the main result is that one more year of schooling led to a 12

percent earnings return and that longevity is unaffected.

At a very general level, it is difficult to conclude much about a credible estimate

of the effect of education on health. Grossman (2015) notes that the evidence is very

conflicting depending on the outcome measure used, the identification strategy and

the country setting in which results are obtained7. Galama et al. (2018) note that

for mortality, an education effect seems to exist in some contexts, but not in others.

Also, it may matter at which margin education is affected (e.g., secondary school

versus college). Similarly, the specific instrument being employed could explain

differing IV results given that such studies primarily estimate local effects for specific

groups of compliers (see Methodology section). Regarding the pattern of marginal

treatment effects, several studies find this to be downward-sloping for earnings, i.e.,

that returns are highest for those with unobserved variables making them likely to

enrol in education (Carneiro and Lee (2009); Carneiro et al. (2011); Taylor et al. (2016)).

6Due to the overlap in data sources and sample some of these are shared by my study. For example,
none of the studies have exact information on individual’s residence at school age. Arendt (2008) and I
proxy it by birth parish whereas Datta Gupta and Bengtsson (2015) use parish of current residence, i.e,.
residence as adults. In an earlier version of his paper, Arendt defends the birth parish proxy by pointing
out that the share of children in 1976 who who change municipality some time between their birth and the
age of 16 is only 6.5 % on average (Arendt (2004)). For earlier cohorts this number is probably even lower.

7It seems that the evidence of a causal effect of education on income or earnings is stronger than that
of health Card (2001).
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The opposite seems to be the case for health (mortality) although this conclusion

rests on fewer studies (e.g., Taylor et al. (2016)). Regarding observable treatment effect

heterogeneity on earnings of cognitive ability, it is generally found that those with

higher ability gain the most (Carneiro and Lee (2009); Nybom (2017)).

3 Institutional Setting

The key ingredient in the empirical methodology of this paper is exploiting variation

in school proximity for individuals born in Denmark in the 1940s. What characterized

the Danish school system in the better part of the twentieth century was a consider-

able urban-rural difference in access to education. Since 1814, seven years of primary

school at the age 7-14 was mandatory, but the quality and access to further education

was significantly better in towns than in rural areas (The History of Denmark (2011b)).

The town schools had better education materials, more courses and more hours of

instruction than rural schools. In addition, the rural schools did not have middle

school8 ("mellemskole") which via an exam provided access to further education

(such as an academic career). In effect, the rural schools provided little opportunity

for schooling beyond 7th grade9. Going forward, it should be noted that "school" or

"town school" will always refer to either schools in urban areas or schools in rural

areas that were organized similarly to urban schools ("købstadslignende skoler"). Im-

portantly, such schools provided opportunities for schooling beyond the compulsory

level of 7 years, which most rural schools did not.

A series of reforms and legislative efforts attempted to remedy this. The school

reform of 1937 mitigated geographic differences by allowing for rural schools to be

organized similarly to town schools given there were enough students10. The reform

also introduced the institution of exam-free middle school which was meant to

attract students with vocational interests. The building of new town schools in rural

areas, which the reform was paving the way towards, was delayed by the outbreak

of World War II (The History of Denmark (2011a)). The 1937 reform was in effect

carried out in the 1950s and 1960s with intensive school building activity. The school

reform of 1958 abolished the distinction between town schools and rural schools.

Furthermore, middle school was abolished so that urban children did not have to

8Middle school comprised 6th to 9th grade and its intention was to provide a bridge between basic
schooling and high school.

9“The teachers in the rural schools would be filled with mixed emotions when watching their most
gifted students take the bus to study at the town school” (own translation from The History of Denmark
(2011c)).

10This reform has been studied - at least rudimentarily - to evaluate the effect of education on lifetime
earnings (Bingley and Kristensen (2014).
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travel to town schools to attend 6th and 7th grade. In short, rural children now, in

principle, had the same access to education as urban children. However, the reform

was not implemented immediately. For example, in many rural districts the content

of the reform was not implemented until well into the 1960s11.

As mentioned in the background section, several studies have used the above re-

forms to evaluate the effect of education on health. Arendt (2005, 2008) and Datta Gupta

and Bengtsson (2015) use the 1958 reform and find some evidence of a causal effect

of education on health. The variation for the instrument in this paper related to

their studies, although different. In contrast to using a specific reform, this paper is

using the distance to school which is more closely related to studies such as Card

(1993) and Carneiro et al. (2011). However, the reforms of 1937 and 1958 are certainly

contributing variation to our instrument but in a gradual, rather than a sharp, fashion.

Moreover, a school may be (built) in a certain area for reasons unrelated to specific

changes in legislation although the reforms certainly accelerated the availability of

town schools for the rural population.

4 Methodology

4.1 Omitted Variable Bias and Instrumental Variables

From a policy perspective it is of great interest to know the effect of education on

health, or more generally, the effect of a variable, that can be affected by a policy ini-

tiative, on an outcome that is desirable to affect. Of course, evaluating to which extent

observed correlations represent causality, and if so, in which direction, is difficult.

A key concern in this paper is that individuals non-randomly sort themselves into

different educational levels. In other words, individuals with different educational

levels may differ from each other on several dimensions, observed and unobserved.

Even in absence of education, they would likely experience different outcomes. This

does not rule out that education has an effect on, say, health, but this potential impact

is very difficult to disentangle from the selection processes taking place. To fix ideas,

suppose that outcome (health, earnings) Yi of individual i is given by

Yi =α+βSi +γXi +εi , (3.1)

where Si is the schooling level of the individual. Xi represent various exogenous

covariates, and εi is the error term, holding all unobservable terms affecting the

outcome. Hence, α and β are scalars, and γ is a general vector.

11Private correspondance with the Ministry of Education.
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Here, β is the parameter of interest. One research question is whether educational

attainment has an effect on health. If there is no correlation between Si and εi , β can

be interpreted as the causal effect of incrementing educational attainment with one

unit. In the case with Si being a binary variable, β represent the effect of going from

compulsory education of 7 years to having beyond compulsory education. However,

it is not realistic to assume that Si does not correlate with εi , i.e., that Si is exogenous.

The literature has emphasized several scenarios in which this assumption fails. More

educated may be more forward-looking (Fuchs (1982)) or possess higher levels of

ability (Conti et al. (2010)). Almost all candidates for endogeneity can be suspected to

influence educational attainment and the outcome in the same direction. That is, we

suspect that cov(Si ,εi ) > 0. For example, more future-oriented individuals are more

likely to postpone labour market entry by attaining more education, and at the same

time are healthier due to e.g., abstaining from smoking and engaging in exercise.

It is straightforward to show mathematically, and argue intuitively, that this leads

to an upward bias in β if simply running the regression in equation (3.1). That is, a

naive interpretation of such a regression result might suggest that education causally

improves health status while in reality, this is a spurious correlation due to the fact

that more future-oriented are more likely to both enroll in more education and lead

healthy lives. On the other hand, the Grossman model suggest that education causally

affects health outcomes in that higher educated agents more efficiently transform

health inputs into health capital (Grossman (1972)). Alternatively, education may

increase individuals’ allocative efficiency, that is, it may increase their ability to make

the best choice of inputs for health production (Kenkel (1991)) Another explanation

is that education may increase earnings which in turn increases health12 (Frijters

et al. (2005)).

Hence, we have several (opposing) ways in which to rationalize the observed

correlations between health and educational attainment. We now turn to a way in

which this question potentially can be resolved. Suppose one can find an instrumental

variable, Z , that affects schooling but not the outcome directly. Moreover, it has to

affect everyone in the same direction. In the following, we consider the case of a

binary instrumental variable. Thus, the properties required for Z can be written as

Relevance : E [Si |X , Zi = 0] 6= E [Si |Xi , Zi = 1]

12Also known as the ’direct income hypothesis’ (Bhattacharya et al. (2013, Ch. 4)). For example, Frijters
et al. (2005) hypothesize that better diet, better access to medical services and living environment may
be plausible mechanisms. However, in a context of universal health care insurance the access to medical
services explanation may be less relevant in our setting.
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Independence : εi ⊥⊥ Zi | Xi

Monotonicity : S1i ≥ S0i ∀i or S1i ≤ S0i ∀i

The first requirement, relevance, says that the instrument has to affect the endoge-

nous variable. Thus, school proximity has to affect the likelihood of obtaining beyond

compulsory education in this context. In the above, it is written in a general form

but if S = 1 denotes higher levels of schooling and Z = 1 denotes proximity to a

school, we naturally believe that the right hand expectation is larger than the left

hand expectation. Note that the relevance requirement is the only assumption that

can be empirically tested in the current setup, while the validity and monotonicity

assumptions are inherently untestable13. The second assumption, independence,

contains two parts. First, the assumption implies that the instrument must be as good

as randomly assigned conditional on covariates. Further, the instrument must affect

the outcome only through its impact on the treatment probability (the exclusion

restriction). In this context the independence assumption entails that children living

far from a school are not, say, different in terms of future-orientation than individuals

living far from a school. Also, if parents’ socioeconomic background is thought to

be a component of εi one must assume that socioeconomic background does not

correlate with school proximity. This may be an implausible assumption. However,

the error term has to independent of school proximity conditional on covariates. The

central assumption of this paper is that school proximity is a reasonable instrument if

(and only if) also including a host of control variables, capturing individual character-

istics and various socioeconomic conditions of the area in which the individual grew

up. Specifically, X includes area and time fixed effects, local voting patterns, local

industry composition and individual cognitive ability and height (see Data section).

The final condition of monotonicity implies that the instrument has to move all

individuals in the same direction. Above, Si is indexed by the value of of Zi . Thus,

when an individual living far from a school attains beyond compulsory education,

the individual must also attain this education had the individual lived in proximity

to the school (ruling out the joint occurrence of Si 0 = 1 and Si 1 = 0). Similarly, if

the individual living close to a school does not attain more education, he would not

have pursued more education had he lived far from a school. (ruling out Si 1 = 0 and

Si 0 = 1). This rules out the presence of "Defiers", that is, individuals who move in

13At least in the case of a single instrument.
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an opposite direction to the treatment as the instrument suggests. A defier attains

additional education if living far from a school and refrains from doing so if living

close to a school. In this context, the monotonicity assumption could be violated if

an individual had a distaste for e.g., a peer group in his or her geographic proximity,

but would seek additional schooling if this was far away as he or she would then be

less likely to encounter this peer group.

Assuming that the above assumptions hold, an instrumental variables (IV) proce-

dure identifies a Local Average Treatment Effect (LATE). It is important to note that

this is a very specific margin being estimated: the LATE measures the average treat-

ment effect of individuals who switched treatment status due to the instrument14.

This group is also referred to as "compliers". Here, LATE measures the average effects

of educational attainment on health for those individuals who attained extra school-

ing as a result of school proximity. These compliers are inherently unidentifiable

but it is possible to gauge their characteristics (see e.g., Angrist and Fernandez-Val

(2010)). Factoring in the role of covariates, an IV procedure can be thought of as a

weighted average of covariate-specific LATEs15. Lastly, in interpreting the LATE it is

useful to keep the counterfactual in mind. The alternative to continuing education at

age 14 is not remaining in a vacuum, but possibly enrolling in non-formal education

or entering the labour market. Hence, the LATE (and, indeed, other treatment param-

eters) should be seen as the effect of additional education relative to this alternative

scenario.

IV estimation of equation (3.1) with Z as an instrument is relatively straightfor-

ward in a standard Two-Stage Least Squares (2SLS) procedure. The first stage, i.e., the

treatment equation is specified as

Si =π0 +π1Zi +π2Xi +εi , (3.2)

where the fitted values from this regression is inserted for Si in OLS estimation of

equation (3.1), and a standard adjustment to standard errors are made to account for

this. Estimation of the first stage is typically done via OLS, i.e., a Linear Probability

Model (LPM), but we also run specifications with probit and logit as the first stage16.

14If monotonicity does not hold, the instrumental variables procedure identifies the average change in
the outcome which is caused by individuals moving both in and out of treatment due to a change in the
instrument.

15See Theorem 4.5.1 of Angrist and Pischke (2008).
16Technically, this proceeds in three stages: The first stage is fitted with e.g., logit and these values are

then used as instruments for Si in a regular 2SLS procedure. Hence, fitted values from the non-linear
model are not inserted directly in a linear second-stage model (also known as "the forbidden regression";
see e.g., section 4.6 of Angrist and Pischke (2008)). In the linear case, using Zi as instrument or the fitted
values from a first stage LPM is of course equivalent.
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Verification of the instrument as being relevant is the statistical significance, and

positive sign, of the estimated π1.

4.2 Marginal Treatment Effects

In the subsection above we saw how an instrument could identify a LATE under cer-

tain assumptions. There are several reasons why may want to expand this framework.

First, LATE identifies only the treatment effects for compliers which implies that the

external validity of LATE may be low. In contrast, the MTE framework enables the

researcher to obtain a distribution of treatment effects which allows computation

of a range of other treatment effects17. Second, the assumption of homogeneous

treatment effects may not be plausible, and the above IV-framework does not permit

for a test of this assumption. For example, regarding inequality in health outcomes

it is relevant to know whether treatment effects are the same for everyone. If, for

example, the treatment effects are increasing in (unobserved) propensity to attain

education, an increase in educational opportunities may increase population health

without reducing inequality. On the other hand, if the treatment effects are decreasing,

prioritizing education plausibly increases population health while simultaneously

decreasing inequality. The Marginal Treatment Effects (MTE) framework allows us

evaluate the credibility of the assumption of homogeneous treatment effects and to

gauge the pattern of treatment effects. However, it should be kept in mind that the

MTE framework, at least in the parametric version presented below, also comes with

certain functional form assumptions (e.g., when specifying the polynomial of the

MTE framework). Hence, the trade-off involved is that the MTE framework poten-

tially answers more difficult questions, but at the cost of additional assumptions as

compared to the conventional linear IV estimation. In our setting, the LATE would be

informative on the school proximity-induced effect of education, but not necessarily

on the effect of other policies that would raise educational attainment.

4.2.1 The Framework of MTE

The point of departure of the MTE framework is distinguishing between treated

and untreated states. MTEs are essentially based on the generalized Roy model.

Throughout, we suppress individual indices. Let Y0 be the potential outcome of an

individual in the untreated state (S = 0), and Y1 the outcome of an individual in the

treated state (S = 1). Thus, in this paper Y1 is the potential outcome of an individual

17However, this requires full support in the first stage (absent assumptions of extrapolation).
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with education beyond compulsory level, and Y0 that of an individual with only

compulsory schooling. The observed outcome, Y can now be written as

Y = (1−S)Y0 +SY1.

Potential outcomes are specified as

Y j =µ j (X )+U j , j = 0,1 (3.3)

where X is a vector of covariates and U0, U1 are random variables normalized to have

zero mean conditional on covariates. We follow most of the literature and parametrize

the first term linearly (see below).

As discussed in the above section it is not random who selects treatment, i.e., who

choose to enroll in post-compulsory education. The net benefit of receiving treatment,

IS , is a function of observed variables (X , Z ) and an unobserved component US :

IS =µS (X , Z )−V

where treatment is taken if IS > 0. Z is the instrument from above, µS is parametrized

similarly to µ j , and the error term, Vi is a continuous random variable with strictly

increasing distribution function. In this framework, V is the unobserved "resistance"

to take treatment as it enters the choice equation with a negative sign. We can think

of this as consisting of similar factors as the error term in equation (3.1), where exam-

ples include socio-economic background of the parents, non-cognitive or cognitive

ability (Conti and Heckman (2010), time preferences (Fuchs (1982); Van Der Pol

(2011)), "taste" for education, and so on. In general, the interpretation of V depends

on the content of the covariate vector. Rewriting the condition of taking treatment

to µS (X , Z ) >V and taking the cumulative distribution function of V on both sides,

we get FV (µS (X , Z )) > FV (V ). The left hand side is now the propensity score, i.e.,

the probability of being treated as a function of observable characteristics, i.e.,

P (X , Z ) = FV (µS (X , Z )). FV (V ) equals the quantiles of the distribution of the un-

observed resistance to take treatment, which we here denote as US = FV (V ). Thus,

the decision to take the binary treatment, S, can now be written as:

S =1{
P (X , Z ) ≥US

}
(3.4)

Hence, individuals take treatment if the observed characteristics map into a

propensity that exceeds the quantile of the unobserved resistance. Note again that

higher values of US implies a lower likelihood of taking treatment: individuals with
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high values of US are those with, say, low ability or high distaste for schooling. The

assumptions on the instrument is similar to the case of the IV-setup. With this frame-

work laid out, the assumption on the instrument can be written explicitly in relation

to the potential outcomes:

(U0,U1,US )⊥⊥ Z | X

This assumption implies and is implied by the independence and monotonicity

assumptions from the subsection above (Carneiro et al. (2011)). Note that the MTE

can be estimated without an instrument, but this comes at the (high) cost of invoking

parametric assumptions on the joint distribution of (U0,U1,US ). To define the MTE

we need to define the conditional expectation of the error terms, U0 and U1:

k j (p, x) = E [U j | X = x,US = p]

where p is a realization of the propensity score P ((X , Z )) = p, and k(·) is a general

function, which we will specify below. The MTE is then given as

MTE(x, p) = E [Y1 −Y0 | X = x,US = p] =µ1(X )−µ0(X )+k1(p, x)−k0(p, x) (3.5)

Note that US = p implicitly is conditioning on being indifferent to treatment. Hence,

the MTE is the average treatment effect for individuals with characteristics X = x and

US = p. In equation (3.5) the slope of the MTE in unobservables is X-specific, which

is inconvenient from an empirical perspective as the MTE can only be estimated

over the range of US where there is common support of treated and non-treated

individuals for each value of X 18. To arrive at a more tractable expression, we follow

the majority of the literature and impose some structure on the error terms. Some

studies impose full independence between X and U j (Moffitt (2008); Carneiro et al.

(2011); Taylor et al. (2016)), but for our purposes here a weaker assumption suffices:

E [U j | X = x,US = p] = g (x)+k j (p) (Separability) (3.6)

where g (·) is a general function. The separability assumption restricts to no interac-

tions between observables and unobservables in the treatment effects, and has been

used elsewhere (e.g., Brinch et al. (2017)). In contrast to the case above, now the MTE

can be estimated over the unconditional support of P (X , Z ). This assumption comes

at a cost: for example, suppose that X holds a measure of observed cognitive ability,

18Estimating this within each cell of X is very demanding and in our current setup of a rich set of
controls would be impossible.
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and we interpret US as the individual’s discount factor. The separability assumption

implies that while individuals of different ability levels may have different treatment

effects, this difference is the same for "impatient" individuals as for "patient" individ-

uals. In other words, the MTE curves for different cognitive ability segments may vary

in intercept but not in slope in a (US ,MTE)-coordinate system. This is a somewhat

restrictive assumption but as pointed out in Brinch et al. (2017) it is implied by the

additive separability between S and X as imposed in equation (3.1) which is standard

in IV studies. This leads to the following expression for the MTE:

MTE(x, p) = E [Y1 −Y0 | X = x,US = p] =µ1(X )−µ0(X )+k1(p)−k0(p) (3.7)

where the first term from (3.6) is subsumed into the µ-terms. In contrast to equation

(3.5) the k()̇-terms now do not depend on x. This is the expression for the MTE

which will form the basis of the empirical results. Note how the MTE depends on

an observed part (µ1(X )−µ0(X )) and an unobserved part (k1(p)−k0(p)). Hence, we

allow for treatment effect heterogeneity both on observables and unobservables.

The improvements over classical IV studies are immediate. Such studies frequently

neglect to investigate heterogeneous impacts by observables and the framework

posits homogeneous treatment effects on unobservables as it implicitly assumes that

k1(p)−k0(p) = 0 for all p.

It is useful to consider different scenarios of treatment effects. Figure 2 - Figure

4 show three possible patterns of correlation between US and the error terms from

equation (3.3)19. The left panel of the graphs show the potential outcomes as a

function of US and the right panel shows which MTE-pattern this gives rise to. All

figures exhibit the traditional selection bias which is seen by how individuals with

higher values of US are less likely to enroll in treatment; hence, the last part of the Y1-

line is dotted to show fewer or no observations, and vice versa with Y0 for individuals

with low values of US . Note that in all cases we have U1i > U0i , which rules out

negative treatment effects. However, the difference between the figures, i.e., what

they are trying to highlight, is the pattern of treatment effects.

Figure 2 shows the case for individuals where U1i −U0i equals a scalar and conse-

quently U1i −U0i does not correlate with US . The treatment effect is constant across

the unobserved propensity to enroll in education20. For example, the individual

with low ability from a low-SES household gains the same from (additional) educa-

19We owe the idea of such an exposition to Taylor et al. (2016). The left panel of our graphs are very
similar to his Figure 1- Figure 3.

20Another way to express this is that β from equation (3.1) is non-random.



156 CHAPTER 3. THE ROLE OF EDUCATION AND INTELLIGENCE IN MORTALITY OUTCOMES

tional attainment as the individual with high ability from a high SES-household. This

is the classical case of omitted variable bias, and it is seen how OLS substantially

overestimates the treatment effects relative to the true (constant) effect. Figure 3

shows the case of selection on gains. Here, U1i −U0i correlates negatively with US .

Individuals with low resistance to take education enjoy the highest benefits from

doing so. The right panel show how the MTE is declining, being virtually zero for

individuals reluctant to attain education. Figure 3 also highlights that when marginal

treatment effects are non-constant, OLS may overestimate the treatment effect for

some individuals (here, those with high US ) and underestimate it for others (those

with low US ). This should be contrasted with the classical IV case often assuming

homogenous treatment effects where the concern primarily is the case of an upward

bias in OLS due to omitted variables bias. Figure 4 shows a "Reverse Roy"-pattern.

Here, the treatment effect is highest for those who are reluctant to take treatment.

Hence, U1i −U0i correlates positively with US . It is seen that OLS would understate

(overstate) the treatment effect for high-resistance (low-resistance) individuals. In

this case, the individuals from disadvantaged backgrounds unlikely to take education

are exactly the ones who would benefit the most from doing so. The virtue of the MTE

framework is that is allows us to distinguish between these different scenarios.

To estimate the slope of the MTE function with respect to unobservable hetero-

geneity we proceed as follows. Note that estimation of MTE in the case of a continuous

instrument can proceed in many different ways in terms of estimation methods and

the degree of parametric structure imposed (Cornelissen et al. (2016)). In our case of a

binary instrument, there are less degrees of freedom. In the following, we estimate the

MTE by the separate approach imposing linearity in the propensity score (Kowalski

(2016); Brinch et al. (2017)). Specifically, this involves estimating separate equations

for treated and non-treated. The first step is to obtain the predicted propensity score,

p, from the regression of S on (X , Z ). This is typically done with a probit or logit

model to ensure fitted values in the unit interval. The second step involves separately

estimating the conditional expectations of Y0 and Y1 in the sample of treated and

untreated, regressing on controls and the propensity score. In other words, this in-

volves estimating the average treated and untreated outcome functions AT O(x, p)

and AUO(x, p):

AT O(x, p) = E [Y1 | X = x,S = 1] = E [Y1 | X = x,US ≤ p] = γ1X +K1(p) (3.8)

AUO(x, p) = E [Y0 | X = x,S = 0] = E [Y1 | X = x,US > p] = γ0X +K0(p), (3.9)

where K1(p) = E [U1 |US ≤ p] and K0(p) = E [U0 |US > p]. Here we specify K0(p)
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and K1(p) as polynomial functions of p. Note that K1(p) = 1
p

∫ p
0 k1(u)du and K0(p) =

1
1−p

∫ 1
p k0(u)du. We have to specify the functional form of K j (p) given our choice of

k j (p) for the MTE equation (3.7). If specifying a linear MTE, i.e., k j (p) = p, it is easy

to show that
∂K j (p)
∂p = 1

2
∂k j (p)
∂p , and that K (p) is also linear in p. Hence, the next step is

to run the regressions

AT O(x, p) = E [Y1 | X = x,S = 1] = E [Y1 | X = x,US ≤ p] = γ1X +δ1p (3.10)

AUO(x, p) = E [Y0 | X = x,S = 0] = E [Y1 | X = x,US > p] = γ0X +δ0p, (3.11)

where we have abstracted from the intercepts21. By saving the predicted coeffi-

cients, γ1 and γ0, we can construct estimates of the marginal treated and untreated

outcome functions MT O(x, p) and MUO(x, p):

MT O(x, p) = γ1X +2δ1p (3.12)

MUO(x, p) = γ0X +2δ0p, (3.13)

The estimated slope in p, i.e., the slope of the MTE-function is given as λ ≡
2(̇δ1 −δ0) and is the coefficient of interest when determining how generalizable

the estimated LATE is in unobservable heterogeneity22. Note that the test of λ= 0

is exactly the test of whether treatment effects differ throughout the distribution

of unobserved resistance, and essentially a test of whether LATEs are externally

valid (with respect to unobservable heterogeneity). All coefficients are bootstrapped

with 100 replications. In the empirical section we report the cognitive ability rank

variable entry in the vector (γ1 −γ0), which is the degree of observable heterogeneity

in treatment effects of education with respect to cognitive ability. The size of this

coefficient reveals how much the MTE-curve is moved up or down in a parallel

fashion in a (MTE, US )-coordinate system. In the section below we detail how to

use the estimated parameters along with estimable weights to arrive at different

treatment parameters. For completeness we also report the base coefficient on the

cognitive ability rank of the individual, which is an entry in the vector γ0. This is the

general effect of cognitive ability on the outcome23.

21For more details, see Appendix A of Kowalski (2016). For the graphical intuition of how a binary
instrument identifies a linear MTE-function, see Figure 1 of Brinch et al. (2017).

22I.e., this is the slope of the function in the right panel of Figure 2 - Figure 4.
23The size of this coefficient in conjunction with the coefficient on cognitive ability can inform on the

presence of omitted variable bias if cognitive ability had been unobserved.
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4.2.2 MTE and other treatment parameters of interest

In a series of papers it is established that standard treatment parameters, for example

the average treatment effect, the average treatment effect on the treated and the

average treatment effect on the non-treated, can be expressed as different weighted

averages of the MTE (see e.g., Heckman and Vytlacil (2005, 2007)). Thus, treatment

parameter j , ∆ j (x) can be written as:

∆ j (x) =
∫ 1

0
MTE(x,uS )h j (x,uS )duS (3.14)

Here it is important to note that the weights, h j (x,uS ), can be consistently estimated

from sample data. For a full overview of all weights for the different treatment pa-

rameters, see Table A-1B in the online Appendix of Carneiro et al. (2011) or Table 3 of

Andresen (2018). Due to the separability assumption in equation (3.6) this expression

can be decomposed into a treatment effects arising from observables (first term)

and unobservables (second term). This implies that we can obtain unconditional

treatment parameters, ∆ j , that do not depend on covariates as they get averaged out,

and that the weights similarly split into two terms. Treatment parameter ∆ j can now

be written as

∆ j = 1

N

N∑
i=1

κ j Xi (γ1 −γ0)+
∫ 1

0
k(uS )h j (uS )duS (3.15)

where N is the total number of individuals and κ j is the weights on observables.

At this point it is constructive to list the expressions for the average treatment

effects (ATE), average treatment effect on the treated (ATT), and the average treatment

effect on the non-treated (ATUT), when applying the weights referenced above:

AT E = E [Y1 −Y0] = 1

N

N∑
i=1

Xi (γ1 −γ0)+
∫ 1

0
k(uS )duS

AT T = E [Y1 −Y0 | S = 1] = 1

N

N∑
i=1

pi

E [p]
Xi (γ1 −γ0)+

∫ 1

0

P (p > uS )

E [p]
k(uS )duS

ATU T = E [Y1 −Y0 | S = 0] = 1

N

N∑
i=1

1−pi

1−E [p]
Xi (γ1 −γ0)+

∫ 1

0

1−P (p > uS )

1−E [p]
k(uS )duS

where p is the propensity score and P is the probability operator. The weights have a

clear interpretation24. For ATE, both the contribution from observables and unob-

servables are weighted equally. In other words, the covariate vector X is evaluated
24For elaborate detailing of this, see section 4.4 of Cornelissen et al. (2016).
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at the sample mean, and the estimated MTE is weighted equally throughout the

distribution of US . For ATT, the weights on observables is increasing in the propensity

to take treatment which intuitively implies that individuals more likely to take treat-

ment are weighted higher. In the unobserved dimension it is seen that the weight at

a given uS is increasing in the fraction of observations with propensity score higher

than uS . Consequently, individuals with unobserved characteristics associated with

higher likelihood of treatment (those with low uS ) are assigned with a higher weight.

This same logic holds for ATUT: in effect, the weights are higher on the covariates

of non-treated and on individuals with unobserved characteristics making them

unlikely to take education.

Lastly, also the IV estimate can be expressed as a weighted average of MTEs.

IV = 1

N

N∑
i=1

(v̂i −E [v̂])(Si −E [S])

cov(S, v̂)
Xi (γ1−γ0)+

∫ 1

0

(E [v̂ | p > uS ]−E [v̂])P (p > uS )

cov(S, v̂)
k(uS )duS

where v̂ is an expression for the strength of the first stage25. Intuitively, the IV

parameter weights the observables by how much they are affected by the instrument

relative to the average (the numerator). In the denominator this is then scaled relative

to how accurate the first stage is. Similarly, in unobservables higher weight is given to

individuals with v̂ above average, those more likely to be compliers26.

Writing the IV parameter as a weighted average of the MTE makes it clear how IV

is dependent on the choice of instrument(s) by the econometrician. Different instru-

ments will identify different margins of the MTE curve, and so the LATE parameter

identified by IV may be difficult to interpret and use for policy analysis. For example,

the complier group is not neccesarily interesting to estimate effects for. In contrast,

other parameters such as ATE, ATT and ATUT may be parameters of (higher) policy

interest and has the virtue of being defined independent of the particular instrument

used (see Heckman and Urzua (2010) for this criticism unfolded).

To estimate these treatment parameters we replace the weight expressions with

sample analogs. The estimate of γ1 −γ0 is inserted from the estimation in equation

(3.12) along with the estimate of λ which is inserted for k(uS ).

25See also Appendix C of Cornelissen et al. (2016).
26Of course, it will never be known on an individual level whether a person is a complier or not.

However, it is possible to characterize compliers groups. For example, Angrist and Fernandez-Val (2010)
find that compliers to the same-sex instrument from labour economics are less educated than the average.
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5 Data

We use data from three sources: (i) Danish register data (ii) The Danish Conscription

Database (DCD) (iii) School data 1949-1963. This section describes sample restric-

tions and variables in separate subsections.

5.1 Sample Restrictions

The core sample which forms the basis for the analysis is males born in Denmark

between 1940-1949. These are cohorts for whom we have collected information on

school proximity and who are old enough to have realized earnings outcomes, and to

some extent, mortality outcomes. Further, these are cohorts experiencing substantive

increases in schooling opportunities ((Arendt, 2005; Datta Gupta and Bengtsson,

2015).

Extracting all males born 1940-1949 in Denmark from the registers yields a sample

size of 375,638. To arrive at an analysis sample we then impose the restrictions that

individuals have not emigrated, have precise birth place information from Statistics

Denmark27, have been conscripted for military, and have survived until age 50 with

non-missing information on educational attainment and earnings. Further, following

Nybom (2017) we discard individuals with very low average earnings (below 10,000

DKK). In total, this leaves 240,638 individuals for the analysis sample. Approximately

half is lost due to the requirement of being in the conscription database and appear

with non-missing information on the variables we use here, and apart from emi-

gration the other requirements are roughly equally responsible for the remaining

deterioration of sample size. The coverage rate of the Danish Conscription Database

is relatively high (around 85 %) although it is clear that our restrictions above leaves

a slightly selected sample as health conditions is a significant exemption reason

for conscription28. However, we surmise that such sample selectivity is more than

outweighed by the benefits such as increased plausibility of the exclusion restriction

and an interesting avenue for treatment effect heterogeneity on cognitive ability.

27We exclude some observations if their birth parish is listed as municipality that covers a geographic
area where school distances are uncertain.

28Boys who due to medical conditions were deemed unsuited for military service were exempted from
turning up for testing, where examples of conditions include mental retardation and epilepsy. Unsur-
prisingly, mortality rates in the conscription database are slightly lower than in the reference population
(Christensen et al. (2014)).
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5.2 Outcome Measures and Endogenous Variables (Y and S)

What health is, and how it is best measured, is not obvious29. In the background

section we cited studies using a variety of measures: mortality, self-reported health,

receipt of disability pension and prevalence of chronic illnesses. Here, we choose

mortality as the outcome measure as it can be considered a sufficient statistic of

health and it is the outcome of influential studies and models of health from the

literature (Grossman (1972); Clark and Royer (2013)). Specifically, we measure mor-

tality as the probability of being alive at age 64, conditional on being alive at age

50. The specific choice of age 64 is the highest age at which we can follow mortality

up until for all of our cohorts. We also evaluate the effects of education on earnings.

First, this represents a benchmark to a comprehensive literature in economics on

the market returns to human capital (Card (2001)). Second, earnings may provide

a mechanism through which education improves health outcomes (Frijters et al.

(2005); Schnalzenberger (2011)). Specifically, our measure is log of mean earnings in

ages 40-50 as the literature on intergenerational mobility finds this to be the optimal

age range in which to proxy lifetime earnings potential (Mazumder (2005)).

Our primary endogenous variable is a dummy variable indicating educational

attainment beyond 7 years (the compulsory level of schooling at the time relevant for

our sample). This threshold is natural given our instrument which is being close to a

town school at age 14. In contrast to rural schools, town schools offered educational

opportunities beyond 7th grade30. Also, the MTE framework is designed for a binary

endogenous variable31. For completeness, and only relevant for the instrumental

variables results, we also present estimates from a specification where education

enters as a (roughly) continuous variable capturing total years of schooling.

Table 2 shows the mean and standard deviation by educational attainment of

all variables which are to be used for subsequent analysis. The first panel shows the

outcome variables, log earnings and mortality at age 64. As expected, we see that those

with educational level beyond compulsory schooling have a higher survival rate and

a higher earnings level. For example, in the former group 10 percent does not survive

until age 64 (conditional on survival until age 50) while this is 14 percent for those

29As noted in Currie and Madrian (1999): "The concept of “health” is similar to the concept of “ability”
in that while everyone has some idea of what is meant by the term, it is remarkably difficult to measure."

30For a present day discussion of the education-health gradient, it can be argued that the transition
from 7 years of education to more than 7 years of education is not particularly relevant. However, general
lessons about potential causal effects and treatment effect heterogeneity may also apply to higher levels of
the education distribution. Moreover, the insights gained from schooling expansions at lower levels may
be relevant for countries in the Global South.

31Technically, it can accommodate discrete endogenous variables, but non-binary applications are
very rare.
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with only basic education. Naturally, these differences are merely raw associations,

likely reflecting both secular trends in educational attainment, and selection arising

from inherent differences between the groups. The section on empirical results will

gauge to what extent this difference remains after controlling for covariates, and

more importantly, whether the relationship can be argued to reflect a causal link from

education to health and earnings.

5.3 Instrumental Variable (Z )

To construct a variable with individual-level information on school proximity for

each individual, we have merged historical data to register data from Statistics Den-

mark. The school dataset is manually coded from old school handbooks ("Den danske

Skolehåndbog") currently only available in physical form. The handbook was (and is)

published on a yearly basis. Thus, to have exact information on when each new town

school becomes available it is necessary to manually code several books, extracting

information on when a town school became available on a certain address. We have

done this for the years 1949-1963. In total, we identify the latitude and longitude of

370 schools in this manner. This information has then been linked to the birth parish

variable from Statistics Denmark. Via Geographic Information Systems Software (GIS)

we have calculated the great-circle distance between the school and the centroid of

the birth parish of the individual. Thus, this distance can in principle vary on a birth

parish by year level. While this variable is seemingly continuous, we have opted for

an approach where we discretize this variable into a binary form. The downside of

this is having to specify a somewhat arbitrary threshold for what constitutes school

proximity, but in our view, it is preferable to a continuous approach. We have not

coded schools in market towns as this would be extremely time-demanding, and

unlikely to provide critical variation as school density here was relatively high. Hence,

with the current information it would be unclear which distance to assign to indi-

viduals born in towns. Further, the distance between parish centroid and school is

likely to be plagued by some measurement error as the “true" distance between a

child’s residence and the nearest school may be somewhat different. Hence, we think

it is more conservative to choose a relatively high threshold for the distance, and

assign all individuals above this threshold the status of living far away from a town

school. In the main specification, we assign individuals proximity to a town school

if the centroid of their birth parish is less than 8 kilometers from a town school the

year in which they are 14. An obvious imprecision in our approach is using the parish
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of birth rather than the parish of residence at age 1432. In effect, we are proxying

the latter with the former. However, the proxy is arguably reasonable as the share of

children in 1976 (earliest year with available information) who change municipality

between their birth and age 16 is 6.5% (Arendt (2004)). It seems reasonable to expect

that this fraction was even lower for our (earlier) cohorts. Also, using location of birth

parish rather than parish at age 14 arguably circumvents some endogeneity concerns

arising from residential sorting on housing or school location. The key requirement

for the relevance of our instrument is simply that individuals born close to a school

are, conditional on controls, more likely to attend further schooling than those born

far away from a school. Note that our identifying variation in the current specifica-

tion is not necessarily dependent on "school opening", i.e., the roll-out of new town

schools across time and place. However, they help separate the county and cohort

fixed effects from the effect on educational attainment by (likely) residing close to a

school. For more details on the practical aspects of constructing the instrument, see

Appendix 9.1, which also shows the distribution of schools opening in a given year.

5.4 Cognitive Ability, Height and Age at Conscription (X )

We use three variables from the DCD, namely a measure of cognitive ability as well

as height and age at conscription. Our measure of cognitive ability comes from the

"Børge Priens Prøve" (BPP) introducted into conscription board examinations in

195733. The BPP is an intelligence test comprising four subtests (letter matrices,

verbal analogies, number series, geometric figures) to be completed within a fixed

time of 45 minutes (Christensen et al. (2014)). In general, tests can be distinguished by

whether they extract acquired knowledge ("crystallized") or general, abstract abilities

of reasoning ("fluid"). In practise, no test is exclusively the one or the other, but

the BPP is deliberately designed to largely capture fluid intelligence (Teasdale et al.

(2011)). This is crucial for the setup in this paper given that intelligence is measured

at ages 18-20, thus after the “treatment" of additional schooling which occurs at

age 14. On the face of it, it may seem that intelligence score is a bad control in the

sense of Angrist and Pischke (2008) given that intelligence itself could influenced

by additional schooling. This concern is more worrying the more a test picks up

crystallized intelligence. For our purposes here, it is not necessary to demonstrate

that intelligence is fixed at birth, and thus completely independent of (post-birth)

32Our sample of birth cohorts 1940-1949 is born far to early to have register-based residential informa-
tion in childhood.

33Teasdale et al. (2011) note that “it is estimated that about 90% of the Danish male population between
the ages of 18 and 70, that is, over 1.5 million men, have taken the test."
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environmental exposures. Rather, it is sufficient to argue that the intelligence picked

up by the BPP test is largely fixed from age 14 and onwards34. The most persuasive

evidence for this claim comes from a 1984 study featured in Nature (Teasdale and

Owen (1984)). The authors utilize a Danish adoption register to study correlations

in intelligence (BPP test) and educational level between genetically related pairs

of adult adoptees reared apart and genetically unrelated adoptees reared together.

For education, individuals sharing familial environment correlate 0.67 (0.43) if they

are genetically related (unrelated), thus probably pointing to the effects of both

genetic transmission and environment. In contast, for BPP score, i.e., our measure of

intelligence, individuals sharing familial environment correlate 0.52 (0.02) if they are

genetically related (unrelated), thus pointing to a very negligible role for environment

for this variable35. Given the very small role of shared environment it seems plausible

that an increase in schooling at age 14 does not, in any substantive way, impact

measures of fluid intelligence at ages 18-2036. This is also concluded elsewhere in the

literature estimating effects of education: "By age 14, intelligence as measured by IQ

tests seems to be fairly well set" (Carneiro and Heckman (2002, p. 708)). In short, we

consider our intelligence measure more to be an important control variable, lending

credibility to our exclusion restriction, than to be a “bad control". For example, it

may be the case that higher-ability individuals reside in areas closer to schools, and

given some intergenerational correlation of this trait, the implication is that higher-

ability children are relatively more likely to reside near schooling opportunities.

Cameron and Taber (2004), Carneiro and Heckman (2002) and Carneiro et al. (2010)

show that distance to college is correlated with a measure of ability, thus potentially

invalidating studies using a distance-to-school instruments without controlling for

ability37. Although the American context of college proximity may differ from a

34Intelligence is of course not fixed over the life-cycle. Studying this for the BPP test is difficult as it is
only administered once and the military prefers not to release it. However, in a somewhat selected sample
of applicants to Officers School, a high test-retest reliability of 0.78 was found (Teasdale et al. (2011)).
“Fixed" should be understood in the sense that any future measurements are not systematically related to
the instrument.

35The importance of environment and genetic transmission is of course context dependent. When
e.g., growing vegetables in a greenhouse under optimal conditions, the genetic factor determines (almost)
everything. If growing vegetables in very unfavourable conditions in Sahara, genetics are probably close to
irrelevant. Similarly, in our context, if individuals were subjected to malnutrition their entire childhood it
would likely affect their BPP score.

36If the reader remains unpersuaded that schooling at age 14 does not affect fluid ability at age 18-20
he or she should instead think of the estimated effects as those arising from all other mechanisms than
increased cognitive ability.

37As summarized in the Handbook of The Economics of Education: "Carneiro and Heckman (2002)
show that distance to college in NLSY79 is correlated with a measure of ability and is an invalid exclusion
restriction unless the analyst conditions on ability since ability determines outcomes" (Hanushek et al.
(2016)).
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Danish context of primary school proximity, similar arguments may carry over, and

indeed, in results not shown we found that our measure of intelligence correlated

with the instrument, even conditional on other controls. In Sweden, the conscription

test features both cognitive and non-cognitive tests, and here it is found, exploiting

the conditional randomness of test date, that more school days increases scores

on crystallized tests but not in tests of fluid intelligence (Carlsson et al. (2015)).

However, age at test has a modest effect on the fluid intelligence measure which is

why we in our specifications control for a second order polynomial of age at test.

Lastly, we also control for a second order polynomial of height at conscription. First,

this can be seen as a proxy variable for early-life health. Second, it can capture

some (unobserved) socioeconomic difference between areas in proximity to a town

school compared to those not in proximity to a town school. Figure 5 shows the

evolution of height of Danish conscripts over the period 1940-2010. It is seen that

height has been steadily increasing until around 1980, where it then flattens out. In

other words, it does not flatten out before birth cohorts circa 196038. As this is too

short a period for (changing) genetics to play a significant role it is probably justified

to attribute any development primarily to nutrition. Thus, at least for a part of the

population differences in nutrition can explain some of the gap in height before 1980.

Hence, for the time period we study, differences in height are likely to partly reflect

differences in socio-economic status across areas which warrants controlling for

height at conscription.

In Table 2 it is seen how different the educational groups are with respect to cog-

nitive ability, age and height. Note that in all specifications, cognitive ability enters as

the within-cohort percentile rank of the BPP score. For this variable there is a stark

difference between educational groups: the average rank of individuals with basic

education is 27, while the average rank for those with education beyond compulsory

level is 57. This reflects the "ability bias" often discussed in labour economics (Card

(2001)). Concerning height and age, differences are less pronounced but in the ex-

pected direction: the higher educated are slightly taller and older at conscription.

This may reflect selection of the more able into education as well as postponement of

conscription for those undertaking education.

38For the subsection of data available to us we do not find e.g,. differences in conscription age to drive
this increasing trend in height.
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5.5 Socio-Economic Control Variables at the Municipality Level (X )

As control variables we employ a comprehensive set of controls intended to make

the independence assumption on the instrument more plausible. In other words, the

control variables should ensure that individuals living close to a town school is in-

herently similar to individuals living far away once covariates are taken into account.

As local area controls we employ a set of variables intended capturing urbanization,

economic development and general socioeconomic characteristics of the environ-

ment in which the individual grew up. These variables are the percentages of votes

for political parties (socialdemocrats and conservatives - with the agrarian liberal

party (“Venstre") the most significant party being left out) and the composition of

sectors the population work in (handicraft and industry - with agriculture being left

out). This data has been obtained from The Danish National Archives and is part

of the Danish Statistical Commune Data Archive39 It has also been used as control

variables in Wüst (2012). As in Wüst (2012) we employ information based on the

municipality structure of 1970 in which Denmark is organized in 277 municipalities,

and not the approximately 1300 which existed prior to 1970. The data quality is sub-

stantially higher when aggregating units in this way and it still allows for controlling

for conditions on a relatively local geographic level. All variables are measured when

individuals are between 10-14 years of age. To further increase the likelihood that

school proximity does not pick up urbanization we control for the distance to the

closest market town as well as residing in a market town or a small market town

(distance from birth parish centroid to centroid of nearest market town). Finally,

we control for unobserved area and time controls by including regional and cohort

fixed effects. We include county-fixed effects for the 22 counties corresponding to the

regional structure of the time of birth of the individual. These dummies capture every

unobserved characteristic of the area which is time-invariant, e.g., pollution levels or

unobserved socio-economic status40. Similarly, the cohort fixed effects control for

everything unobserved of a given cohort. This may be particularly relevant as some

of the cohorts were born during the occupation of Denmark and the latter cohorts

were subjected to the 1958 school reform. Any potential health effects are subsumed

into these fixed effects41.

39For documentation, see Bentzon (1975).
40The rationale is also evident from the regional variation the instrument displays: For example, over

our study-period 99.8 percent of all individuals residing in the county of Copenhagen ("Københavns Amt")
had less than 8 km to a school at age 14 while this was only the case for 59.6 percent of all individuals in
the county of Thisted ("Thisted Amt") located in Northern Jutland.

41Note that such controls cannot be used in e.g., the Arendt (2004) study of the 1958 reform as this
would eliminate all the variation generated by the reform which he identifies by a linear cohort trend. In
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Table 2 shows substantial differences between educational groups for these vari-

ables. Educated individuals are more likely to be born closer to, or in, a market town.

They also originate from areas with a higher share of the population employed in

handicraft or commerce as opposed to agriculture. Lastly, and consistent with this,

they are from areas with stronger support for social democrats or conservatives as

opposed to the agrarian liberal party.

6 Results

6.1 OLS and IV Estimation

Table 3 and Table 4 show results for mortality and income, respectively. The tables

show the (naive) OLS estimate of the effect of education and the results of the 2SLS

procedure along with results from the first stage. The tables show coefficients and

standard errors on key variables, namely the instrument, the education variable(s)

and cognitive ability (the latter for the binary specification only). Figure A2 in the Ap-

pendix shows the full results on the linear first stage42. The key question of this paper

is the effect on earnings and health of having beyond compulsory education versus

having only basic education. However, for benchmarking to other studies, in particu-

lar regarding earnings, the tables also have results for education in a continuous form.

Apart from its prominence as a studied object in labour economics, earnings can

also plausibly be considered a potential mechanism through which education may

improve health outcomes. Note also that in all specifications, all control variables

from Table 2 are included along with 22 county dummies and 9 cohort fixed effects.

First, consider Panel A, column (1) of Table 3. The OLS estimate, conditional on

all controls, shows that having beyond compulsory schooling is associated with a 2.3

percentage point gap in survival at age 64, on a mean of 0.89. Another way to view this

is that the probability of deceasing between age 50-64 is approximately 20% higher

for individuals with only basic education relative to those with beyond compulsory

schooling. Recall that the raw gap in survival was approximately 4 percentage points

in Table 2 so including a large host of controls attenuates this SES-gap somewhat.

Further, we see that cognitive ability has an impressive prediction power here as

the coefficient on cognitive ability rank multiplied by 100 more than twice exceeds

the coefficient on education. This implies that going from e.g., the 25th percentile

of cognitive ability to the 75th percentile is associated with a higher survival gain

Datta Gupta and Bengtsson (2015) the functional form assumption imposed is that cohort fixed effects are
identical for urban and rural individuals.

42For brevity, full results on second-stage results are not included. Results are available upon request.
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than going from a level of compulsory education to more than 7 years of school-

ing43. Consider now the 2SLS estimation in columns (2) and (3). It is seen that the

instrument is highly significant in predicting educational attainment: Living close

to a (town) school increases the probability of beyond compulsory schooling by 2.6

percentage points (on a mean of 78 percent). The point estimate may seem moderate

but recall that this is the estimate purged of an extensive set of controls capturing the

socioeconomic characteristics of the local area as well as individual level variables44.

The F-statistic on the instrument is 72, comfortably above the conventional weak

instrument threshold of 10 (Staiger and Stock (1994)). Again, cognitive ability is also

seen to be very predictive of uptake of schooling as e.g., ten rank points of ability is

associated with a 5.1 percentage point higher probability of taking treatment. Turning

to column (3) and the result of the IV procedure it is seen that the point estimate on

educational attainment is 0.0794, more than three times the size of the OLS estimate.

Taking this estimate at face value suggests a large role for education as it seemingly

increases the probability of survival at 64 by 8 percentage points. This can suggest

general large (causal) returns to education, or that the specific compliers for whom

we estimate effects enjoy particular beneficial outcomes of increased education. How-

ever, unfortunately it is also seen that the parameter is estimated rather imprecisely:

the standard error is larger than the point estimate itself. Thus, the parameter is

not statistically different from zero. These features of a 2SLS estimation, that point

estimates exceed OLS but precision deteriorates markedly, is quite common in this

literature. Cognitive ability is also important in the predicted second stage, although

of a smaller magnitude than in the OLS estimation of column (1), and estimated more

imprecisely. The results for a continuous specification of the education variable is

included for completeness, and conveys essentially the same story. An additional year

of education is associated with a 0.5 percentage point increase in survival probability,

and in a 2SLS setting this effect is estimated to be three times as large, although again

estimated somewhat imprecisely45.

Panel B shows how sensitive these results are to alternative first stage specifi-

cations. Recall that using the propensity score as instrument amounts to running

43More strikingly, the point estimate of 0.058 also implies that the conditional difference between
someone at the very bottom of the cognitive ability distribution and someone at the very top is higher than
the unconditional difference between the survival of the education groups displayed in Table 2.

44For comparison, the ’raw’ estimate of regressing S on Z and cohort dummies is 0.1381 with an
F-statistic of 2669.

45Note that the point estimate from the continuous specification, 0.00473, is not very different from
0.0233

6.59
= 0.00356 which is obtained by dividing the estimate from the (main) binary specification with the

average difference in years of education between these two groups based on Table 2.
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a 2SLS regression once the predicted probabilities from a first stage specification

are obtained. It is no coincidence that this Linear Probability Model (LPM) estimate

of 0.0794 is identical to the result from panel A as, in a linear context, these proce-

dures are equivalent. In general, precision increases markedly when using probit

or logit, and point estimates are close to zero. Results are not significantly different

from the specification using the LPM in that they easily are included in the (normal)

confidence interval of the LPM estimation. However, it is of course obvious that the

implications from these point estimates are quite different. It is not uncommon in

the MTE literature to find point estimates of different magnitudes, and significantly

different results, when using Z as instrument relative to using P (Z ) as instrument (see

e.g., Table 3 in Nybom (2017) and Table 3 in Brinch et al. (2017)). Some caution against

using this “back-door identification” that the nonlinearity provide as an (additional)

source of information (Angrist and Pischke (2008, p. 143)). On the other hand, 2SLS

estimates from this procedure may be more efficient than those originating from a

linear first stage (Newey (1990)), which is consistent with Panel B when comparing

the standard errors across specifications. More importantly, predicted probabilities

outside the unit interval is quite inconvenient in the MTE framework which is why

studies in this (emerging) literature usually rely on a probit or logit specification.

Below we will see how the LPM specification struggles with producing fitted values in

the interval [0,1]. However, results from Table 3 are in agreement in the sense that all

IV estimates point to an effect of education statistically indistinguishable from zero,

but this is estimated far more precisely in the logit and probit first stage.

Table 4 shows the corresponding table for earnings. Hence, the first stage esti-

mates will naturally be identical to Table 3. From column (1) we see that the estimated

OLS gap in earnings is 14 percent. Rephrasing the health gap from before in terms of

survival rather than mortality makes the two gaps of a somewhat similar magnitude

(14 percent and 20 percent). Again, recall that all estimates are conditional on a large

set of controls46. Cognitive ability is seen to be even more important than for health;

a 50 rank point increase in cognitive ability is associated with an earnings difference

of nearly 24 percent. When instrumenting education with school proximity, column

(3) yields the conclusion that the return to education is 24.4 percent. The gap for a

single year of extra education is 3 percent, and the estimated (causal) return is nearly

5 percent. As before, the 2SLS specifications are insignificant due to relatively large

standard errors. However, in contrast to before, the proportional difference between

the OLS and the 2SLS estimate is more moderate. Here, 2SLS specifications are 60-74

46For example, when leaving out the measure of cognitive ability the gap almost doubles (results not
shown).
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% larger than OLS, which is very similar to studies surveyed in Card (2001). Focusing

on the 2SLS estimate from Panel B, an earnings return to education of approximately

five percent is on the low side of the studies he survey, but within the range of esti-

mated effects. Those studies are predominantly from an American context, so one

interpretation is that returns to education are somewhat lower in Scandinavia than

in the US as a recent influential study has argued (Landersø and Heckman (2017)).

For example, in a Swedish context, Nybom (2017) finds a 2SLS estimate of 6.7 percent.

The coefficient on cognitive ability is very similar from column (1) to column (3),

although standard errors unsurprisingly increase in the latter.

Once again, results in Panel B are quite different in terms of the implied effects.

Results from probit and logit first stages indicate that education has a negative (and

statistically significant) effect of 16 percent on log earnings. This is borderline statisti-

cally different from the 2SLS estimate given that a normal-based confidence interval

of the 2SLS specification has a lower limit of 0.244−1.96·0.212 =−0.171, which means

the probit and logit estimates are included in this interval. However, yet again, the

implied effects from the coefficients are at odds, even more so here than for mortality

above. In the following we take a closer look at the predicted probabilities from the

different first stages. Further, we obtain the estimated LATE implied by the MTE

estimation and shed some light on why the parameters turn out as they do.

6.2 Marginal Treatment Effects and Other Treatment Parameters of

Interest

Figure 6 shows the estimated common supports for the three different specifica-

tions of the first stage. We see that all three specifications return a relatively wide

range of common support although the densities differ somewhat47. For the LPM we

see that more than twenty percent of observations are predicted to have treatment

probabilities above one48. The literature almost exclusively utilizes logit or probit as

estimated treatment probabilities outside the unit interval is awkward to handle, as

47However, we find that e.g., logit and LPM fitted values correlate 0.91. Keeping in mind that correlation
measures linear dependence between variables it is perhaps still puzzling why IV results from Tables 3
and Table 4 differ so much (i.e., the results from linear 2SLS versus using P (Z ) from probit or logit as the
instrument). Also, inspection of average derivatives from logit or probit did not reveal any big discrepancies
relative to the results displayed in Table A2 (results not shown). An in-depth exploration of functional form
issues was not within the scope of the present analysis, but we cannot rule out that we in future work
should apply more flexible specifications, e.g,. allowing effects of various variable to vary across time and
place. Our first stage specification is relatively simple and it seems to be the case that logit and probit are
more sensitive to specification choices than LPM (results not shown).

48Here, the values above 1 have been fixed to exactly 1. In reality, they are relatively uniformly dis-
tributed on the interval [1,1.3].
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should be clear from the setup of the MTE framework. One possibility would be to

restrict values above 1 to 1 and potential values below 0 to 0. However, given Figure

6c this seems very suboptimal given more than one fifth would have to be reassigned

in this manner. In the following we show results for a logit specification (following

e.g., Nybom (2017) and Carneiro et al. (2011)). Results are relatively robust to using a

probit, but not a LPM which is probably not surprising given the large discrepancies

from the IV estimations. For estimations, we trim the thinnest parts of the common

support and estimate marginal treatment effects on the interval [0.38,0.96].

Table 5 shows the results of the MTE estimations for both outcomes. The key statis-

tics of interest are the slope of the MTE curve, the ATE, ATT, ATUT, the MTE-implied

Local Average Treatment Effect (MTE-LATE) and the coefficient on the cognitive

ability rank. Figure 7 and 8 show various MTE curves plotted over the common sup-

port and provide graphical explanations of how the estimated treatment parameters

depend on the weights (cf. the Methodology section). First, consider results for health

(survival at age 64), i.e., column (1) of Table 5 and Figure 7. Table 5 shows an estimated

MTE slope of 0.081 which is the slope of the curve depicted in Figure 7 plotted at

the mean of the covariates. This estimate would indicate that those with the highest

unobserved resistance to enroll in education are those who benefit the most in terms

of increased survival prospects49. In fact, the curve is negative at low values of US

indicating that individuals with low unobserved resistance is actually harmed by tak-

ing the treatment of education. However, with a standard error of 0.065, the estimate

is not statistically significant at conventional levels. Interestingly, both the estimate

and the standard error mirrors Taylor et al. (2016) very closely50, who estimates linear

MTE curves using the separate approach for 10-year survival probabilities (see his

Table 9, column 5 for men).

Next, we turn attention to the treatment parameters ATE, ATT and ATUT. Note

that, to estimate these parameters, we have followed e.g., Brinch et al. (2017) and

rescaled the weights to integrate to one over the region of common support and

assumed that the MTE outside this interval is zero. As full support is difficult to obtain

in practice, this procedure is relatively common51, but this caveat of extrapolating

should be kept in mind going forward. Column (1), second row of Table 5 shows an

ATE of -0.0018, essentially zero. For convenience, the label ’ATE’ is plotted in Figure

7 (a). Note in accordance with the definitions, the ATE parameter is obtained from

49Thus, in terms of slope this situation corresponds to Figure 4.
50It should be noted, though, that his baseline survival rates are somewhat lower than ours.
51See also Nybom (2017) and Taylor et al. (2016) and Carneiro et al. (2011) where the latter estimate

bounds on the parameters.
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integrating over the MTE curve (at the mean of the covariates) not applying any

weights. Hence, in a linear specification the ATE can always be obtained by taking

the midpoint of the first axis and drawing a straight horizontal line from where this

midpoint meets the MTE curve52.

As seen from row three and four of Table 5 the ATT is slightly lower than the ATE,

and the ATUT is slightly higher (actually positive, but not significantly different from

zero). Part (b) and (c) show the MTE curves for ATT and ATUT, where the weights

on covariates have been applied. For benchmark the MTE curve from (a) is also

plotted53 (without confidence intervals, so the scales are different). The magnitude of

the estimated ATT and ATUT parameters are placed in the plots for visual purposes.

To understand the size of these parameters one also needs to consider the estimated

weights in part (f) of the figure. These are the weights in the unobservable dimension

(US ) of the MTE estimation. Consider here the ATT and ATUT weights. Unsurprisingly,

it is seen that the ATT (ATUT) weights are decreasing (increasing) in US . That is, those

likely (not likely) to take treatment get higher (lower) weight at low unobserved resis-

tance values. The MTE curves in part (b) and (c) show how covariate characteristics

shift the treatment effects. In fact, the treated apparently has characteristics which

lead to (marginally) lower treatment effects than individuals estimated at the mean

of the covariate vector. However, in (b) it is seen that the difference between the ATE

and ATT parameter is actually larger than the difference between the curves. This

is due to factoring in of the weights in (f); for the treated, it is seen that the MTE

curve is weighted higher at low US values, which is exactly where the MTE values are

relatively low as the MTE curve has a positive slope. Thus, ATT < ATE is both due to

observables and unobservables. For ATUT in (c) we see that those without education

beyond 7th grade actually has covariates associated with a higher treatment effect

from education. From (f) it is seen that higher MTE values get a higher weights for

the untreated, further increasing the distance between ATE and ATUT, although it is

also apparent that most of the difference is due to weights in observables. Turning

to the fourth row of Table 5 and part (d) of Figure 7 we see the implied LATE from

the MTE estimation. Observe that we cannot identify compliers individually but the

label "covariates of compliers" is roughly the estimated covariates of those affected

the most by the instrument54. From (d) of the figure we see that these compliers

apparently have covariates associated with lower treatment effects from education,

and that the difference is bigger than when comparing ATE and ATT in part (b). From

52Thus, from US = 0.5 in a situation of full support.
53Note that it is the separability assumption which ensures that these curves are parallel.
54Again, see appendix C of Cornelissen et al. (2016).
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(f) we see that the LATE-weights in unobservables are relatively close to the weights

of those treated in that relatively more weight is assigned to low values of US . One

interpretation is that the instrument, school proximity, has the largest effect on those

with already low propensity scores, i.e., it pushes individuals above the threshold that

have low observed propensity to enroll in education. However, again observables

seem to be of higher importance given that the difference between the ’ATE’ and

’LATE’ label in part (c) is only marginally higher than the difference between the

MTE and the MTE-LATE curve. Note also that the MTE-implied LATE estimate of

-0.0121 with a standard error of 0.0093 is moderately different from the estimate of

0.00477 from Table, although none of those estimates are significantly different from

zero3 obtained by using P (Z ) as instrument from a logit first stage55. Lastly, part (e)

of Figure 7 plots the results from applying the last row of Table 5. In other words, it

shows how treatment effects differ in observable heterogeneity (cognitive ability).

The estimate on the cognitive ability rank is weakly significant (p-value=0.09) and

suggests that higher cognitive ability is associated with a lower treatment effect from

education. Part (f) of Figure 7 plots the marginal treatment effects for individuals

with a mean of covariates except for cognitive ability which is plotted at the 25th, 50th

and 75th percentile56. Interestingly, those with cognitive ability at the 75th percentile

has negative treatment effects over most of the range of unobservable heterogeneity.

Lastly, the final row of Table 5 shows the base effect of cognitive ability on outcomes57.

Here we see that going from e.g., the 25th percentile to the 75th percentile is associ-

ated with an increase in survival probability percentage points of 0.1073/2 = 0.054,

which is quite substantial58.

A corresponding analysis for earnings is performed in the second column of Table

5 and Figure 8. In contrast to the case of survival, the slope of the MTE curve is now

negative with an estimate of -0.14159. Part (a) shows that the MTE is positive over the

whole range of US , although nearly zero for individuals with high resistance to take

education. However, again the estimated slope is not significantly different from zero

so it is not immediately clear how much emphasis to put on this. Integrating over

55While the two estimates originate from the same logit first stage they are not directly comparable in
that e.g., the MTE-implied LATE originates from a situation where observable heterogeneity is explicitly
modelled as well as linearity in the separate outcome equations.

56Note that the 50th percentile of course coincides with the MTE curve at the mean of covariates.
57This parameter can be compared to the coefficient on cognitive ability in the third columns of Tables

4 and 3. For earnings the estimates in reasonable agreement while they differ somewhat for health.
58This gap is approximately the same as the raw gap in survival probabilities between the treated and

untreated displayed in Table 2.
59A negative slope is commonly found in the literature, e.g., Carneiro et al. (2011). A situation of

decreasing MTEs corresponds to Figure 3.
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the MTE curve not applying weights (or, applying the weights of 1) yields an ATE of

0.0645 (weakly significant with p-value=0.09). However, ATT and ATUT are statistically

different from zero at conventional levels of significance with point estimates of 0.10

and -0.06, respectively. Part (b) of Figure 8 shows how the treated have covariates

that are associated with higher treatment effects of education. Applying the weights

from part (f) to this curve yields an ATT that is slightly higher than the ATE relative

to what observables alone would suggest60. As the MTE is downward sloping high

values for the ATT are weighted higher than lower as the ATT weights are higher at low

US . For ATUT, both the pattern of observables and unobservables are inverted: here,

the ATUT is lower than ATE due to both observable and unobservable characteristics,

where the importance of the former is more outspoken. Thus, for earnings, it seems

that individuals sort themselves into the educational level that benefits them: The

treated gain, and the untreated would be harmed (in economic terms). Furthermore,

the higher the unobserved resistance to take education, the lower the beneficial effect

for the treated, and the more salient the harmful effect for the untreated. Note that

even though these patterns align with other literature, the sizes of the effects are in

the low range. Annualizing the estimates based on the average difference in years of

education between the two groups yield an ATT return of 0.10/6.59 = 0.0152, which

amounts to an earnings return of 1.5 percent. On the other hand, it is consistent with

the notion that returns to education are low(er) in Scandinavia (see Landersø and

Heckman (2017)), and note also that the upper limits on this annualized confidence

interval is (0.10+1.96 ·0.0497)/6.59 = 0.030, i.e., a return of 3 percent, which is quite

close to results found for Sweden (see Table 4 in Nybom (2017)). Consider now row

four of Table 5 and part (d) of Figure 7. The MTE-implied LATE is -0.090 with a

standard error of 0.0195, thus a highly significant negative return to education for

compliers. Again, this estimate should be benchmarked to the (logit) results using

P (Z ) as an instrument. From Table 4 we saw that this estimate was -0.161. It is clear

from visual inspection of the standard errors that these two estimates are statistically

different. However, they are closer aligned than any of them is with the linear 2SLS

estimate of 0.244, which however was very imprecisely estimated. Part (d) of Figure 8

reveals that compliers are estimated to have observable characteristics associated

with substantially lower treatment effects. The MTE-LATE curve is negative over the

whole range of unobserved resistance, ranging from approximately -0.05 to -0.13.

Incorporating the weights on unobservables from (f) finally yields the LATE of -0.090.

The difference between the ’ATE’ and the ’LATE’ label is slightly smaller than the

60For convenience, the weights are plotted in both Figure 7 and Figure 8.
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difference between the MTE and MTE-LATE curves reflecting that the LATE weights

in (f) gives higher weight to relatively high MTE values. A full complier analysis is

beyond the scope of this paper but we believe the next results can be illuminating

on the size of the MTE-implied LATE. From part (e) of the figure and the sixth row of

Table 5 we see that cognitive ability plays a significant role in the size of treatment

effects. At a fixed level of US , an individual at the very top of the cognitive ability

distribution is predicted to have a treatment effect 0.289 higher than the individual

at the very bottom. This is depicted in part (e), where it is seen how individuals at

the 75th percentile of the cognitive ability distribution enjoy treatment effects in the

range 0.1-0.18 across US , while this is approximately from 0.03 to -0.05 for those at

the 25th percentile. Hence, those with low unobserved resistance to treatment (those

with "taste" for education) and high cognitive ability levels enjoy high treatment

effects, while they are predicted to be weakly negative for those with joint occurrence

of high distaste for schooling and low observed ability level. Lastly, the final row of

Table 5 shows the base effect of cognitive ability on outcomes. The estimate of 0.3265

implies that going from the 25th percentile to the 75th percentile of cognitive ability is

associated with an earnings gain of 16.3 percent. Again, this is quite substantial, and

as we saw above, this gain would be much higher for those with beyond compulsory

education due to the positive complementarities.

7 Discussion and Conclusion

The interpretation of our results depends on the emphasis put on statistical precision

versus magnitudes of the estimated parameters61. More fundamentally, it also de-

pends on which parameter one defines to be the object of interest. Moreover, we also

saw that especially for the case of earnings, the implied LATEs were very different62.

Taking point estimates at face value, a central results of our MTE estimation is that

health and earnings (educational) treatment effects differ throughout the distribution

in opposite directions: for health, those least likely to enroll in education in terms

of unobservables would benefit the most from doing so, while the opposite is the

case for earnings. In fact, for health, if the MTE was evaluated at mean covariates,

those with low resistance to take education was harmed by doing so (in terms of sur-

vival prospects). For both health and earnings, cognitive ability was associated with

considerable beneficial base effects, and this result was constant across frameworks

61For discussion of this, see Wasserstein et al. (2019)).
62In a sense, there are three LATEs presented in this paper: (1) the linear 2SLS estimator (2) the results

from using P (Z ) as the instrument, and finally (3) the LATE implied by the MTE framework.
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(MTE in Table 5 and linear 2SLS in Tables 4 and 3). However, in terms of interacting

with the treatment of education results also differed: for health, the treatment effect

of education decreased in degree of cognitive ability, while for income the largest

educational effects accrued to the most cognitively able. In terms of treatment param-

eters for health, the Average Treatment Effect was estimated to be exactly zero, while

a slightly negative Average Treatment Effect and a positive Average Treatment Effect

of the Treated of 0.015 was found, the latter being not too far from the conditional

OLS estimate. For earnings, the Average Treatment Effect was estimated to be 6.5

percent, while the Average Treatment Effect of the Treated were found to be 10.0

percent, which differs from the Average Treatment Effect of the Untreated at -5.8

percent.

Applying the criterion of statistical significance to the above results paint a sim-

pler picture. Given that none of the MTE slopes in unobservables were found to

be significant, it may be conjectured that returns to education are homogeneous

through the distribution of distaste for education. And while cognitive ability has a

beneficial role to play for both health earnings its interaction with education was

only significant in the case for earnings (this mirrors e.g., Nybom (2017) who con-

clude that the role of observable heterogeneity is larger) All treatment parameters

for health were found to be statistically indistinguishable from zero. For earnings,

the ATE was weakly significant while the ATT and ATUT both were significant at

conventional levels, and with opposite signs. One interpretation of this is that while

the MTE slope in unobservables were insignificant it was of a sufficient magnitude

to result in quite different parameters for individuals at different points along the

axis of resistance to take treatment. However, as Figure 8 also showed, the different

observable characteristics of the treated and untreated played a big role in differences

in the aggregate unconditional treatment parameters. While we did not examine this

in detail, cognitive ability seems a plausible candidate behind a part of this difference

as it was very positively correlated both with being treated and with effects from

being treated.

Our analysis also showcased some differing results for the instrument-induced

effect of education, depending on specification. For health, none of the results were

statistically different from zero, although in particular, the linear 2SLS estimate was

numerically high compared to specifications from nonlinear first stages, either from

using P (Z ) as instrument, or computing the MTE-implied LATE. For earnings, how-

ever, differences were more substantial. Here, both the effect from P (Z ) as instrument

and the MTE-implied LATE were statistically different from zero and negative, sug-

gesting that e.g., having compulsory education beyond 7th grade lowered earnings
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with nine percent63. However, we saw from Figure 8 and Table 5 that education exhibit

more reasonable treatment effects when evaluated at mean covariates, or covariates

of e.g., the treated. While functional form may be a concern, it may be yet another

indication that the LATE parameter should be interpreted, and generalized from, with

caution. After all, it is likely to be a quite specific group that enrolls in education only

when a school is located nearby, and who would otherwise not enroll. Figure 8, part

(d) and (f), suggested that those reacting the strongest to the instrument have low

unobserved resistance to take education, but observable characteristics unfavourable

with respect to treatment effects. One candidate is (lower) cognitive ability, although

for health, it would have to be the case that other covariates counteracted this effect

since the LATE curve was also below the ATE curve, and cognitive ability was found

to be associated with lower treatment effects of education. Still, it is plausible in our

setting that compliers benefit less from (indeed, may even be harmed by) education

relative to the average (treated) person in the population.

In several ways, our results are in alignment with other literature. As a method-

ological point, results are somewhat sensitive to the specification of the first stage

(see e.g., Brinch et al. (2017); Nybom (2017)). Further, the effects of education on

mortality are (not statistically different from) zero (see e.g., Clark and Royer (2013))

and the degree of treatment effect heterogeneity in unobservables is modest (see

Taylor et al. (2016)). For earnings, the MTE function is downward sloping as in e.g.,

Carneiro et al. (2011), often implying that the Average Treatment Effect of the Treated

will exceed the Average Treatment Effect of the Untreated. However, treatment effect

heterogeneity in unobservables are dwarfed by treatment effect heterogeneity in

observables, specifically cognitive ability (as in Nybom (2017)).

For policy, our results indicate that education may not be a viable tool with

which to increase population health. It may be that third-order factors such as time-

preferences (Fuchs (1982)) are driving the correlations between education and health

often found. In a similar vein, given the strong prediction power of cognitive ability we

have seen throughout the analysis, it is conceivable that health effects of education

are significantly harder to detect once this channel is closed. The null findings may

also be an artefact of the specific set-up here. It is possible that health effects of

education occur at other places in the distribution of the endogenous variable, e.g.,

that going from high school to college is more important than going from 7 years of

schooling to beyond. Yet another explanation is that health is multifaceted, and that

education may improve health in ways that do not strongly map into mortality (at

63It should be noted, however, that none of the estimates arising from nonlinear first stages were
statistically different from the linear 2SLS estimates. However, the latter estimate was very imprecise.
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age 64). Expansion of educational opportunities is not necessarily pointless absent

beneficial mortality effects. The analysis showed significant effects for the treated,

and weakly significant average treatment effects of education on earnings. However,

especially for the cognitively able these effects were amplified substantially. Thus,

market returns to education (earnings) may justify investing in education even though

non-market returns (health) are absent or negligible. We hypothesized that earnings

may be a mechanism through which education affects health. And while we found

positive effects on earnings, this did not seem to spill over into decreased mortality64.

In this paper we have found that the magnitude of effects of education, for mortal-

ity as well as for earnings, may differ according to which parameter is being estimated.

However, only some of these differences were statistically significant, and for health,

results more uniformly pointed towards an absence of causal effects of education.

Nevertheless, future research should probe more into how differing conclusions

on the underlying causes for the SES-gradient in health are artefacts of different

margins identified by different instruments or different endogenous variables, and

additionally how model specifications and choice of health measurements affect

the conclusions drawn in this line of research. Future research should also explore

different treatment parameters. For example, the MTE framework allows analysis

of (marginal) policy-relevant treatment effects where the researcher explicitly speci-

fies a policy to evaluate treatment effects of (Heckman and Vytlacil (2001); Carneiro

et al. (2011); Cornelissen et al. (2016)). Such treatment parameters may ultimately

be of more interest to policy makers than various average treatment effects, whether

originating from the general population or the population of compliers.

64A reason for this may be that in a welfare state as the Danish, an increase in earnings may have
moderate health effects due to e.g. universal health care insurance and generous subsidies for prescription
drugs. Another explanation is that direct causal mechanisms from income to health are generally neglibile,
hence not dependent on the institutional setting (Cutler et al. (2006)).
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8 Figures and Tables
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8.1 Figures

Figure 2: Homogenous Treatment Effects
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Figure 3: Selection on Gains from Treatment
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Figure 4: Reverse Roy pattern - Highest Treatment Effect For Non-Treated
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Figure 5: Height of Danish Conscripts 1940-2006

Source: "60 år i tal - Danmark siden 2.verdenskrig" (Published by Statistics Denmark)
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Figure 6: Common Support for different specifications of first stage

(a) Logit

(b) Probit

(c) Linear Probability Model
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Figure 7: Marginal Treatment Effects - Alive at 64
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LATE
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(d) MTE at covariates of compliers
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(f ) Weights in unobservable heterogeneity (h j (uS ))

Notes: The figure shows results from the MTE estimation. Subfigure (a) shows the MTE curve evaluated at mean covari-
ates and for reference this curve is also plotted in subfigures (b)-(d). Subfigures (b)-(d) show the MTE curve for other
treatment parameters after applying weights in observables to the curve in (a), i.e., they apply κ j from equation (3.15).
Subsequently applying the weights in unobservables to these curves, i.e., h j (uS ) from equation (3.15), which are plotted
in subfigure (f), yield the unconditional treatment effects also plotted in the subfigures. Subfigure (e) shows the MTE
curve from (a) at various cognitive ability percentiles.
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Figure 8: Marginal Treatment Effects - Log Earnings
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Notes: The figure shows results from the MTE estimation. Subfigure (a) shows the MTE curve evaluated at mean covari-
ates and for reference this curve is also plotted in subfigures (b)-(d). Subfigures (b)-(d) show the MTE curve for other
treatment parameters after applying weights in observables to the curve in (a), i.e., they apply κ j from equation (3.15).
Subsequently applying the weights in unobservables to these curves, i.e., h j (uS ) from equation (3.15), which are plotted
in subfigure (f), yield the unconditional treatment effects also plotted in the subfigures. Subfigure (e) shows the MTE
curve from (a) at various cognitive ability percentiles.
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8.2 Tables

Table 2: Descriptive Statistics by Educational Attainment

S = 0 S = 1

Mean SD Mean SD
Outcome Variables (Y )
Alive at 64 0.86 0.35 0.90 0.30
Log of earnings age 40-50 11.81 0.68 12.16 0.67

Instrument (Z )
Less than 8 km to school 0.83 0.37 0.92 0.28

Control Variables (X )
Market Town 0.31 0.46 0.51 0.50
Small Market Town 0.02 0.12 0.02 0.15
Handicraft share 0.31 0.10 0.34 0.09
Commerce share 0.26 0.11 0.31 0.11
Distance to Market Town 6.36 6.69 4.01 6.05
Socialdemocrats share 35.06 10.86 37.29 10.74
Conservatives share 13.29 7.88 16.36 9.82
Height at conscription (cm) 173.86 6.32 176.53 6.37
Age at conscription (years) 18.84 0.72 19.88 1.76
Cognitive Ability Rank 27.24 22.00 57.08 27.17

Other
Education in Years 7.00 0.19 13.59 1.92

Observations 52,684 188,129

Notes: The table shows the mean and standard deviation (SD) by basic ed-
ucational attainment (S = 0) or beyond compulsory schooling (S = 1). The
cognitive ability rank is the within-cohort percentile rank of the BPP test.
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Table 3: OLS and Instrumental Variables Estimation - Alive at age 64

2SLS

(1) OLS (2) First stage (3) Second stage
Panel A: Linear 2SLS

Binary Education Variable

Education Above 7 Years (S) 0.0233 0.0794
(0.00174) (0.101)

100 x Cognitive Ability Rank 0.058 0.510 0.0230
(0.0026) (0.0029) (0.05105)

Less than 8 km to school (Z ) 0.026
(0.0030)

F-Statistic Instrument 71.91

Continuous Education Variable

Education in Years 0.00473 0.0155
(0.000242) (0.0198)

Less than 8 km to school (Z ) 0.1308
(0.0217)

F-Statistic Instrument 36.48

Observations 240,813 240,813

(1) Logit (2) Probit (3) LPM
Panel B: P (Z ) as instrument

Education Above 7 Years (S) 0.00477 0.00534 0.0794
(0.00643) (0.00653) (0.101)

Observations 240,813 240,813 240,813

Notes: The dependent variable is a dummy variable for being alive at age 64, conditional on survival
until age 50. The mean of the dependent variable is 0.89. Standard errors are in parentheses. All control
variables from Table 2 along with county and cohort dummies enter all specifications.
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Table 4: OLS and Instrumental Variables Estimation - Log Earnings

2SLS

(1) OLS (2) First stage (3) Second stage
Panel A: Linear 2SLS

Binary Education Variable

Education Above 7 Years (S) 0.140 0.244
(0.00366) (0.212)

100 x Cognitive Ability Rank 0.476 0.510 0.4234
(0.0056) (0.0029) (0.1072)

Less than 8 km to school (Z ) 0.026
(0.0030)

F-Statistic Instrument 71.91

Continuous Education Variable

Education in Years 0.0298 0.0477
(0.000507) (0.0413)

Less than 8 km to school (Z ) 0.1308
(0.0217)

F-Statistic Instrument 36.48

Observations 240,813 240,813

(1) Logit (2) Probit (3) LPM
Panel B: P (Z ) as instrument

Education Above 7 Years (S) -0.161 -0.162 0.244
(0.0137) (0.0139) (0.212)

Observations 240,813 240,813 240,813

Notes: The dependent variable is log earnings at ages 40-50. Standard errors are in parentheses. All
control variables from Table 2 along with county and cohort dummies enter all specifications.
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Table 5: Treatment Effect Parameters

(1) Alive at 64 (2) Log Earnings

MTE slope (λ) 0.081 -0.141
(0.065) (0.1361)

ATE -0.0018 0.0645
(0.0183) (0.0385)

ATT -0.0076 0.100
(0.024) (0.0497)

ATUT 0.015 -0.0579
(0.0078) (0.0164)

MTE-LATE -0.0121 -0.090
(0.0093) (0.0195)

100 x Cognitive Ability Rank (γ1 −γ0) -0.0486 0.289
(0.02836) (0.0596)

100 x Cognitive Ability Rank (γ0) 0.1073 0.3264
(0.02794) (0.0578)

Observations 240,813 240,813

Notes: The table shows the results of the MTE estimations. Standard errors are in parentheses. All control variables from Table
2 along with county and cohort dummies enter all specifications.
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Appendix

9.1 Creating the Instrument

The key task in creating the instrument is to assign each individual a binary indicator

of whether living in proximity to a school at age 14 or not. Recall that we proxy resi-

dence at age 14 by birth parish. Birth parish is based on the variable "foedreg_kode"

provided by Statistics Denmark. Via name and region this parish is then linked to a

geospatial parish shapefile of Denmark as it was organized in the midpoint of our data

period65. Information on schools is obtained from Danish school handbooks ("Den

danske Skolehåndbog") covering the years 1949-1963. Given that our birth cohorts

span 1940-1949 we only use the information from years 1954-1963 in the analysis

sample. These books were published annually list all town schools operating in the

country in that given year. An example page from the book is displayed in Figure A1.

Town schools could be located in towns or in rural areas but we only include the rural

schools as we always assign school proximity to individuals if they reside in a town.

In other words, we only searched for schools outside market towns. The names of

the schools were then extracted via a combination of text recognition software and

manual coding. Subsequently, the addresses were manually found via a combination

of Google Maps and online historical archives. To assign longitude and latitudes to

these locations we acquired a key between geographic coordinates and all Danish

addresses from the Danish Map Supply66 (Agency for Datasupply and Efficiency).

The problem remains of which exact location to assign to individuals: We opted for

the centroid of their respective geographical units in line with other literature (Buch-

mueller et al. (2006); Taylor et al. (2016)). This yields exact geographical coordinates

and then distances can be calculated as the great circle distance between school

coordinates and parish centroid coordinates67.

To formally define the instrument, Z , we need to introduce some notation. Let

Pi t be the centroid of the birth parish of individual i in birth cohort t . Let St be a

stacked vector of all schools operating in a given year t , and let M be a vector of all

market towns. Finally, let D(x, y) be a distance metric which takes a single longitude

and latitude location (the centroid of the parish) x, and calculates the great circle

distance to a vector, y , of coordinates, and thus the function D outputs a vector of

distances (in kilometres). Then the instrument for an individual i born in a given

parish at time t is given as

65This shapefile was obtained from www.digdag.dk.
66www.kortforsyningen.dk
67The great circle distance is also known as ’as-the-crow-flies’ distance.
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Zi t =1
{

A∪B ∪C
}

,

where

A =
{

min
{
D(Pi ,St+14)

}≤ 8
}

B =
{

min
{
D(Pi , M)

}≤ 8
}

C =
{

Pi ∈ M
}

In other words, the instrument is 1 if either (a) the distance from the birth parish

to an identified town school is less than eight kilometres 14 years after birth (b)

the distance from the birth parish to the centroid of a market town is less than

eight kilometres (c) the individual was born in a market town. In all other cases the

instrument is zero.

Figure A2 shows the evolution of school proximity for the different birth cohorts

in our sample. The areas are yellow for Z = 0 and green for Z = 1. It is clearly seen how

the yellow colours diminish over the years, reflecting the roll-out of schools across the

country. In the beginning of the period, especially rural Jutland, western Funen and

some narrow belts on Zeeland are deprived of schooling opportunities. Gradually

this changes until 1963 when "school deserts" primarily are found in northwestern

Jutland and on a few islands.

9.2 School openings throughout the years

Table A1 shows how many schools open in a given year. The number in 1949 is the

number of existing schools from the beginning of the observation period. While it

is clear that new schools arrive each year, the number starts taking off 1958 but in a

gradual fashion, not seeing a dramatic increase from one year to the other which is

consistent with the institutional setup (see section 3.3.
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9.3 Appendix Figures and Tables

9.3.1 Appendix Figures

Figure A1: Example page from "Den Danske Skolehåndbog" (1955)

Scanned by CamScanner
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Figure A2: School Proximity by Year

(a) 1954 (b) 1955

(c) 1956 (d) 1957

(e) 1958 (f ) 1959
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(g) 1960 (h) 1961

(i) 1962 (j) 1963

Note: The figures shows the areas where the instrument takes the value 1 (green areas) and 0 (yellow
areas) over the years in which individuals in the sample were 14 years old. The inset map is the island of
Bornholm.
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9.3.2 Appendix Tables

Table A1: School openings at different years

Year ≤ 1949 1950 1951 1952 1953 1954 1955 1956

Schools 84 2 4 5 4 10 8 8

1957 1958 1959 1960 1961 1962 1963

Schools 11 22 6 46 53 62 44

Table A2: First Stage Results from Linear Probability Model

Variable Point Estimate SE

Less than 8 km to school .0255 .0030

Cognitive Ability Rank .0051 .0000

Market Town .0448 .0028

Small Market Town .0613 .0063

Handicraft share .3071 .0864

Handicraft share (sq) -.4634 .1245

Commerce share .3135 .0742

Commerce share (sq) -.5089 .121

Distance to Market Town -.0023 .0005

Distance to Market Town (sq) .0000 .0000

Socialdemocrats share -.001 .0005

Socialdemocrats share (sq) .0000 0.0000

Conservatives share -.00 .0004

Conservatives share (sq) .0000 8.10e

Height at conscription .0633 .0042

Height at conscription (sq) -.0001 .0000

Age at conscription .5455 .008

Continued on next page
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Table A2 – continued from previous page

Variable Point Estimate SE

Age at conscription (sq) -.0123 .00

Cohort FE

1941 -.000 .003

1942 .0188 .0036

1943 .0338 .003

1944 .0449 .0035

1945 .0593 .0034

1946 .0674 .0034

1947 .0739 .0039

1948 .0903 .0040

1949 .0934 .0041

County FE

Frederiksborg County .0412 .0085

Haderslev County -.0232 .0102

Hjørring County .021 .0079

Holbæk County .014 .0081

Københavns County .0098 .0074

Maribo County .0155 .0077

Odense County .0143 .0079

Præstø County -.026 .0078

Randers County .0063 .0075

Ribe County .0249 .0080

Ringkøbing County .0142 .0082

Sorø County .0019 .0080

Svendborg County .0311 .0078

Sønderborg County .0031 .0102

Thisted County -.0020 .0089

Tønder County .0402 .0143

Vejle County .0178 .0078

Viborg County .0389 .0079

Åbenrå County .0176 .0107

Continued on next page



204 CHAPTER 3. THE ROLE OF EDUCATION AND INTELLIGENCE IN MORTALITY OUTCOMES

Table A2 – continued from previous page

Variable Point Estimate SE

Ålborg County .0119 .00

Århus County .0138 .0073

Intercept -11.4 .384

Notes: The table shows the full results of the linear OLS regression in equation (3.2). “SE”

stands for standard errors of the estimates. “sq” in parenthesis denotes that the variable

is squared.
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