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Chapter 1

Introduction

1.1 Historical background

The impact of nature versus the influence of nurture on long-term health (and non-

health) outcomes has been debated since the dawn of modern economics. The Scot-

tish economist and philosopher Adam Smith, also known as “The Father of Eco-

nomics”, believed that humans are born equal and what determines different out-

comes in their life is fundamentally a different educational pattern. In The Wealth of

Nations, Smith (1776) wrote:

“The difference between the most dissimilar characters, between a philosopher

and a common street porter, for example, seems to arise not so much from

nature, as from habit, custom, and education. When they came in to the world,

and for the first six or eight years of their existence, they were, perhaps, very

much alike, and neither their parents nor play-fellows could perceive any re-

markable difference. About that age, or soon after, they come to be employed

in very different occupations. The difference of talents comes then to be taken

notice of, and widens by degrees, till at last the vanity of the philosopher is

willing to acknowledge scarce any resemblance.”

Of course, Smith’s idea was purely based on intuition and not on systematic collec-

tion and analysis of data.

One hundred years later, the pioneering work of Sir Francis Galton (1875) sug-

gested, for the first time, the importance of comparing identical and non-identical
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twins to disentangle inherited characteristics from the influence of nurture. This,

together with the Mendel’s principles of genetics, originally proposed in 1866 but

rediscovered only in 1900, cleared the way for assessing, in the 20th century, the

contribution of nature on factors such as IQ and skills. In economics, individu-

als began to be seen as genetically gifted with different innate skills, which were

gradually related to health outcomes later in life. With Galton’s position, in favor

of nature and eugenics, from the 1900s onward researchers entered into the heart

of the debate on nature versus nurture.

One of the first and most passionate supporters of Galton’s position was the

English statistician and eugenicists Karl Pearson who believed nurture has little to

no effect on health. Pearson (1913), using microdata, compared correlation indices

between close relatives of several health and intelligence measures (e.g., tubercu-

losis between parent and offspring, deaf-mutism between siblings) to correlation

indices between environmental proxies and the same health and intelligence meas-

ures (e.g., alcoholism of the parent and intelligence of the child). Based on these

indices, he concluded that “the influence of environment [on health] is not one-fifth that

of heredity, and quite possibly not one-tenth of it.”

Conversely, research that put the emphasis on the importance of nurture began

to be conducted. Kermack et al. (1934) wrote one of the first scientific papers on the

influence of the early-life environment on health in adulthood. Using macrodata on

age-specific mortality rates for England, Wales, Scotland and Sweden, the authors

interpreted regularities in the drop of age-specific mortality rates within genera-

tions, at all periods of life, as evidence that “the important factor from the point of view

of the health of the individual during his whole life is his environment up to the age of say

15 years.” Overall, in the inter-war years, it was gaining ground the idea that the

period in utero has an impact on some intrinsic characteristics that determine how

individuals react to stressful events in adult life (Ben-Shlomo and Kuh, 2004).

In the following decades the interest in the link between conditions early in life

and adult health decreased. Yet, from the late 1970s, Forsdahl (1977), and Barker

and Osmond (1986) turned the scientific attention back to the question. Moreover,

from the 1990s, Barker began to explore the so-called fetal origin hypothesis, an ar-

gument that became very popular in the following years. Essentially, Barker (1990,

1995, 1998) argued that genes and environmental, negative experiences in utero,
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such as undernutrition or stress of the mother, affect health in adult life through

their interaction, and by “programming” the organ structures and functions of

the fetus. A stressful environment in utero can thus produce permanent metabolic

and physiological modifications which may increase the risk in adulthood of lower

metabolic rate and chronic conditions such as cardiovascular diseases and type-2

diabetes.

The Barker’s hypothesis has been tested and proved to be true in several papers,

mainly exploiting natural experiments, such as famine (see Lumey et al., 2011, for

a comprehensive literature review) or hurricanes (Sotomayor, 2013), and animal

experiments (Fernandez-Twinn and Ozanne, 2006, Portha et al., 2011). More re-

cently, the literature has partially shifted toward the estimation of the effect of less

drastic circumstances, such as unemployment rates and economic downturns at

birth, both on the short- and on the long-term. The main reason is that such new

focus is important from the point of view of the implied health policies, as less

drastic circumstances shape on a daily basis any Western society. This literature

occasionally reports a positive short-term effect of poor macroeconomic conditions

at birth on early-life health (Angelini and Mierau, 2014, Dehejia and Lleras-Muney,

2004). More often, findings point toward negative short- and long-term effects,

such as lower birth weight (Alessie et al., 2018, De Cao et al., 2019), higher mortal-

ity in adulthood (van den Berg et al., 2009, 2006), higher risk of death and mortality

from cardiovascular diseases (Alessie et al., 2019, van den Berg et al., 2011, van den

Berg and Modin, 2013).

From the 2000s, contemporary economists put a special emphasis on early-life

interventions for the formation and improvement of cognitive and noncognitive

skills, linked to better outcomes in adult life. The main argument was that these

skills, although partly genetically inherited, can be shaped in infancy to some ex-

tent. To explain such findings Cunha and Heckman (2007) developed a theoret-

ical model of cognitive and noncognitive skills formation in childhood which em-

phasizes how the traditional distinction between nature and nurture is outdated, as

models with additive effects of nature and nurture would not do justice to the inter-

action that exists between genes and environment. Specifically, the authors pointed

out that cognitive and noncognitive skills have both an environmental component,

especially in utero and early in childhood, and a genetic component. In this sense,



4 Chapter 1

skills can be shaped as the manifestation of the gene is partly ruled by the sur-

rounding environment. This model can be extended to justify the link between

early-life interventions, the formation of health capabilities and adult health as the

final outcome (Heckman, 2007).

Most of the contemporaneous, empirical literature, comprehensively reviewed

by Almond et al. (2018), uses observational data and does not adopt randomized

control trials to estimate the causal effects of early-life interventions on health out-

comes in adult life, for obvious ethical reasons. However, there are few exceptions.

Notable examples include the studies on the Perry Preschool Project and the Car-

olina Abecedarian Project (Conti et al., 2016), and on 231 Macaca mulatta monkeys

randomly allocated at birth across different rearing conditions (Conti et al., 2012).

Results show that disadvantaged children, especially males, whose environment

in early-childhood was enriched, experienced better health in adult life than those

disadvantaged children with no such environment. Results also show that worse

rearing conditions for the Macaca mulatta in their childhood (e.g., lack of a mother

figure) had negative long-term impact on several health outcomes such as higher

probability of developing illnesses and stereotypic behavior (e.g., digit sucking, pa-

cing, head tossing).

1.2 About this thesis

Nature and nurture and their integrated effect on health over the lifespan are cur-

rently widely studied in economics. Those important factors that have come into

play over the centuries, namely education, skills, and early-life and in utero condi-

tions, are still the most investigated by the literature. This thesis uses observational

data to analyze all these factors and their link to objective health outcomes in adult

age. First, in Chapter 2 we investigate the association between education, by intelli-

gence level, and disease-specific medication use in adult age. Second, in Chapter 3

we estimate the causal effect of macroeconomic conditions around the time of birth

on the occurrence of type-2 diabetes in adulthood. Finally, Chapter 4 is dedicated

to the computation of standard errors in the case in which there are few, highly

unbalanced clusters. Such computation becomes particularly relevant in the pres-

ence of variables that are constant within clusters, at the individual level, and vary
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across clusters, such as policy variables or health-care reforms. This chapter has

been included in this thesis because both data clustered in few, highly unbalanced

clusters and variables constant within clusters are recurrent in health economics.

1.2.1 Education, intelligence, and prescribed medications in adult
age

Several studies have found a positive association between education and health.

Whether part of this association derives from a causal effect is still debated. The

reason is that several observed and unobserved confounding factors, such as par-

ental background and intelligence, play an important role in shaping this associ-

ation by affecting both education choices and health outcomes. In this chapter we

investigate the association that exists between education, intelligence and disease-

specific medication use in adult age as prescribed by medical doctors.

The basic dataset we use comprehends the entire Dutch male population born

between 1944-1947 who survived until the compulsory military examination for

national conscription at age 18 (around 400,000 men). Besides a battery of 3 dif-

ferent IQ tests, that will be used to identify latent intelligence, this data includes

education level, general health and psychological measures, year of birth, region

and city of birth, and family background measures. A sample of this data of around

45,000 men was linked to prescribed medication records in Anatomical Therapeutic

Chemical code, collected in 2006, when the individuals were from 59 to 62 years old.

We consider only those medications which can be unequivocally linked to specific

groups of medical conditions, including cardiac diseases, obstructive airway dis-

eases, hypertension, hyperlipidemia, diabetes (type 1 and 2), and depression and

anxiety.

Our novel contribution to the literature is the use of a structural model frame-

work to investigate the association between education and medications prescribed

in adult age by medical doctors. The structural model that we estimate analyzes

the association of education with prescribed medications by modeling schooling

decisions and survival up to adult age and by controlling for a series of observed

characteristics and latent intelligence. The methodology we adopt allows the es-

timation of the effect of education on prescribed medication by level of latent in-

telligence. We are cautious in claiming causality in the effects that we estimate, as
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some important confounding factors such as noncognitive skills are not accounted

for. Yet, given the data that we use, we present some motivations that might justify

an approximately causal interpretation of the main results. We find that most of the

raw associations in the data are not significantly different from these estimated ef-

fects. This result suggests the presence of a strong effect of education on prescribed

medications for physical diseases, especially at low levels of intelligence, but low or

no effect on prescribed medication for depression and anxiety. Higher intelligence

significantly decreases medication use for each considered disease, especially in

individuals with primary education levels.

From a policy perspective, our results imply that higher education should be

seen as a substitute of intelligence. A higher education level, especially in indi-

viduals with low intelligence, would be beneficial by decreasing healthcare costs in

medication use and, indirectly, by improving the health outcomes in adult age.

1.2.2 Early-life economic determinants of type-2 diabetes

Estimating true causal effects is one of the biggest challenges in health economics.

The closer a paper comes to a true causal effect estimation, the better can health

policy implications be defined and implemented. In this chapter we exploit data

on siblings for the estimation of the causal effect of macroeconomic conditions at

the time of birth on the occurrence of type-2 diabetes in adult life.

The macroeconomic conditions that we exploit are the provincial unemploy-

ment rates in the Netherlands at the time of birth, which are in principle exogenous

from the individual perspective. However, parental selective decisions on fertility

might still bias the estimates as parents of low socioeconomic status might post-

pone conception to times of more favorable macroeconomic conditions, implying

that the unemployment rates at birth are not randomly allocated over the spectrum

of socioeconomic status. To account for this source of endogeneity we identify and

use the siblings in our dataset and estimate sibling fixed-effects regressions.

The data that we use is from Lifelines, a cohort and biobank that covers 51,270

siblings born in the Netherlands from 1950s onward. We use siblings born in times

of generous welfare systems as they are more representative of the current new-

borns. For a sample of 19,005 siblings genetic records are available and were used

to find additional, non-reported biological relationships and discard non-biological
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relationships due to adoption. To identify type-2 diabetes we use biomarkers on

hemoglobin A1c concentration and fasting glucose in the blood and so we avoid

the use of self-reported type-2 diabetes, which is known to be largely undiagnosed

in the population. The Centers for Disease Control and Prevention (2020), through

the National Diabetes Statistics Report, examine the extent of this problem in the

US and report that, in 2020, 34.2 million people have diabetes (10.5% of the US

population) of whom 7.3 million people (21.4%) are undiagnosed.

We find that higher unemployment at birth increases the probability of type-2

diabetes later in life in both males and females. Moreover, we show that both not

accounting for selective decisions on fertility and relying on self-reported data for

the identification of type-2 diabetes lead to non-significant estimates. We conclude

that, even in times of generous welfare systems, worse macroeconomic conditions

at birth have a significant long-term impact on the probability of contracting type-2

diabetes. In line with the Barker’s hypothesis, this might be especially true if mac-

roeconomic conditions improve in the years after birth. From a policy perspective,

women who are pregnant during economic recessions should be provided with

economic and psychological support and should be informed on the higher risk of

type-2 diabetes for the newborns in their adult life. Later in life these newborns

should be introduced to balanced diet and physical exercise by the parents to pre-

vent type-2 diabetes. Finally, screening for type-2 diabetes should be targeted to-

ward individuals who suffered from poor economic conditions around the time of

birth (e.g., immigrants from poor economies).

1.2.3 Clustered standard errors with few clusters

Estimating linear models using data that are clustered in few clusters implies an

error term that is usually correlated within clusters, due to homogeneity across

observations that belong to the same cluster. This correlation makes the estimated

standard errors typically downward biased. Consequently, inference becomes chal-

lenging, as the null hypothesis on the estimated parameters is overrejected by too

narrow confidence intervals. This problem is particularly relevant for variables that

are correlated or constant within clusters, such as policy variables that are constant

at the individual level and vary across provinces, regions or states.

If the number of clusters tends to infinity, standard corrections such as the
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Cluster-Robust Variance Estimator (CRVE) introduced by Liang and Zeger (1986)

makes the standard errors robust to the correlation of the error term within clusters.

However, if the number of clusters is small enough (i.e., lower than 20-50), the

standard corrections might be insufficient to adjust for the bias and more refined

methods might be necessary. These methods are of mainly two types: corrections

applied to the variance-covariance matrix of the error term, such as CR2VE and

CR3VE, and bootstrapping.

This chapter presents refinements of CR2VE and CR3VE, both used in the em-

pirical literature. We introduce formulas to maximize the computational efficiency

of CR2VE and CR3VE, and we develop CR3VE-λ, a new estimator that accounts for

the cluster size and works particularly well with few, highly unbalanced clusters.

Results from simulations show that more than three hours can be saved for the

computation of CR2VE and CR3VE using a dataset with 10 clusters and 5,000 ob-

servations per cluster. Moreover, from both simulations and empirical illustrations

we show that CR3VE-λ might be the optimal method to use with few, highly un-

balanced clusters.

These results have em irical applications for applied researchers in health eco-

nomics who use clustered data with few clusters and wish to reduce the compu-

tational time of common corrections for clustered standard errors. Any research

in health economics that uses clustered data with few clusters and estimates lin-

ear models (e.g., Alessie et al. 2018, 2019) would gain computational advantage

from using our formulas, especially with large cluster size. If these few clusters are

also highly unbalanced, CR3VE-λ might become the best choice from an inferential

point of view.

1.3 Conclusions and policy recommendations

At the time this introduction is written humanity is facing the COVID-19 crisis, the

worst pandemic since the Spanish flu in 1918-1920. Besides the short-term con-

sequences on the healthcare system and the economy, this pandemic will have

long-term effects on the health of people who are currently in their childhood or

adolescence, or even unborn. Pregnant women are experiencing high stress and

anxiety (Preis et al., 2020, Saccone et al., 2020), due to the economic crisis and ne-
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cessary measures such as social isolation. Education obtained remotely, which is

typically offered during the pandemic to children or adolescents in their school-

ing years, is of lower quality than standard, in-presence education (Engzell et al.,

2021). Moreover, children of high socioeconomic status have at their disposal a bet-

ter homeschooling environment than those from disadvantaged families and the

social and educational gap might further widen (Engzell et al., 2021). Children of

low socioeconomic status typically experience less educational and motivational

support from their parents, and lower availability of devices such as laptops, tab-

lets and e-readers (Andrew et al., 2020, Bol, 2020, Jæger and Blaabæk, 2020). These

differences in homeschooling conditions lead to differences in the effective educa-

tional achievements of children and adolescents attending the same type of school.

In view of this set of problems, the results that this thesis presents lead to policy

recommendations that can be contextualized with respect to the current pandemic.

Chapter 2 suggests that a lower education level, especially in children and ad-

olescents with lower intelligence, might lead to higher medication use for physical

diseases in adult life, a negative outcome from the point of view of both the indi-

vidual and the healthcare system. From a policy perspective, educational achieve-

ments should compensate for lack of cognitive ability in preventing chronic dis-

eases in adult life. As described above, the quality of the homeschooling environ-

ment is generally negatively correlated with the socioeconomic status of the family.

Therefore, during the pandemic, children from disadvantaged families might be

at particularly high risk of chronic diseases in adult life. To prevent such a neg-

ative outcome, an educational, tailored support should be provided to, at least,

children of low socioeconomic status. This could include a tutor, made available

from schools, to account for the lack of parental involvement in the educational

and motivational support of these children from disadvantaged background (Bol,

2020), the possibility of borrowing free of charge, or paying in installments and at

affordable prices, technological devices (e.g., laptops, tablets, e-readers) to account

for differences in the availability of such necessary tools across families of different

socioeconomic status (Andrew et al., 2020, Bol, 2020), and finally a space to study,

available for those worse-off students who do not have their own at home (Andrew

et al., 2020, Bol, 2020).

Chapter 3 shows that negative macroeconomic conditions around the time of
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birth increase the risk of type-2 diabetes in adulthood, in both males and females. In

line with the fetal origin hypothesis, this might be especially true in the current pan-

demic which, besides leading to an economic and financial crisis, is contributing to

a stressful environment for pregnant women and their fetuses through factors such

as social isolation and societal and political uncertainty. Pregnant women should

be particularly aware of this risk and primary care should be responsible to inform

parents of the unborn children. Once aware, they should pay particular attention

to classic preventive measures of type-2 diabetes, such as including a healthy diet

and some physical activity in the routine of their children. Such a relatively inex-

pensive measure should be supplemented by economic and psychological support

to pregnant women who might be suffering the most during the pandemic (e.g.,

women of low socioeconomic background or with poor mental well-being).

To conclude, one the most important aspects of this thesis lies in the feasibility

of the policy implications that can be derived from the main results. At relatively

low costs, some simple actions can be implemented to protect the healthcare system

and prevent long-term occurrence of chronic diseases in the adult population. The

main target of such policies should be the fragile categories of our society, includ-

ing pregnant women and their fetuses, as well as children and adolescents whose

families are of disadvantaged socioeconomic background.



Chapter 2

Education, intelligence, and

prescribed medications in adult

age

2.1 Introduction

The association between education and health is well documented in the literat-

ure. Highly educated people may have higher income, savings, retirement benefits,

and consequently high-quality health insurance and healthcare over their lifetime

(Lochner, 2011). They may process health information methodically and adhere

carefully to strict treatment regimens for diseases like diabetes and HIV (Goldman

and Smith, 2002). Furthermore, they may have a balanced diet or be more likely

to avoid bad habits, such as smoking or overconsumption of alcohol, being more

aware of the risks of unhealthy behaviors.

The extent to which the association between education and any health outcome

implies causation is not straightforward. Skilled individuals may obtain higher

education levels and income, and consequently high-quality healthcare; similarly,

being born in a wealthy family may have positive effects on both education and

quality of diet in childhood. In other words, confounding factors such as intelli-

gence and parental background may affect both educational attainment and health

outcomes, playing an important role in shaping this association (Clark and Royer,

This chapter was written with G. Bijwaard.
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2013, Fletcher, 2015, Mazumder, 2008, McCartney et al., 2013). In this chapter we in-

vestigate the association between education and an objective health outcome: med-

ications in adult age prescribed by medical doctors. Furthermore, we investigate

how this association is shaped by intelligence.

Given the absence of experimental studies on the impact of education on health,

mostly for ethical reasons, estimating a true causal effect of education on any health

outcomes, including prescribed medications, is nearly impossible. Mainly two ap-

proaches have been adopted by the literature to estimate a treatment effect of edu-

cation on health that is as close as possible to the true causal effect: twin studies and

instrumental variable (IV) models, including regression discontinuity (RD) designs.

In short, data on twins or reforms and laws allow for the estimation of causal ef-

fects, but these effects are only representative of specific populations with specific

characteristics that may differ from the general population.

To overcome the absence of exogenous and relevant reforms or laws or the ab-

sence of data on twins an alternative approach has been used by the literature. This

approach, which we will employ, is based on structural models in which the in-

terdependence between education, health outcomes and unobserved skills such as

intelligence is explicitly modeled. From the structural model estimates the aver-

age treatment effects (ATEs) of attaining a higher educational level on these health

outcomes later in life can be derived. Results from such models (Bijwaard, van Kip-

persluis and Veenman, 2015, Bijwaard, van Poppel et al., 2015, Conti and Heckman,

2010, Conti et al., 2010) show that at least half of the health disparities across edu-

cational groups is due to selection in higher education on individual characteristics

such as intelligence and parental background.

Many studies on the impact of education on health have been conducted to

date using both structural models and IV and twin studies. Structural models are

mostly focused on general health outcomes early in life (Conti et al., 2010, Heck-

man et al., 2018, 2014) or gains in life expectancy (Bijwaard, van Kippersluis and

Veenman, 2015, Bijwaard, van Poppel et al., 2015). Most of the IV and twin studies

(see Galama et al., 2018, for a literature review) are focused on the impact of educa-

tion on self-reported health outcomes, mortality, and main causes of diseases such

as obesity and smoking behaviour.

Meghir et al. (2018) are the only researchers who investigate before us the im-
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pact of education on prescribed medications, exploiting an educational reform in

Sweden and finding no significant effects. To our knowledge, no studies have in-

vestigated the association between education and medications prescribed in adult

age by medical doctors in a structural model framework. With the structural model

that we estimate we control for observed confounding factors and latent intelli-

gence. We then compare the ATEs estimated from the structural model to the as-

sociation between education and prescribed medications, as given by the raw data,

and we finally investigate the distribution of these ATEs over latent intelligence.

The estimated empirical effects of education on medication use differ with re-

spect to medications for physical and mental diseases. We show that the associ-

ation between education and prescribed medications for physical diseases, in the

structural model, is almost identical to the raw differences. This suggests a strong

impact of education on these prescribed medications, as the association is almost in-

variant after controlling for meaningful confounding factors, including unobserved

intelligence and parental background. However, the empirical results suggest that

hardly any effect of education on medication use for depression and anxiety exists.

We find that educational gains (i.e. a lower probability of the higher educated of

having the medication prescribed) decrease with intelligence for medications for

physical diseases but increase with intelligence for medications for depression and

anxiety.

2.2 Causal inference of education on health

In the literature mainly two approaches have been employed to determine the

causal effects of education on health, using observational data. First, twin stud-

ies (e.g., Fujiwara and Kawachi, 2009) compare health outcomes of twins that differ

by education level. The common assumption in such studies is that educational

attainment for twins is not affected by any omitted variable that may drive educa-

tion choices and health status later in life. The motivation behind this assumption

is that twins share the same genes, parental background, and similar experiences

in childhood. Results from such studies indicate that part of the educational dif-

ferences in cause-specific mortality disappears when accounting for shared family

background (Amin et al., 2015, Lundborg, 2013). However, there are some limit-
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ations in this approach (see, for a discussion, Bound and Solon, 1999): examples

include scarce availability of data on twins, scarce difference in the education level

within pair of twins, and low representativeness of the general population, due to

factors like lower weight at birth and higher probability of premature birth than

singletons.

Second, another approach to estimate causal effects of education on health in-

cludes IV models and RD designs (e.g., Clark and Royer, 2013). These models usu-

ally exploit reforms or laws, namely exogenous variations in the minimum school-

leaving age, creating two groups that are either affected or not by the reform. In

other words, the higher educational attainment is driven by external rather than

confounding factors. The estimates based on these studies point toward a small

(Lleras-Muney, 2005) or even entirely absent (Arendt, 2005, Clark and Royer, 2013)

causal effect of education on health outcomes. The main drawback of this approach

is that only the local average treatment effect (LATE) of higher compulsory educa-

tion can be estimated, since these reforms affect only those who would otherwise

drop out of school at the pre-reform, minimum school-leaving age. In principle, it

is not possible to formulate any conclusions on the causal effect of improving the

education level from the returns to higher compulsory education estimated from

IV models, since no reforms would increase the compulsory education from, say,

high school to university.

A third approach, which we will employ, is based on structural models in which

the interdependence between education, health outcomes and unobserved skills

such as intelligence is explicitly modeled. Structural models to study the education-

health association in presence of latent confounding factors require at least three

components: the measurement system, the educational attainment model, and the

health outcome model. The measurement system identifies the distribution of lat-

ent variables, such as intelligence, that may shape the education-health association,

accounting for individual characteristics (e.g., parental background) that affect the

measures, such as IQ tests, of these latent variables. The educational attainment

model controls for non-random selection into education, accounting for observed

and latent confounding factors. Finally, the health outcome model describes for a

given education level the probability of a particular health outcome later in life, in

our case prescribed medications, controlling for the same confounding factors.
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An advantage of using structural models is the ability to estimate both the av-

erage treatment effects of education and the distribution of these treatment effects

over latent confounding factors (Conti et al., 2010, Heckman et al., 2018, 2014). This

implies that it is possible to investigate differences in the impact of education on

health outcomes for segments of the population that differ by latent confounding

factors (e.g., by intelligence level). A drawback of this approach is that, to control

for all possible sources of endogeneity, it needs a rich number of observed, indi-

vidual characteristics as well as a measurement system to identify latent confound-

ing factors. Only few datasets have information on a battery of IQ tests needed to

identify the distribution of latent intelligence. Obviously, researchers who imple-

ment these methods should be cautious in considering the treatment effects estim-

ated from structural models as pure causal effects, as unobserved and unmeasured

confounding factors might still be present. However, an advantage with respect to

the twins and the IV designs is that the treatment effects estimated from the struc-

tural models do not suffer from any generalization issues.

2.3 Data and descriptive statistics

Data from a large sample from the nationwide Dutch Military Service Conscription

Register for male birth cohorts 1944 – 1947 is analyzed. All men were called to a

military service induction exam, except those living in psychiatric institutions, or

in nursing institutes for the blind or for the deaf-mute. The vast majority attended

the conscription examination at age 18. We have information from the military ex-

aminations for 408,015 men. At the military examination a standardized recording

of demographic and socioeconomic characteristics is collected, including educa-

tion, father’s occupation, place and region of birth, date of birth, religion, family

size, and birth order. Three standardized psychometric IQ test scores were also col-

lected at age 18. The 28,711 individuals who attended special schools for disabled

or illiterate and the remaining 10,431 individuals who did not take all the IQ tests

were excluded. Family size, religion, or date of birth are not available for 186 of

the remaining individuals which were also omitted from the data. The final data

amounts to 368,687 individuals.

The educational attainment is observed at age 18 for each individual. The edu-
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cational system in the Netherlands before the Mammoth Act (1968), the most im-

portant reform of the Dutch educational system, was characterized by a minimum

school-leaving age of 14. All children from age 6 to 12 attended elementary school

LO (Lager Onderwijs). After that, they could choose among three different options

(Haak, 1964): LVO (Lager Voortgezet Onderwijs), MVO (Middelbaar Voortgezet Onder-

wijs), and VHMO (Voorbereidend Hoger- en Middelbaar Onderwijs). Children choos-

ing LVO attended further years of education at the same elementary school, until

the minimum school-leaving age, entering the job market afterwards with no final

examination. Children choosing MVO attended either three or four years of edu-

cation in a different school and a final examination at the end of the programme.

Attending VHMO was conditional on admission. VHMO students spent either five

or six years in preparation for university and were required to pass a final examin-

ation. Final examinations of both VHMO and MVO were almost entirely controlled

by the government. We decided to group the individuals in three education levels.

The primary level includes LO and LVO; the low level and the high level corres-

pond to MVO and VHMO, respectively. The high level also includes those few

individuals who were already attending university at age 18. We decided to group

LO and LVO together as LVO required neither admission nor final examination nor

changing school after the LO level.

The three IQ tests collected at the military examination are the Raven Progress-

ive Matrices test, an abstract reasoning test which does not depend on language

skills and measures fluid reasoning, an arithmetic test, and a language compre-

hension test. The scores are only observed in 6 ordered classes, where 1 and 6 are

the lowest and the highest class, respectively. The scores correspond to the follow-

ing percentile ranks: 1: 0 – 10; 2: 11 – 30; 3: 31 – 50; 4: 51 – 70; 5: 71 – 90; 6: 91 – 99.

Table 2.A.1 in Appendix 2.A shows the distribution of the three IQ test scores by

education among the 368,687 individuals in the data. Not surprisingly, IQ scores

increase with education.

Selected demographic and socioeconomic characteristics at the time of the mil-

itary examination by education level are given in Table 2.A.2 in Appendix 2.A. The

general and psychological health evaluations were given by a medical doctor. The

urban status of place of birth is defined in five categories: city, urban, urbanized

rural, rural, and unknown (Bijwaard, van Poppel et al., 2015). Rural and unknown
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are grouped together into the category “other”, due to small sample size. Father’s

occupation includes four different categories ordered from the highest to the low-

est level of remuneration and responsibilities: professional, white collar, skilled,

and unskilled; the fifth category includes individuals whose fathers’ occupation

is unknown. Religion was classified into three categories as Catholic, Protestant,

and “other or none” grouped together. Famine exposure during the Hongerwinter

represents those who were born between November 1944 and March 1946 in the

most famine-exposed cities in the Netherlands, namely Amsterdam, Haarlem, Rot-

terdam, The Hague, Leiden, and Utrecht (Ekamper et al., 2014). The reason why

famine exposure increases with education is that men born in these cities have in

general a higher education level.

A subsample of 45,037 individuals of the original sample was linked to the

Dutch death register, through to the end of 2014, using unique personal identi-

fication numbers. These individuals were originally sampled to study the rela-

tion between prenatal famine exposure and mortality (Ekamper et al., 2014). For

this reason all the 25,283 men born in the Western Netherlands between Novem-

ber 1944 and March 1946 were included in the subsample. The remaining linked

data is composed of a random sample of 10,667 individuals who were born in the

same cities but before November 1944 or after March 1946, and a random sample

of 9,087 individuals who were born in a different part of the Netherlands in 1944 –

1947. Those 586 individuals who emigrated after age 18 and before 2006 as well as

those 4,185 individuals whose status (alive, dead, or emigrated) is unknown due

to unreported emigration were excluded. The remaining 2,506 individuals who at-

tended special schools for disabled or illiterate were also excluded. Finally, 1,423

remaining individuals were also excluded because information on IQ scores, gen-

eral health, or psychological health were missing. The final subsample amounts to

36,337 individuals.

These men are also linked to administrative data on medications prescribed by

medical doctors. The latter are observed over the period 2006 – 2014, when the

youngest were age 59 (in 2006) to age 67 (in 2014) and the oldest were age 62 (in

2006) to age 70 (in 2014). No data on prescribed medications is available before

2006. Prescribed medications are actually observed for 32,946 of the 36,337 indi-

viduals since 3,391 men died before 2006: 10.0% of the individuals with primary
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Table 2.1. Prescribed medications by education level, 2006

Education level
Primary Low High All

Diffa Diffa

Cardiac diseases 8.54% 6.68% -1.85 4.91% -3.63 7.35%
Obstructive airway diseases 9.29% 6.84% -2.45 6.45% -2.84 8.03%
Hypertension 32.51% 30.26% -2.24 24.93% -7.58 30.55%
Hyperlipidemia 28.16% 24.58% -3.58 18.98% -9.18 25.51%
Diabetes (type 1 and 2) 10.59% 9.18% -1.41 5.40% -5.19 9.29%
Depression and anxiety 9.04% 8.33% -0.71 7.79% -1.25 8.1%
Number of individuals 16,809 10,862 5,275 32,946

a Difference in percentage points with prescribed medications in primary education group.

education, 9.2% of the individuals with low education, and 7.5% of the individuals

with high education.

Prescribed medications are observed on annual basis in Anatomical Therapeutic

Chemical (ATC) code and classified in three levels: the first indicates the anatomical

main group, the second the therapeutic subgroup, and the third the pharmacolo-

gical subgroup. We investigate only group of medications in the three-level ATC

code that can be uniquely linked to common groups of diseases (see van Ooijen et

al., 2015). These diseases and the related medications are listed in Table 2.A.3 in

Appendix 2.A and are cardiac diseases, obstructive airway diseases, hypertension,

hyperlipidemia, diabetes (type 1 and 2),1 and depression and anxiety.

Table 2.1 shows the prevalence of each prescribed disease-specific medication

by education level in 2006. Not surprisingly, we observe that prescribed medic-

ations and education have a negative association. Table 2.A.4 in Appendix 2.A

shows that prescribed medications of the linked subsample represent the Dutch

population well. The prevalence of prescribed medications for both the age-group

60 – 63 and the age-group 67 – 70 in our subsample is very similar to the prevalence

in the Dutch male population for similar age groups.

Selected demographic and socioeconomic characteristics, by education level, for

the subsample linked to prescribed medications are given in Table 2.A.5 in Ap-

1 We cannot distinguish between type-1 and type-2 diabetes. As type-1 diabetes usually occurs early in
life there may be simultaneous impacts between diabetes and education. However, this issue should be
negligible as type-2 diabetes is much more common than type-1 in adults.
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pendix 2.A. The oversampling of individuals from Western Netherlands is clear

from the table. Taller men and men with low birth order tend to have a higher

education level. The education level is also strongly related to paternal occupa-

tion and men with the highest education tend to have fathers in professional or

managerial occupations. As mentioned before, men born in big cities have higher

education levels. Being overweight seems to be negatively related to the education

level. General health seems only marginally related to the education level while

psychological health has clearly a positive association with education.

2.3.1 A note on the subsample of our data linked to prescribed
medications in adult age

Only a subsample of 45,037 men in the 1944-1947 cohort was linked to prescribed

medications data in the Dutch register. The reason is that linking all the individuals

would be excessively time-consuming and expensive, due to the absence of a digit-

alized database. We decided to use both the full sample and the subsample linked

to medication data in a two-step estimation framework. Specifically, as described

in Section 2.4, we estimate the educational attainment model and the measurement

system using the full sample, namely the whole male population born in 1944-1947

and alive and living in the Netherlands at age 18. The reason is that using the full

sample leads to very precise estimates (i.e., low standard errors) of the educational

attainment model, the measurement system and the distribution of the latent in-

telligence. These precise point estimates, including the estimated distribution of

the latent intelligence, are then imported into the second step estimation, namely

the disease-specific prescribed medications model and the mortality model, which

both use only the subsample of 45,037 men linked to the prescribed medication data

in the Dutch register.

2.4 Methodology

Our aim is to investigate the association between education and prescribed med-

ications in adult age. We are cautious in claiming that the treatment effects we

estimate are true causal effects, as we do not control for all possible confounding

factors, although in Section 2.5.1 and 2.6 we present motivations that might justify
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an approximately causal interpretation of the main results. By accounting for the ef-

fect of meaningful observed and latent confounding factors, our final aim is to find

at least evidence of a significant impact of education in reducing the probability of

having disease-specific medications prescribed in adult age. We also aim to invest-

igate how this effect might vary over intelligence level; in other words, whether

higher education is more effective in reducing the risk of prescribed medications

for individuals with lower intelligence or for individuals with higher intelligence.

In the former case, education would, in a way, compensate for lack of intelligence.

The methodology we use to account for possible confounding of intelligence,

which might affect both educational attainment and prescribed medications later in

life, is based on the structural equation framework developed by Conti et al. (2010)

and Bijwaard, van Kippersluis and Veenman (2015) with some extensions to take

into account mortality after the military conscription and before 2006. We only use

the prescribed medication data for the year 2006, as this is the first year in which we

observe such data. The structural model is composed of four parts and estimated

in two steps through maximum likelihood methods. The four parts comprise: (i) an

ordered probit model for educational attainment, (ii) a Gompertz mortality model

for survival up to 2006, (iii) a probit model for prescribed medications in 2006, and

(iv) a measurement system using IQ tests to identify latent intelligence. In the first

estimation step we estimate via maximum likelihood part (i) and (iv). In the second

estimation step we import the first step point estimates and we estimate part (ii)

and (iii), still via maximum likelihood.

In our educational choice model we assume, as in standard discrete choice mod-

els, that individuals implicitly evaluate the expected consequences of future choices

and their costs, including both monetary and psychic costs, to decide whether to

continue their schooling. We are agnostic about the decision model used by the

individuals and do not observe the cost of education, just like most of the treat-

ment evaluation literature. We do not impose rational expectations. The decision

is influenced by latent intelligence I. For identification of the model, we assume

that conditioning on intelligence and observed confounding factors accounts for all

the dependence across educational choices, mortality, and prescribed medications.

Furthermore, we assume that the value of intelligence is known by the individual

but not by the researcher and that it is fixed at the moment an individual makes his
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schooling and behavioral choices.

After elementary school (LO) an individual has the following options: staying

in the same school until the minimum school-leaving age (LVO); attending either

MVO or, if admitted, VHMO in preparation for university. Each individual i gains

a latent utility E∗i from education. We assume a linear model, E∗i = X′1iβ + γIi + εi,

with the net utility of each schooling level E∗i that depends on a vector of observed

individual characteristics X1i, on latent intelligence Ii and on εi ∼ N
(
0, 1
)
, an un-

observed random variable that is assumed to be statistically independent of both

X1i and Ii. Given X1i and Ii, the probability of an individual i choosing education

level Ei = e, for e = 1, 2, 3, is an ordered probit

Pr
(

Ei = e|X1i, Ii

)
= Φ

(
be − X′1iβ− γIi

)
−Φ

(
be−1 − X′1iβ− γIi

)
, (2.1)

where b0, b1, b2, b3 are unknown cut points, −∞ = b0 < b1 < b2 < b3 = +∞,

and where Φ(·) is the standard normal cumulative density. The different education

levels refer to primary (e = 1, LO and LVO), low (e = 2, MVO), and high (e = 3,

VHMO and university) education level.

Once the individual has decided his education level, future mortality and the

probability of disease-specific medications prescribed by medical doctors in adult

age are potentially causally related to this decision. More importantly, the model

allows individuals to select their schooling level anticipating future mortality and

differences in prescribed medications by education level. This implies that indi-

viduals select their schooling level by comparing (future) outcomes by schooling

level. To deal with the issue of schooling choice based on future outcomes, we

use potential outcome models in which we allow unobserved (from the point of

view of the researcher, but known to the individual), latent variables and observed

variables to be correlated across schooling levels, mortality rates, disease-specific

medications prescribed by medical doctors. These models are also known as Roy-

type models (Roy, 1951) and they are commonly applied in economics to model

choices based on potential outcomes.

Since we only observe prescribed medications from 2006 and until 2014, we

model the probability of surviving until 2006. The reason is that low education

is associated with premature death (see Section 2.3). Ignoring possible selective

attrition due to death before 2006 might bias the estimated treatment effects of edu-
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cation on medications prescribed in adult age. To account for this selective attrition

we include a Gompertz proportional mortality model, with a mortality rate differ-

entiated by education level and exponentially increasing in age t, λe(t|X2i, Ii, Ei =

e) = exp(ψet + X′2iκe + ωe Ii), with shape parameter ψe, and its implied survival

function

Se
(
t|X2i, Ii, Ei = e

)
= exp

(
− 1

ψe

(
exp

(
ψet
)
− 1
))

exp
(

X′2iκe + ωe Ii

)
, (2.2)

depending on observed individual characteristics X2i
2 and latent intelligence Ii.

We model the probability of prescribed medications in 2006 through a probit

model by education level. An individual i with education level e = 1, 2, 3 who

survived up to 2006 is assumed to be affected by a particular disease if the latent

utility in using the respective medication m is greater than 0, U∗emi > 0. This latent

utility linearly depends on Ii and X2i, U∗emi = X′2i$em + ηem Ii + εemi, with εemi ∼
N
(
0, 1
)
. Therefore we have that

Pr
(
Uemi = 1|X2i, Ii, Ei = e

)
= Φ

(
X′2i$em + ηem Ii

)
, (2.3)

where Uemi = 1 if medication m is prescribed in 2006 to individual i with education

e.

The structural model is closed by a measurement system to identify latent in-

telligence I. The measurement system consists of nine measurement equations that

link the three IQ tests q = 1, 2, 3, separately for each education level, to latent in-

telligence and observed individual characteristics.3 We assume that intelligence I

is normally distributed with zero mean and unknown variance σ2. The continuous

score M∗eqi for an individual i with education level e on IQ test q is not observed; we

only observe this score in 6 ordered classes, c = 1, . . . , 6, and therefore we choose to

model our 9 measurement equations as 9 ordered probit. The latent variable M∗eqi is

2 Note that we use a different set of observed characteristics and different dataset for (1) education
choice and the measurement system and (2) the survival and disease-specific, prescribed medications
probability. The first are estimated using the whole sample of recruits but variables that might be en-
dogenous due to simultaneous causality (i.e., overweight, general health and psychological health) are
excluded (X1). The second are estimated using the linked sample and including these additional health
indicators (X2).

3 We treat intelligence I as a latent variable because we aim to control for the effect of observed factors
on the measures of I (the IQ scores). Note that for identification we need at least three different intelli-
gence tests.
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defined as a linear combination of observed X1i and Ii, M∗eqi = X′1iξeq + ζeq Ii + τeqi,

where τeqi ∼ N (0, 1). Given Ii, X1i, and Ei, the probability of an individual i with

education level e scoring Meqi = c on IQ test q is

Pr
(

Meqi = c|X1i, Ii, Ei = e
)
= Φ

(
aeqc−X′1iξeq− ζeq Ii

)
−Φ

(
aeqc−1−X′1iξeq− ζeq Ii

)
,

(2.4)

where aeq0, . . . , aeq6 are the unknown cut points, −∞ = aeq0 < . . . < aeq6 = +∞.

Since Ii is unobserved, we need to establish its unit of measurement by constraining

ζ11 = 1.

We include nine ordered probit (i.e., one for each IQ test and education level)

instead of three ordered probit (i.e., one for each IQ test only) to account for the

effect of education on IQ scores. The reason is that IQ scores are observed at age

18, when the individuals already differ by education level. Hence, a three-equation

measurement system does not control for education and it is likely to overestimate

the impact of latent intelligence on IQ scores, as education is correlated with in-

telligence. Therefore, the impact of latent intelligence on prescribed medications

would be overestimated as it would capture part of the education effect. Con-

sequently, the estimated effect of education on prescribed medications would be

downward biased. In Section 2.5.2 we discuss this bias by comparing the estim-

ated effect of education using a three-equation measurement system and the nine-

equation measurement system described above.

As already mentioned, we follow the literature (Heckman et al., 2018, 2014) and

we jointly estimate the measurement system and the educational attainment model

in a first step, using all the Dutch men born between 1944-1947 who were alive and

attended the military examination at age 18. After importing the point estimates of

the first step in the likelihood, we estimate the probit model for prescribed medica-

tions and the Gompertz mortality rate in a second step, using the linked individuals

and accounting for survival up to 2006. Assuming, for identification purposes, that

given X the interdependence among the four parts of the structural model comes

from I only and averaging over the distribution of I,4 the likelihood of the first step

4 Averaging over the distribution of I requires the computation of an integral that cannot be solved
analytically. However, Gaussian quadrature can approximate this one-dimensional integral very well.
Gaussian quadrature is a numerical integration method based on Hermite polynomials which provides
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is

L1 = ∏
i

∫ { 3

∏
e=1

[ 6

∏
c=1

[
Pr
(

Me1i = c|X1i, I, Ei
)]Rci

[
Pr
(

Me2i = c|X1i, I, Ei
)]Aci

×
[
Pr
(

Me3i = c|X1i, I, Ei
)]Lci

]Eei
}{

3

∏
e=1

[
Pr
(
Ei = e|X1i, I

)]Eei

}
dF
(

I
)
, (2.5)

where Eei = 1 if individual i obtained education level e (i.e., Ei = e), and 0 other-

wise; Rci = 1 if individual i scored c in the Raven test and 0 otherwise; Aci = 1 if

individual i scored c in the arithmetic test and 0 otherwise; Lci = 1 if individual i

scored c in the language test and 0 otherwise. We do not need exclusion restrictions

for identification, as we assume independence of the events conditional on X and I.

After importing the point estimates of the first step, including F̂ (I), the estim-

ated distribution of the latent intelligence (in fact, the estimated variance of the

normal distributed latent intelligence), we maximize the following likelihood in

the second step

L2 = ∏
i

∫ { 3

∏
e=1

[ 6

∏
c=1

[
P̂r
(

Me1i = c|X1i, I, Ei
)]Rci

[
P̂r
(

Me2i = c|X1i, I, Ei
)]Aci

×
[
P̂r
(

Me3i = c|X1i, I, Ei
)]Lci

]Eei
}{

3

∏
e=1

[
P̂r
(
Ei = e|X1i, I

)]Eei

}

×
{

3

∏
e=1

[(
λe

(
ti|X2i, I, Ei

))δi( Se
(
ti|X2i, I, Ei

)
Se
(
18|X2i, I, Ei

))]Eei
}

×
{

3

∏
e=1

[(
Pr
(
Uemi = 1|X2i, I, Ei

))Uemi

×
(

Pr
(
Uemi = 0|X2i, I, Ei

))(1−Uemi

)]Eei

(
1−δi

)}
dF̂
(

I|T > 2005
)
, (2.6)

where δi = 1 if individual i died before 2006 and where we account for differences

in the distribution of I, conditioning on surviving until 2006 (i.e., T > 2005). The

an efficient approximation for evaluating indefinite integrals based on normal distributions. Hence, we
estimate the parameters using maximum likelihood on the basis of Gaussian quadrature approximation.
The STATA estimation programs are available upon request.
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estimated conditional distribution of I is defined as

dF̂
(

I|T > 2005
)
=

∑3
e=1

[
P̂r
(
Ei = e|X1i, I

)
Se
(
2006|X2i, I, Ei = e

)]
f̂
(

I
)

∫
∑3

e=1

[
P̂r
(
Ei = e|X1i, I

)
Se
(
2006|X2i, I, Ei = e

)]
f̂
(

I
)
dI

. (2.7)

We estimate the model for each prescribed medication separately. Based on

these estimates, we derive the ATEs of choosing a higher education level on pre-

scribed medications in adult age. The ATEs are estimated averaging over the dis-

tribution of the observed individual characteristics X2 and the estimated uncondi-

tional distribution of latent intelligence I. The ATEs are defined as

ATE1sm =
∫ ∫

ATE1sm
(
X2, I

)
dF
(
X2
)
dF̂
(

I
)
, (2.8)

where ATE1sm
(
X2, I

)
= P̂r

(
Usm = 1|X2, I

)
− P̂r

(
U1m = 1|X2, I

)
is the predicted

gain, in terms of prescribed medication m, of going from education level 1 (primary)

to s = 2, 3 (low and high, respectively), conditional on observed characteristics X2

and latent intelligence I.

Finally, we derive the distribution of the treatment effects over a significant

range of latent intelligence. The ATEs conditional on latent intelligence are defined

as

ATE1sm
(

I
)
=
∫

ATE1sm
(
X2, I

)
dF
(
X2
)
, (2.9)

where I ∈ [−2; 2]. This range represents approximately 98% of the population,

according to the estimated variance of latent intelligence as reported in Table 2.A.6

in Appendix 2.A.

2.5 Results and Discussion

Before we turn to the estimated ATEs of education, we shortly discuss the para-

meter estimates of the structural model. The estimates of the education choice,

measurement system, the Gompertz proportional mortality rate and the prescribed

medication model are reported in Table 2.A.6-2.A.16 in Appendix 2.A. Intelligence

positively affects all IQ scores, at each education level, but it does not significantly
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affect education choice. This rather striking result is discussed in Section 2.5.1.

Interestingly, intelligence has a decreasing impact on the probability of mortality

and prescribed medications for physical diseases as education increases, but an in-

creasing impact on the probability of prescribed medications for depression and

anxiety as education increases. For primary educated individuals, intelligence de-

creases significantly the probability of prescribed medications for all the diseases

that we consider; for individuals with low education, intelligence decreases signi-

ficantly the probability of prescribed medications for obstructive airway diseases,

hyperlipidemia, and depression and anxiety; for individuals with high education,

intelligence only decreases significantly the probability of prescribed medications

for depression and anxiety. Also, intelligence decreases significantly the mortality

for individuals with primary and low education. Parental background, proxied by

father’s occupation, has some significant effects, at some education levels only, on

mortality and on the probability of prescribed medications for cardiac and obstruct-

ive airway diseases, hypertension, and hyperlipidemia. It also strongly affects edu-

cation choice and all IQ scores at each education level.

The ATEs defined in equation (2.8) and reported in Table 2.2 suggest that all

prescribed medications for physical diseases in adult age are significantly reduced

by education. However, the ATE of education on depression and anxiety medica-

tion is low and, from primary to low education, not significant. Although we miss

to control for potentially relevant confounding factors the ATEs on almost all pre-

scribed medications do not differ significantly from the raw associations between

education and prescribed medications reported in Table 2.1. This suggests that

higher education might causally reduce prescribed medications in adult age. The

only exception is the ATEs on prescribed medications for hyperlipidemia which,

from primary to high education, is significantly lower at the 95% confidence level

than the raw difference.

Next, Figure 2.1 and Figure 2.2 show the ATEs of primary to low and to high

education, respectively, conditional on different levels of latent intelligence, as defined

in equation (2.9). For all medications for physical diseases we observe lower gains

from higher education levels for highly intelligent individuals. In other words,

particularly skilled individuals do not gain much from higher education levels in

terms of lower chances of prescribed medications for physical diseases in adult age.
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Table 2.2. Average Treatment Effects in percentage points

Medication Prim. to Low Std. err. Prim. to High Std. err.
Cardiac diseases −1.53∗∗ 0.33 −2.90∗∗ 0.49
Obstructive airway diseases −2.35∗∗ 0.34 −3.21∗∗ 0.49
Hypertension −2.24∗∗ 0.57 −6.44∗∗ 0.89
Hyperlipidemia −2.87∗∗ 0.54 −7.31∗∗ 0.83
Diabetes (type 1 and 2) −1.34∗∗ 0.37 −4.64∗∗ 0.52
Depression and anxiety −0.60 0.40 −1.57+ 0.63

+p < 0.05 and ∗∗p < 0.01

Oppositely, for depression and anxiety medication we observe higher gains from

higher education levels for highly intelligent individuals. This suggests that edu-

cation is more effective in preventing medication use for depression and anxiety in

adult age for individuals with higher intelligence.

Figure 2.1 and Figure 2.2 also show the 95% confidence interval of the ATEs

over latent intelligence. These confidence intervals are derived from the standard

errors of the ATEs conditional on latent intelligence. We compute these standard

errors as described in Appendix 2.B. It is clear that the ATEs on prescribed medic-

ations for some of the physical diseases (e.g., obstructive airway diseases) are not

significant for highly intelligent individuals. The ATE from primary to low educa-

tion on depression and anxiety medication is never significant and the ATE from

primary to high education on depression and anxiety medication is not significant

for individuals with low intelligence.

2.5.1 On the non-significant effect of intelligence on education
choice

As already mentioned, although we find an effect of intelligence on mortality and

prescribed medications in adult age, we do not find any significant effect of intelli-

gence on education choice. The reason is very likely that, before the Mammoth Act

(1968), the educational opportunities in the Netherlands were highly unequal and

very much related to social class (Frijhoff and Spies, 2004, Prick, 2006) and urbanity

of the place of residence (Lauwerys and Scanlon, 2013), as we also find. One of

the biggest challenges the Mammoth Act dealt with was indeed the necessity of in-

creasing the social mobility that the education system of the time strongly impeded.
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Figure 2.1. ATEs primary to low education on medications by intelligence
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Figure 2.2. ATEs primary to high education on medications by intelligence, age
59-62
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Before the Mammoth Act, individuals typically received a level of education that

reflected the traditional and parental social niche (van Lutsenburg Maas, 1964). Re-

markably, from the Middle Ages and until the Mammoth Act this pattern of very

little social class mobility through educational choices had never been tackled (van

Lutsenburg Maas, 1964). It is therefore likely that latent skills, including both cog-

nitive and noncognitive skills, counted poorly in determining education choices.

Of course, skills such as intelligence may have determined the success of the edu-

cational choice, but this occurred mostly for university education, where the drop

out rate was nearly one half (van Lutsenburg Maas, 1964). This, of course, does not

affect our results, as university education is included with VHMO in the high edu-

cation level. Moreover, university access was only possible with a VHMO diploma,

so no university education could in principle have occurred later in life without

a VHMO diploma (van Lutsenburg Maas, 1964), excluding very few exceptions.

In other words, the educational levels that we observe at age 18 are, in principle,

invariant over time.

2.5.2 Sensitivity analysis

We estimate two alternative structural models as a robustness check. First, we ig-

nore possible reverse causation of education on IQ scores and estimate a model

with only a three-equation measurement system, one for each IQ test and not con-

ditioning on the education level. Figure 2.A.1 and Figure 2.A.2 in Appendix 2.A

compare the implied ATEs over latent intelligence with the ATEs estimated from

our original model with a nine-equation measurement system. Overall, the ATEs

on prescribed medications appear to be underestimated using the three-equation

measurement system. The reason is that such a measurement system does not con-

trol for the effect of education on the IQ scores and therefore latent intelligence cap-

tures part of this education effect. Consequently, part of the impact of education

on prescribed medications is captured by latent intelligence, which in the estimates

also affects education choice significantly. This underlines the importance of us-

ing the nine-equation measurement system (2.4) to account for reverse causation of

education on IQ scores.

Second, we include health measurements at age 18 (i.e., overweight, general

and psychological health) into both the measurement system and the educational
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attainment model. These early-life health measurements are already included in

the mortality and the prescribed medications probability equations. In the original

specification of the structural model we exclude these health measurements as they

may be endogenous (i.e., they may be affected by education). The resulted ATEs

from the structural model with health measurements are similar to the ATEs repor-

ted in Figure 2.1 and Figure 2.2. This suggests that, conditional on latent intelli-

gence and observed confounding factors, there may be no remaining association

between health early in life and education choice.

2.6 Conclusion

We have estimated a structural model that controls for the effect of observed con-

founding factors and latent intelligence on educational attainment, survival up to

adult age, and prescribed medications in adult age. Our results suggest a sub-

stantial effect of education on prescribed medications for physical diseases. This

is in line with recent research on the association between education and health us-

ing a structural model approach (Conti et al., 2010). However, we have obtained

results that suggest, at the most, a weak impact of education on prescribed medic-

ations for depression and anxiety. To investigate the distribution of the treatment

effects, we have estimated the average treatment effects of education on prescribed

medications by intelligence level. These conditional ATEs suggest that individuals

with higher intelligence have lower gains of education in prescribed medications

for physical diseases. However, they have higher gains of education in prescribed

medications for depression and anxiety. In other words, education seems to be

more effective in reducing the risk of prescribed medications for physical diseases

on individuals with lower intelligence and for depression and anxiety on individu-

als with higher intelligence.

Our study has three distinct strengths compared to previous research. First,

a clear advantage is the large sample size which allows the estimation of the de-

tailed structural model with three education levels accounting for confounding in

the education attained. Second, the data is population-based and not prone to self-

selection because military conscription was mandatory in the Netherlands during

the 1960s. Third, our statistical method is based on a structural model in which the
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education attained, mortality, and prescribed medications are modeled simultan-

eously; this method accounts for the confounding effect of intelligence on both mor-

tality and prescribed medications. This enables us to investigate in depth the associ-

ation between education and prescribed medication and find substantial evidence

of a causal effect on prescribed medications for physical diseases. These conclu-

sions do not suffer generalization issues inherent to using compulsory schooling

reforms or twins to account for confounding.

There are also some limitations to this study. One limitation is that we do not

have military examination information nor other large data containing intelligence

tests for women that would allow for similar analyses. A more substantive issue

is that lack of data prevents us from controlling for some potentially relevant con-

founding factors that may significantly shape the association between education

and prescribed medications in adult age. Conditional on these confounding factors,

any association left between education and health would be causal (Heckman et al.,

2014). Besides latent intelligence, we account for a large set of observed early-life

characteristics, including father’s occupation and the urban status of place of birth.

However, we do not account for noncognitive skills, differences in the local eco-

nomic conditions within the Netherlands, and health early in life in the educational

attainment model.

Noncognitive skills have been show to play an important role in determining

education choice (Heckman et al., 2018, 2014). Unfortunately, measures of non-

cognitive skills such as self-discipline, perseverance, and consciousness are not ob-

served in our data. However, as explained in Section 2.5.1, before the Mammoth

Act (1968) educational opportunities in the Netherlands were highly unequal and

strictly related to the family social class and to the urbanity of the place of resid-

ence, with the majority of rural areas being culturally isolated. The estimates of the

educational attainment model (see Table 2.A.6 in Appendix 2.A) provide evidence

of this, since intelligence I does not affect education choices significantly. Similarly,

in our data noncognitive skills might play a minor role in determining education

choices.

Noncognitive skills may still have a direct effect on diseases in adult age. Ac-

counting only for psychological health at age 18 is inadequate to capture the mul-

tidimensional heterogeneity in noncognitive skills across individuals. The latter,
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rather than biasing the estimated effect of education, may lead to an overestimated

effect of intelligence on health outcomes (Conti et al., 2010). The reason is that IQ

scores are affected by noncognitive skills (Borghans et al., 2008) and thus our latent

variable may capture not only pure intelligence but a large set of cognitive and non-

cognitive skills. Whether noncognitive skills have a significant and direct impact

on health in adult age is an open question: as a matter of fact, the structural-model

literature has only found an indirect (through education), significant effect of non-

cognitive skills on physical health and self-esteem in middle age,5 and not a direct

effect on the same health outcomes (Heckman et al., 2014). However, noncognitive

skills seem to have a significant and direct impact on smoking behavior in middle

age (Heckman et al., 2014).

Differences in local or regional economic conditions at birth and/or in child-

hood might also affect both education choices (Heckman et al., 2014) and health

in adulthood (Alessie et al., 2019, van den Berg et al., 2009, 2011).6 Although we

control for the famine effect at birth, reliable data on proxies such as provincial

unemployment rate are not available for the Netherlands before the 1950s. Con-

sequently, we cannot account for its effect on neither education choice nor health

outcomes later in life. Depending on the outcome, this effect might be rather small

(Alessie et al., 2019) or more remarkable (van den Berg et al., 2009, 2011).7

Except for height, we do not control for health early in life in the educational

attainment model. However, this should not be a major issue for two reasons. First,

the literature has found no remaining association between health early in life and

education choice, especially for men, after controlling for early-life environment,

parental background, and latent skills (Conti and Heckman, 2010, Conti et al., 2010).

Second, we estimate an alternative model which includes potentially endogenous,

observed in early-life, health variables in the educational attainment model, finding

no differences in the estimates from our main specification of the model. In the

prescribed medications probability and mortality equations we already control for

health early in life, including height, psychological and general health status at age

18, and overweight.

5 Which, as explained in Section 2.5.1, is likely not to apply to our data.
6 For additional references we refer to Chapter 3 which is entirely dedicated to the link between early-

life macroeconomic conditions and health later in adulthood.
7 See also Chapter 3.
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2.A Appendix

Additional tables

Table 2.A.1. Distribution of IQ scores by education level, 368,687 individuals

Education level
Primary Low High

Raven:
1 (lowest) 5.2% 1.2% 0.3%
2 14.3% 3.7% 0.9%
3 19.4% 9.3% 3.5%
4 25.3% 20.4% 11.4%
5 26.1% 38.5% 37.9%
6 (highest) 9.7% 27.0% 46.0%
Arithmetic:
1 (lowest) 7.2% 0.3% 0.1%
2 23.7% 2.9% 0.4%
3 23.9% 9.8% 1.4%
4 23.2% 27.8% 8.0%
5 17.4% 40.7% 38.1%
6 (highest) 4.5% 18.6% 52.1%
Language:
1 (lowest) 4.9% 0.2% 0.0%
2 21.0% 1.2% 0.2%
3 28.5% 5.4% 0.7%
4 28.8% 20.7% 6.6%
5 14.4% 49.6% 43.4%
6 (highest) 2.4% 22.9% 49.1%
Number of individuals 210,212 107,829 50,646
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Table 2.A.2. Sample characteristics by education level, 368,687 individuals

Education level
Primary Low High

Average height (cm) 176.8 178.1 179.1
Average birth order 2.8 2.4 2.2
Average family size 4.7 4.0 3.9
Father’s occupation:
Professional 8.2% 17.3% 37.7%
White collar 21.5% 37.5% 38.8%
Farm owner 12.4% 6.6% 5.1%
Skilled 32.6% 22.5% 9.7%
Unskilled 20.1% 11.8% 4.7%
Unknown 5.1% 4.3% 4.1%
Urban status of place of birth:a

City 30.1% 38.0% 42.5%
Urban 19.9% 21.3% 21.9%
Urbanised rural 21.5% 18.6% 17.6%
Other 28.5% 22.0% 18.1%
Religion:
Catholic 43.3% 38.0% 39.0%
Protestant 40.3% 43.2% 41.2%
Other or none 16.4% 18.7% 19.8%
Famine exposure 5.4% 7.6% 7.9%
Region of birth:
West 41.9% 48.1% 49.6%
South 24.2% 20.3% 21.6%
East 19.0% 16.0% 14.4%
North 14.9% 15.6% 14.4%
Year of birth:
1944 23.7% 24.5% 23.7%
1945 22.7% 22.2% 21.2%
1946 30.2% 30.5% 30.8%
1947 23.4% 22.8% 24.4%
Overweightb 7.2% 5.8% 5.0%
General health:c

Fit 84.3% 83.4% 83.4%
Almost 6.6% 7.4% 7.3%
Fairly 1.9% 1.9% 1.9%
Unfit 7.2% 7.3% 7.4%
Psychological fitness:c

Fit 75.7% 80.9% 82.7%
Almost 20.1% 16.3% 14.9%
Fairly 0.1% 0.1% 0.1%
Unfit 4.1% 2.8% 2.3%
Number of individuals 210,212 107,829 50,646
a City: > 100,000 inhabitants; Urban: cities < 100,000

inhabitants; Urbanised rural: rural communities with
< 20% farming population; Rural: rural communities
with > 20% farming population.

b BMI (Body Mass Index) higher than 25
c Not available for all 368,687 individuals (we do not con-

trol for health early in life in the first step).
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Table 2.A.3. Diseases and relative medications

Diseases or conditions Medications (ATC code)
Cardiac diseases C01, C03C
Obstructive airway diseases R03
Hypertension C02, C03A, C07, C08, C09A,B
Hyperlipidemia C10
Diabetes (type 1 and 2) A10
Depression and anxiety N05B, N06A

Table 2.A.4. Prescribed medications in subsample (Sub) and the Netherlands (NL),
in 2007 and 2014

2007 2014
Sub NL Sub NL
age 60-63 age 60-65 age 67-70 age 65-70

Cardiac diseases:
C01 6.3% 6.2% 8.4% 7.2%
C03C 2.7% 2.9% 4.6% 3.9%
Obstructive airway diseases:
R03 8.9% 9.3% 11.8% 11.7%
Hypertension:
C02 0.8% 0.8% 1.1% 1.0%
C03A 5.6% 5.6% 9.9% 9.1%
C07 20.4% 20.5% 27.7% 25.3%
C08 9.6% 9.6% 15.9% 14.5%
C09A 13.3% 13.1% 20.0% 18.2%
C09B 2.6% 2.5% 3.6% 3.0%
Hyperlipidemia:
C10 27.4% 27.2% 40.8% 38.0%
Diabetes (type 1 and 2):
A10 10.0% 10.2% 15.5% 14.0%
Depression and anxiety:
N05B 8.7% 8.0% 2.0% 1.9%
N06A 5.3% 5.3% 5.5% 5.6%

Source for the Netherlands: CBS
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Table 2.A.5. Sample characteristics for the 36,337 linked individuals by education

Education level
Primary Low High

Average height (cm) 177.0 178.1 179.3
Average birth order 2.6 2.2 2.1
Average family size 3.8 3.4 3.4
Father’s occupation:
Professional 9.6% 16.7% 37.9%
White collar 26.7% 43.3% 43.7%
Farm owner 4.9% 2.2% 1.8%
Skilled 35.0% 23.5% 9.5%
Unskilled 17.4% 9.5% 3.4%
Unknown 6.4% 4.9% 3.7%
Urban status of place of birth:a

City 79.4% 86.6% 87.9%
Urban 6.1% 4.6% 4.8%
Urbanised rural 6.6% 4.3% 4.0%
Other 7.9% 4.5% 3.3%
Religion:
Catholic 34.8% 30.3% 31.5%
Protestant 35.8% 40.0% 39.7%
Other or none 29.4% 29.7% 28.8%
Famine exposure 53.8% 60.4% 59.9%
Region of birth:
West 83.0% 88.3% 89.2%
South 7.6% 4.9% 5.0%
East 5.5% 3.6% 3.6%
North 3.9% 3.1% 2.2%
Year of birth:
1944 18.2% 17.5% 17.9%
1945 39.9% 41.6% 40.3%
1946 29.1% 29.3% 29.7%
1947 12.9% 11.6% 12.2%
Overweightb 7.6% 6.2% 5.5%
General health:
Fit 85.0% 83.0% 83.2%
Almost 6.3% 7.4% 7.3%
Fairly 2.0% 2.3% 2.1%
Unfit 6.7% 7.5% 7.4%
Psychological fitness:
Fit 76.0% 80.9% 82.1%
Almost 19.8% 15.8% 14.9%
Fairly 0.1% 0.1% 0.1%
Unfit 4.1% 3.2% 2.9%
Number of individuals 18,671 11,963 5,703
a City: > 100,000 inhabitants; Urban: cities < 100,000

inhabitants; Urbanised rural: rural communities with
< 20% farming population; Rural: rural communities
with > 20% farming population.

b BMI (Body Mass Index) higher than 25
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Table 2.A.6. Ordered probit estimates for educational attainment in structural
model

Coeff. Std. err.
Intelligence 0.0285 0.0184
Height 0.0191∗∗ 0.0003
Birth order −0.0510∗∗ 0.0015
Family Size −0.0379∗∗ 0.0012
Professional 0.4148∗∗ 0.0059
Farm Owner −0.5681∗∗ 0.0080
Skilled −0.6570∗∗ 0.0056
Unskilled −0.7399∗∗ 0.0067
Unknown −0.3788∗∗ 0.0096
City 0.0544∗∗ 0.0060
Urbanised Rural −0.0578∗∗ 0.0063
Other −0.1260∗∗ 0.0065
North 0.0625∗∗ 0.0065
South 0.0271∗∗ 0.0060
East −0.0716∗∗ 0.0061
Catholic 0.0408∗∗ 0.0051
Other or No religion −0.0349∗∗ 0.0059
Birth Year 1944 0.0318∗∗ 0.0061
Birth Year 1946 −0.0149∗∗ 0.0058
Birth Year 1947 −0.0374∗∗ 0.0062
Spring −0.0095 0.0055
Summer −0.0181+ 0.0057
Autumn 0.0306∗∗ 0.0058
Famine Exp. 0.0152 0.0094
Cut Point 1 −0.3709∗∗ 0.0093
Cut Point 2 0.6653∗∗ 0.0094

+p < 0.05 and ∗∗p < 0.01
To identify latent intelligence I, we estimate the edu-
cational attainment model and the measurement sys-
tem jointly. We estimate the variance of the normal
distribution N

(
0, σ2) of I. The estimated variance is

σ̂2 = 0.7652 with standard error 0.0009.



Education, intelligence, and prescribed medications in adult age 39

Table 2.A.7. Ordered probit estimates for IQ measurement system, by education
level, in structural model: Raven Test

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence 1.0000 0.8525∗∗ 0.0079 0.8406∗∗ 0.0155
Height 0.0212∗∗ 0.0005 0.0174∗∗ 0.0006 0.0122∗∗ 0.0010
Birth Order −0.0320∗∗ 0.0021 −0.0352∗∗ 0.0032 −0.0460∗∗ 0.0052
Family Size −0.0227∗∗ 0.0017 0.0160∗∗ 0.0026 0.0284∗∗ 0.0040
Professional −0.0104 0.0125 0.0510∗∗ 0.0126 0.0403+ 0.0147
Farm Owner −0.4585∗∗ 0.0122 −0.0938∗∗ 0.0191 −0.2214∗∗ 0.0315
Skilled −0.3183∗∗ 0.0098 −0.0641∗∗ 0.0130 −0.0633+ 0.0231
Unskilled −0.4467∗∗ 0.0109 −0.1603∗∗ 0.0158 −0.1374∗∗ 0.0311
Unknown −0.3092∗∗ 0.0148 −0.0250 0.0206 −0.0957+ 0.0311
City 0.0930∗∗ 0.0092 0.0243 0.0119 0.0257 0.0177
Urbanised Rural −0.1111∗∗ 0.0093 −0.0819∗∗ 0.0129 −0.0452 0.0200
Other −0.1219∗∗ 0.0093 −0.1230∗∗ 0.0133 −0.1401∗∗ 0.0213
North −0.1568∗∗ 0.0097 −0.2117∗∗ 0.013 −0.1564∗∗ 0.0204
South 0.0384∗∗ 0.0089 0.0888∗∗ 0.0125 0.0257 0.0185
East −0.1672∗∗ 0.0089 −0.0824∗∗ 0.0126 −0.0583+ 0.0199
Catholic 0.0669∗∗ 0.0076 0.0075 0.0103 −0.1121∗∗ 0.016
Other or No religion 0.0035 0.0091 0.0154 0.0115 0.0506+ 0.0172
Birth Year: 1944 −0.0528∗∗ 0.0092 −0.0758∗∗ 0.0126 −0.0218 0.0198
Birth Year: 1946 −0.0395∗∗ 0.0086 −0.0171 0.012 −0.0046 0.0187
Birth Year: 1947 −0.5038∗∗ 0.0091 −0.3846∗∗ 0.0126 −0.3508∗∗ 0.0196
Spring 0.0259+ 0.0083 0.0388∗∗ 0.0111 0.0394 0.0172
Summer 0.0460∗∗ 0.0084 0.0641∗∗ 0.0114 0.0440 0.0178
Autumn −0.0430∗∗ 0.0087 −0.0455∗∗ 0.0118 −0.0323 0.0177
Famine Exp. 0.0446+ 0.0153 0.0198 0.0184 0.0287 0.0279
Cut Point 1 −2.8750∗∗ 0.0207 −3.0144∗∗ 0.0228 −3.6347∗∗ 0.0507
Cut Point 2 −1.8312∗∗ 0.0201 −2.2575∗∗ 0.0205 −2.9606∗∗ 0.0411
Cut Point 3 −1.0273∗∗ 0.0199 −1.5075∗∗ 0.0193 −2.1982∗∗ 0.0361
Cut Point 4 −0.1296∗∗ 0.0198 −0.6405∗∗ 0.0187 −1.3183∗∗ 0.0336
Cut Point 5 1.1568∗∗ 0.0201 0.6394∗∗ 0.0187 0.0591 0.0324
+p < 0.05 and ∗∗p < 0.01
To identify latent intelligence I, we estimate the educational attainment model and the meas-
urement system jointly. We estimate the variance of the normal distribution N

(
0, σ2) of I. The

estimated variance is σ̂2 = 0.7652 with standard error 0.0009.
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Table 2.A.8. Ordered probit estimates for IQ measurement system, by education
level, in structural model: Arithmetic Test

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence 2.0094∗∗ 0.0172 1.6023∗∗ 0.0207 1.2326∗∗ 0.0292
Height 0.0338∗∗ 0.0008 0.0250∗∗ 0.0009 0.0152∗∗ 0.0012
Birth Order −0.0486∗∗ 0.0032 −0.0541∗∗ 0.0046 −0.0652∗∗ 0.0062
Family Size −0.0577∗∗ 0.0027 0.0212∗∗ 0.0036 0.0285∗∗ 0.0049
Professional −0.0073 0.0194 0.0414 0.0180 −0.0634∗∗ 0.0183
Farm Owner −0.4529∗∗ 0.0196 0.3153∗∗ 0.0277 0.1385∗∗ 0.0380
Skilled −0.6208∗∗ 0.0165 −0.1347∗∗ 0.0202 −0.0507 0.0288
Unskilled −0.8591∗∗ 0.0186 −0.2999∗∗ 0.0244 −0.1509∗∗ 0.0378
Unknown −0.6982∗∗ 0.0228 −0.1732∗∗ 0.0289 −0.2845∗∗ 0.0377
City 0.0141 0.0139 −0.1024∗∗ 0.0165 0.0043 0.0217
Urbanised Rural −0.0966∗∗ 0.0141 −0.0555+ 0.0180 −0.0407 0.0245
Other −0.0798∗∗ 0.0142 −0.0428 0.0185 −0.1380∗∗ 0.0261
North 0.0745∗∗ 0.0147 −0.0028 0.0179 0.1472∗∗ 0.0255
South 0.2683∗∗ 0.0135 0.3437∗∗ 0.0174 0.0284 0.0224
East −0.0005 0.0134 0.0738∗∗ 0.0177 0.0011 0.0242
Catholic −0.0401∗∗ 0.0115 0.0425+ 0.0143 −0.3123∗∗ 0.0199
Other or No religion −0.2102∗∗ 0.0136 −0.0749∗∗ 0.0156 −0.0068 0.0210
Birth Year: 1944 0.0967∗∗ 0.0139 −0.0050 0.0173 −0.0082 0.0239
Birth Year: 1946 −0.1119∗∗ 0.0130 −0.0976∗∗ 0.0164 −0.0465 0.0226
Birth Year: 1947 −0.5113∗∗ 0.0139 −0.4240∗∗ 0.0177 −0.2184∗∗ 0.0241
Spring −0.0209 0.0124 0.0179 0.0152 0.0010 0.0210
Summer −0.0167 0.0126 0.0533∗∗ 0.0157 0.0235 0.0216
Autumn −0.0464∗∗ 0.0131 −0.0594∗∗ 0.0163 −0.0308 0.0217
Famine Exposure 0.0253 0.0228 0.0474 0.0246 0.0526 0.0335
Cut Point 1 −4.0855∗∗ 0.0405 −5.0297∗∗ −0.0552 −5.1710∗∗ 0.1138
Cut Point 2 −2.0925∗∗ 0.0364 −3.3975∗∗ −0.0385 −4.0634∗∗ 0.0736
Cut Point 3 −0.7894∗∗ 0.0352 −2.0762∗∗ −0.0310 −3.2626∗∗ 0.0602
Cut Point 4 0.5811∗∗ 0.0350 −0.4839∗∗ −0.0261 −2.0546∗∗ 0.0489
Cut Point 5 2.5064∗∗ 0.0375 1.4682∗∗ −0.0283 −0.2099∗∗ 0.0415
+p < 0.05 and ∗∗p < 0.01
To identify latent intelligence I, we estimate the educational attainment model and the meas-
urement system jointly. We estimate the variance of the normal distribution N

(
0, σ2) of I. The

estimated variance is σ̂2 = 0.7652 with standard error 0.0009.
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Table 2.A.9. Ordered probit estimates for IQ measurement system, by education
level, in structural model: Language Test

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence 1.4201∗∗ 0.0087 0.9650∗∗ 0.0092 0.6296∗∗ 0.0111
Height 0.0281∗∗ 0.0006 0.0195∗∗ 0.0007 0.0084∗∗ 0.0009
Birth Order −0.0667∗∗ 0.0025 −0.0463∗∗ 0.0034 −0.0645∗∗ 0.0049
Family Size −0.0334∗∗ 0.0021 0.0101∗∗ 0.0027 0.0262∗∗ 0.0038
Professional 0.0483+ 0.0149 −0.0357+ 0.0136 −0.0816∗∗ 0.0139
Farm Owner −0.3879∗∗ 0.0149 0.1134∗∗ 0.0211 −0.0172 0.0299
Skilled −0.5160∗∗ 0.0125 −0.0674∗∗ 0.0141 −0.0444 0.0217
Unskilled −0.6342∗∗ 0.0140 −0.0990∗∗ 0.0170 0.0209 0.0293
Unknown −0.4798∗∗ 0.0178 −0.1231∗∗ 0.0218 −0.2363∗∗ 0.0286
City 0.0500∗∗ 0.0112 −0.0201 0.0128 0.0133 0.0170
Urbanised Rural −0.0750∗∗ 0.0113 −0.0172 0.0140 −0.0695∗∗ 0.0193
Other −0.0788∗∗ 0.0113 −0.0442+ 0.0144 −0.0970∗∗ 0.0203
North 0.0457∗∗ 0.0115 −0.1108∗∗ 0.0139 −0.0615+ 0.0196
South 0.1182∗∗ 0.0108 0.1523∗∗ 0.0134 0.0084 0.0174
East −0.0734∗∗ 0.0106 0.0332 0.0137 −0.0111 0.0191
Catholic −0.1119∗∗ 0.0091 −0.2012∗∗ 0.0110 −0.2305∗∗ 0.0152
Other or No religion −0.1377∗∗ 0.0107 −0.1075∗∗ 0.0120 −0.0229 0.0164
Birth Year: 1944 −0.0484∗∗ 0.0111 −0.1135∗∗ 0.0134 −0.0956∗∗ 0.0185
Birth Year: 1946 −0.0758∗∗ 0.0104 −0.0765∗∗ 0.0127 −0.0465+ 0.0177
Birth Year: 1947 −0.6106∗∗ 0.0110 −0.4157∗∗ 0.0136 −0.3043∗∗ 0.0187
Spring −0.0331∗∗ 0.0099 0.0109 0.0118 0.0035 0.0163
Summer −0.0198 0.0100 0.0440∗∗ 0.0121 0.0470+ 0.0169
Autumn −0.1387∗∗ 0.0104 −0.1046∗∗ 0.0126 −0.0664∗∗ 0.0168
Famine Exposure −0.0160 0.0182 −0.0105 0.0191 0.0576 0.0260
Cut Point 1 −3.7284∗∗ 0.0286 −4.3022∗∗ 0.0387 −4.2774∗∗ 0.0857
Cut Point 2 −2.0512∗∗ 0.0266 −3.2788∗∗ 0.0259 −3.6243∗∗ 0.0510
Cut Point 3 −0.7942∗∗ 0.0260 −2.2866∗∗ 0.0222 −2.9929∗∗ 0.0382
Cut Point 4 0.6234∗∗ 0.0260 −1.0634∗∗ 0.0204 −1.8897∗∗ 0.0315
Cut Point 5 2.3057∗∗ 0.0276 0.7052∗∗ 0.0201 −0.1924∗∗ 0.0296
+p < 0.05 and ∗∗p < 0.01
To identify latent intelligence I, we estimate the educational attainment model and the meas-
urement system jointly. We estimate the variance of the normal distribution N

(
0, σ2) of I. The

estimated variance is σ̂2 = 0.7652 with standard error 0.0009.
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Table 2.A.10. Gompertz proportional mortality rate estimates, by education level,
in structural model

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence −0.1974∗∗ 0.0313 −0.1317∗∗ 0.0412 −0.1040 0.0775
General Health: Unfit 0.1107 0.0631 0.2649∗∗ 0.0753 0.0847 0.1287
Psych. Health: Unfit 0.0785 0.0558 0.2262∗∗ 0.0734 −0.0790 0.1311
Overweight 0.1935+ 0.0807 0.3257∗∗ 0.1094 0.2129 0.1942
Height −0.0092+ 0.0037 −0.0037 0.0048 0.0011 0.0078
Birth Order −0.0209 0.0172 0.0340 0.0261 0.0386 0.0436
Family Size 0.0021 0.0182 −0.0307 0.0256 −0.0734 0.0421
Professional −0.0759 0.0906 −0.0832 0.0905 0.1668 0.1106
Farm Owner −0.0889 0.1263 0.1050 0.2147 0.5121 0.3436
Skilled 0.0132 0.0610 0.0730 0.0770 0.2914 0.1629
Unskilled 0.0858 0.0716 0.1014 0.1059 −0.0224 0.2895
Unknown 0.2694∗∗ 0.0937 0.1864 0.1339 0.3333 0.2374
City 0.0866 0.1201 0.1111 0.1834 0.2242 0.2895
Urbanised Rural 0.0381 0.1351 0.0339 0.2148 0.0157 0.3595
Other 0.1601 0.1313 0.0948 0.2189 0.3900 0.3600
North 0.2393 0.1326 −0.1341 0.2209 −0.3611 0.4113
South −0.1493 0.1180 −0.0550 0.1741 0.0876 0.2520
East 0.1939 0.1203 0.1628 0.1934 −0.1167 0.3306
Catholic 0.0477 0.0593 −0.0196 0.0778 0.2824+ 0.1247
Other or No religion 0.1019 0.0592 0.0222 0.0741 0.1893 0.1223
Birth Year: 1944 0.0187 0.0733 0.1179 0.0970 0.0744 0.1594
Birth Year: 1946 −0.1041 0.0679 −0.2082+ 0.0889 0.0964 0.1388
Birth Year: 1947 −0.0157 0.0968 −0.0652 0.1347 −0.1882 0.2197
Spring −0.0032 0.0656 0.0081 0.0843 0.1118 0.1371
Summer −0.0051 0.0688 −0.1062 0.0935 −0.1242 0.1543
Autumn 0.0634 0.0669 −0.0674 0.0884 −0.0812 0.1406
Famine Exposure −0.0338 0.0754 −0.0159 0.0991 −0.1115 0.1542
Constant −10.1426∗∗ 0.2019 −10.1978∗∗ 0.2765 −10.3806∗∗ 0.4496
Shape 0.0881∗∗ 0.0025 0.0889∗∗ 0.0033 0.0860∗∗ 0.0052
+p < 0.05 and ∗∗p < 0.01
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Table 2.A.11. Probit estimates for cardiac diseases medications, by education level,
in structural model

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence −0.0854∗∗ 0.0180 −0.0371 0.0256 −0.0715 0.0474
General Health: Unfit 0.0340 0.0390 0.0249 0.0501 0.1360 0.0766
Psych. Health: Unfit 0.0894∗∗ 0.0329 0.0809 0.0475 0.0740 0.0762
Overweight 0.1223+ 0.0504 0.3770∗∗ 0.0665 0.2350+ 0.1157
Height −0.0045+ 0.0022 −0.0037 0.0030 −0.0027 0.0049
Birth Order 0.0110 0.0100 0.0507∗∗ 0.0163 −0.0066 0.0276
Family Size 0.0103 0.0110 −0.0488∗∗ 0.0160 −0.0406 0.0257
Professional 0.0174 0.0524 0.0039 0.0540 0.1168 0.0681
Farm Owner −0.1572 0.0805 −0.1327 0.1502 0.6444∗∗ 0.2049
Skilled 0.0540 0.0361 0.0389 0.0478 0.1712 0.1048
Unskilled 0.0490 0.0433 0.0575 0.0661 0.3413+ 0.1451
Unknown 0.0659 0.0610 0.0559 0.0875 0.1959 0.1527
City −0.0721 0.0694 0.0678 0.1105 0.2042 0.1880
Urbanised Rural −0.0914 0.0790 0.0607 0.1311 0.2395 0.2152
Other −0.1173 0.0798 0.0955 0.1361 0.0637 0.2460
North 0.0080 0.0879 −0.1365 0.1345 −0.3427 0.2716
South −0.0078 0.0679 −0.0180 0.1029 0.0223 0.1607
East −0.0045 0.0766 −0.1260 0.1278 −0.0914 0.2063
Catholic 0.0254 0.0354 0.0141 0.0477 −0.0467 0.0752
Other or No religion 0.0592 0.0356 −0.0173 0.0462 −0.1554+ 0.0752
Birth Year: 1944 −0.0075 0.0458 0.1128 0.0620 −0.0309 0.0956
Birth Year: 1946 −0.0669 0.0400 −0.0400 0.0536 −0.1741+ 0.0875
Birth Year: 1947 −0.1632∗∗ 0.0587 −0.0429 0.0811 −0.2587+ 0.1321
Spring 0.0230 0.0394 −0.0628 0.0538 −0.0046 0.0868
Summer 0.0045 0.0414 −0.0446 0.0569 −0.0960 0.0943
Autumn −0.0363 0.0412 −0.0958 0.0550 0.0664 0.0833
Famine Exposure 0.0245 0.0456 −0.0290 0.0609 −0.0648 0.0971
Constant −1.4256∗∗ 0.0934 −1.4589∗∗ 0.1355 −1.6659∗∗ 0.2308
+p < 0.05 and ∗∗p < 0.01
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Table 2.A.12. Probit estimates for obstructive airway diseases medications, by
education level, in structural model

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence −0.1276∗∗ 0.0178 −0.0720∗∗ 0.0251 −0.0593 0.0433
General Health: Unfit 0.2355∗∗ 0.0359 0.3039∗∗ 0.0459 0.4171∗∗ 0.0651
Psych. Health: Unfit 0.0608 0.0322 0.0527 0.0470 0.0417 0.0696
Overweight 0.0548 0.0503 −0.0578 0.0798 0.0859 0.1136
Height −0.0040 0.0022 −0.0008 0.0029 −0.0127∗∗ 0.0045
Birth Order 0.0124 0.0099 −0.0069 0.0163 0.0070 0.0257
Family Size 0.0030 0.0108 0.0148 0.0153 −0.0364 0.0238
Professional 0.1147+ 0.0498 0.0232 0.0537 −0.0327 0.0606
Farm Owner −0.0063 0.0736 −0.1312 0.1458 0.1214 0.2200
Skilled 0.0062 0.0358 0.0683 0.0475 −0.2192+ 0.1087
Unskilled 0.0898+ 0.0423 0.1105 0.0647 −0.2605 0.1735
Unknown 0.1450+ 0.0584 0.0870 0.0873 −0.0191 0.1468
City 0.0933 0.0697 0.0301 0.1093 0.1042 0.1653
Urbanised Rural 0.0162 0.0782 −0.0631 0.1334 0.2714 0.1903
Other −0.0410 0.0791 0.1673 0.1305 0.0515 0.2207
North 0.0262 0.0850 −0.0090 0.1234 −0.2286 0.2420
South −0.0039 0.0670 −0.1809 0.1082 0.1687 0.1457
East 0.1005 0.0728 −0.1788 0.1270 0.0001 0.1837
Catholic −0.0677+ 0.0343 −0.0353 0.0474 −0.0114 0.0712
Other or No religion −0.0641 0.0349 −0.0220 0.0459 0.0386 0.0675
Birth Year: 1944 −0.0473 0.0457 0.0278 0.0618 0.0074 0.0915
Birth Year: 1946 −0.0436 0.0391 −0.0616 0.0538 −0.0753 0.0787
Birth Year: 1947 −0.1603∗∗ 0.0571 −0.0970 0.0799 −0.0739 0.1181
Spring 0.0526 0.0383 0.0306 0.0535 −0.0591 0.0800
Summer 0.0086 0.0404 0.0320 0.0567 −0.0289 0.0831
Autumn −0.0896+ 0.0408 −0.0249 0.0549 −0.1192 0.0799
Famine Exposure −0.0335 0.0446 −0.0601 0.0605 0.0660 0.0899
Constant −1.4401∗∗ 0.0935 −1.5812∗∗ 0.1346 −1.5359∗∗ 0.2087
+p < 0.05 and ∗∗p < 0.01
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Table 2.A.13. Probit estimates for hypertension medications, by education level, in
structural model

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence −0.0317+ 0.0130 −0.0277 0.0174 −0.0071 0.0302
General Health: Unfit −0.0039 0.0287 0.0305 0.0348 0.0299 0.0514
Psych. Health: Unfit 0.0061 0.0246 0.0210 0.0333 0.0567 0.0500
Overweight 0.2703∗∗ 0.0377 0.4471∗∗ 0.0513 0.4515∗∗ 0.0784
Height −0.0084∗∗ 0.0016 −0.0084∗∗ 0.0020 −0.0083∗∗ 0.0031
Birth Order −0.0041 0.0075 −0.0111 0.0112 0.0089 0.0173
Family Size −0.0168+ 0.0080 −0.0287∗∗ 0.0107 −0.0605∗∗ 0.0163
Professional −0.0354 0.0378 0.0034 0.0367 0.0228 0.0425
Farm Owner −0.2061∗∗ 0.0545 −0.1853 0.0989 −0.0166 0.1606
Skilled −0.0123 0.0260 0.0369 0.0327 0.1736∗∗ 0.0666
Unskilled −0.0285 0.0314 0.0291 0.0457 −0.0491 0.1075
Unknown 0.0498 0.0446 0.1601∗∗ 0.0601 0.0683 0.1017
City 0.0750 0.0512 0.0309 0.0732 0.0947 0.1091
Urbanised Rural 0.0610 0.0577 0.0016 0.0867 0.1632 0.1301
Other 0.0848 0.0576 −0.0571 0.0902 0.0140 0.1454
North −0.0269 0.0620 0.1066 0.0866 0.1112 0.1412
South 0.0444 0.0484 0.0781 0.0701 0.0155 0.1042
East 0.0048 0.0543 0.0229 0.0835 −0.0340 0.1244
Catholic −0.0381 0.0255 0.0229 0.0325 0.0841 0.0482
Other or No religion −0.0294 0.0258 −0.0072 0.0316 −0.0508 0.0475
Birth Year: 1944 −0.0068 0.0332 0.0497 0.0425 −0.0598 0.0629
Birth Year: 1946 −0.1528∗∗ 0.0290 −0.1612∗∗ 0.0367 −0.1270+ 0.0550
Birth Year: 1947 −0.1588∗∗ 0.0413 −0.1092+ 0.0549 −0.2224∗∗ 0.0817
Spring 0.0226 0.0286 0.0112 0.0367 0.0319 0.0554
Summer −0.0397 0.0301 0.0091 0.0390 −0.0144 0.0587
Autumn −0.0713+ 0.0296 −0.0798+ 0.0376 0.0409 0.0543
Famine Exposure −0.0205 0.0329 0.0474 0.0420 −0.0098 0.0619
Constant −0.3469∗∗ 0.0682 −0.4591∗∗ 0.0913 −0.5763∗∗ 0.1400
+p < 0.05 and ∗∗p < 0.01
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Table 2.A.14. Probit estimates for hyperlipidemia medications, by education level,
in structural model

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence −0.0492∗∗ 0.0134 −0.0407+ 0.0181 −0.0480 0.0321
General Health: Unfit 0.0034 0.0294 0.0262 0.0362 −0.0401 0.0554
Psych. Health: Unfit −0.0242 0.0252 −0.0552 0.0350 −0.0459 0.0541
Overweight 0.1189∗∗ 0.0389 0.2940∗∗ 0.0529 0.2194∗∗ 0.0843
Height −0.0129∗∗ 0.0017 −0.0190∗∗ 0.0021 −0.0184∗∗ 0.0033
Birth Order 0.0050 0.0076 −0.0002 0.0116 0.0337 0.0181
Family Size 0.0045 0.0082 −0.0108 0.0111 −0.0162 0.0173
Professional −0.0352 0.0391 −0.0160 0.0380 −0.0091 0.0452
Farm Owner −0.2069∗∗ 0.0568 −0.2992∗∗ 0.1069 −0.0339 0.1718
Skilled 0.0452 0.0267 −0.0267 0.0340 0.0530 0.0717
Unskilled 0.0678+ 0.0320 −0.0085 0.0475 −0.0351 0.1134
Unknown 0.0907+ 0.0457 0.0845 0.0625 0.1315 0.1060
City −0.0071 0.0519 0.0156 0.0768 0.2034 0.1176
Urbanised Rural 0.0027 0.0584 0.0608 0.0901 0.2086 0.1384
Other −0.0527 0.0589 0.0419 0.0943 −0.0501 0.1581
North 0.0873 0.0630 −0.0600 0.0928 0.0153 0.1584
South 0.0559 0.0493 0.0481 0.0730 0.1197 0.1102
East −0.0335 0.0561 0.0023 0.0874 0.2408 0.1282
Catholic −0.0048 0.0262 0.0284 0.0339 −0.0080 0.0510
Other or No religion 0.0236 0.0265 0.0667+ 0.0328 −0.1070+ 0.0509
Birth Year: 1944 0.0187 0.0340 0.0268 0.0441 −0.0078 0.0664
Birth Year: 1946 −0.0768∗∗ 0.0297 −0.0814+ 0.0381 −0.1008 0.0578
Birth Year: 1947 −0.1110∗∗ 0.0425 −0.0960 0.0574 −0.2906∗∗ 0.0884
Spring 0.0193 0.0294 0.0265 0.0383 −0.0664 0.0590
Summer 0.0162 0.0307 0.0120 0.0407 −0.0128 0.0617
Autumn −0.0599+ 0.0304 −0.0186 0.0389 −0.0944 0.0580
Famine Exposure 0.0175 0.0337 0.0516 0.0437 −0.0002 0.0657
Constant −0.6105∗∗ 0.0697 −0.6991∗∗ 0.0954 −0.9000∗∗ 0.1502
+p < 0.05 and ∗∗p < 0.01
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Table 2.A.15. Probit estimates for diabetes (type 1 and 2) medications, by
education level, in structural model

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence −0.0728∗∗ 0.0171 −0.0383 0.0232 −0.0347 0.0461
General Health: Unfit −0.0206 0.0374 0.0957+ 0.0451 0.0727 0.0755
Psych. Health: Unfit 0.0313 0.0316 0.0171 0.0443 0.1248 0.0730
Overweight 0.4187∗∗ 0.0437 0.5138∗∗ 0.0595 0.4825∗∗ 0.1017
Height −0.0061∗∗ 0.0021 −0.0127∗∗ 0.0027 −0.0071 0.0047
Birth Order −0.0298∗∗ 0.0100 −0.0167 0.0152 −0.0066 0.0274
Family Size 0.0083 0.0103 −0.0110 0.0143 −0.0400 0.0251
Professional 0.0127 0.0486 0.0017 0.0494 0.0340 0.0656
Farm Owner −0.1326 0.0755 −0.1666 0.1476 0.1812 0.2492
Skilled −0.0105 0.0339 0.0391 0.0435 0.1145 0.1012
Unskilled 0.0284 0.0404 0.0724 0.0598 0.1743 0.1496
Unknown 0.0064 0.0581 0.0346 0.0816 0.2667 0.1397
City −0.0615 0.0652 −0.1240 0.0965 −0.0075 0.1667
Urbanised Rural −0.1465 0.0757 −0.0744 0.1133 −0.4859+ 0.2452
Other −0.2154∗∗ 0.0770 −0.3547∗∗ 0.1283 −0.1194 0.2233
North 0.1010 0.0801 0.1392 0.1181 0.1337 0.2181
South −0.0895 0.0662 −0.0152 0.0974 −0.0640 0.1732
East −0.0414 0.0728 0.0919 0.1121 0.1020 0.1948
Catholic −0.0207 0.0335 0.0336 0.0441 −0.0133 0.0742
Other or No religion 0.0343 0.0332 0.0870+ 0.0418 −0.0305 0.0711
Birth Year: 1944 −0.0269 0.0429 0.0112 0.0573 −0.0719 0.0969
Birth Year: 1946 −0.1697∗∗ 0.0381 −0.0772 0.0492 −0.0969 0.0841
Birth Year: 1947 −0.2204∗∗ 0.0551 −0.0963 0.0750 −0.3045+ 0.1333
Spring −0.0100 0.0371 −0.0178 0.0495 0.0235 0.0844
Summer −0.0217 0.0389 0.0415 0.0518 0.0073 0.0893
Autumn −0.0265 0.0383 −0.0367 0.0506 −0.0440 0.0842
Famine Exposure −0.0599 0.0428 0.0777 0.0568 −0.0170 0.0956
Constant −1.0832∗∗ 0.0871 −1.2808∗∗ 0.1213 −1.4567∗∗ 0.2135
+p < 0.05 and ∗∗p < 0.01
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Table 2.A.16. Probit estimates for depression and anxiety medications, by
education level, in structural model

Primary Educ. Low Educ. High Educ.
Coeff. Std. err. Coeff. Std. err. Coeff. Std. err.

Intelligence −0.0730∗∗ 0.0162 −0.1007∗∗ 0.0217 −0.1216∗∗ 0.0372
General Health: Unfit 0.0905∗∗ 0.0345 0.1201∗∗ 0.0418 0.1108 0.0613
Psych. Health: Unfit 0.1343∗∗ 0.0294 0.1553∗∗ 0.0397 0.0990 0.0601
Overweight −0.0991+ 0.0496 -0.0277 0.0673 0.0388 0.1015
Height −0.0040+ 0.0020 −0.0070∗∗ 0.0026 0.0014 0.0038
Birth Order 0.0154 0.0091 0.0085 0.0138 0.0495+ 0.0213
Family Size −0.0107 0.0099 0.0087 0.0133 −0.0398 0.0203
Professional −0.0099 0.0472 0.0388 0.0448 0.0375 0.0519
Farm Owner −0.0661 0.0680 −0.1421 0.1249 −0.2469 0.2230
Skilled 0.0439 0.0322 −0.0456 0.0412 −0.0451 0.0862
Unskilled −0.0048 0.0393 −0.0223 0.0574 0.1217 0.1256
Unknown 0.0889 0.0543 −0.0870 0.0789 −0.2773 0.1459
City −0.0063 0.0619 −0.0250 0.0913 −0.1855 0.1286
Urbanised Rural −0.0950 0.0710 −0.1485 0.1126 −0.0733 0.1558
Other −0.0789 0.0712 0.0369 0.1121 −0.1171 0.1768
North −0.0398 0.0788 −0.1274 0.1112 −0.4451+ 0.2117
South 0.0186 0.0593 −0.0684 0.0900 0.0296 0.1269
East −0.0509 0.0682 −0.1525 0.1079 −0.1023 0.1505
Catholic 0.0010 0.0313 −0.0746 0.0411 −0.0341 0.0605
Other or No religion −0.0767+ 0.0323 0.0430 0.0390 0.0581 0.0578
Birth Year: 1944 −0.0114 0.0416 −0.0689 0.0546 −0.0444 0.0803
Birth Year: 1946 0.0131 0.0361 −0.0387 0.0453 −0.0364 0.0671
Birth Year: 1947 −0.0295 0.0512 −0.0364 0.0682 0.0198 0.0982
Spring 0.0667 0.0356 −0.0519 0.0455 −0.0653 0.0678
Summer 0.0458 0.0373 −0.0860 0.0488 −0.1029 0.0719
Autumn -0.0115 0.0370 −0.1320∗∗ 0.0472 −0.1655+ 0.0682
Famine Exposure −0.0182 0.0407 −0.0545 0.0523 −0.0156 0.0769
Constant −1.1727∗∗ 0.0842 −1.1123∗∗ 0.1140 −0.9440∗∗ 0.1680
+p < 0.05 and ∗∗p < 0.01
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Additional figures

Figure 2.A.1. ATEs primary to low education on medications by intelligence from
9-equation and 3-equation measurement system, age 59-62
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Figure 2.A.2. ATEs primary to high education on medications by intelligence from
9-equation and 3-equation measurement system, age 59-62
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2.B Appendix

Computation of the standard errors of the Average Treatment Ef-
fects

We compute the standard errors of the ATE1sm
(

I
)

for each medication m, where

s = 2, 3 and I ∈ [−2; 2]. Define the estimated (28× 28) covariance matrix Vem of the

estimated (28× 1) vector of parameters bem =

(
$em, ηem

)′
of the probit model

(2.3) for prescribed medication m and education level e = 1, 2, 3. We compute the

Cholesky decomposition Cem of the matrix Vem, for each e and m. We generate a

random (28× 1) vector sem of normally distributed components with mean 0 and

variance 1, for each e and m. We compute the (28× 1) vectors gem = Cemsem and

mem = bem + gem, for each e and m. Using the vectors mem instead of the vectors

bem we compute the first ÃTE
(1)
1sm
(

I
)

for I ∈ [−2; 2], and for s = 2, 3 and for each m.

We repeat this procedure 100 times and we obtain an empirical distribution of the

ÃTE
(p)
1sm
(

I
)
, p = 1, . . . , 100, for I ∈ [−2; 2], and for s = 2, 3 and for each m. Finally,

we compute the standard deviations of these ÃTE
(p)
1sm
(

I
)

for I ∈ [−2; 2], which cor-

respond to the standard errors of the ATE1sm
(

I
)
. Based on these standard errors we

construct the confidence intervals of the ATE1sm
(

I
)

for I ∈ [−2; 2]. The procedure

to compute the standard errors of the unconditional ATE1sm is analogous.





Chapter 3

Early-life economic

determinants of type-2 diabetes

3.1 Introduction

It is well-established that adverse conditions in utero and shortly after birth negat-

ively affect individual health later in life (Barker 1995, 1998). Fetuses and newborns

are sensitive to stressful environments and are “programmed” to deal with survival

in similar environments after birth. A mismatch between the early-life environment

and the environment later in life may then negatively impact health outcomes over

the life-cycle.

Early-life conditions can be measured by indicators of the parental living cir-

cumstances at birth. However, any association between such indicators and health

in adulthood might not imply a causal effect as unobserved factors may affect both.

For example, parental genetic predisposition to some diseases may decrease the

parental socioeconomic status at birth and worsen the health outcomes in adult-

hood. To overcome this endogeneity issue, a growing literature exploits natural ex-

periments, using exogenous variation in contextual (macro) circumstances at birth

that are randomly assigned to individuals as proxies for economic conditions early

in life. Landmark examples of this approach exploit exposure to famines or re-

cessions (see the overview by Almond and Currie (2011)). In the famine-based

literature, the late-life outcome that seems most responsive to early-life malnutri-

This chapter was written with R. Alessie, V. Angelini, J. Mierau and G. van den Berg.
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tion is type-2 diabetes. The comprehensive overview by Lumey et al. (2011) shows

that this adverse effect of early-life malnutrition has been found across a range of

different famines. These findings are confirmed in animal experiments (Fernandez-

Twinn and Ozanne, 2006, Portha et al., 2011) as well as in other natural experiments

such as hurricanes (Sotomayor, 2013) (see also Calkins and Devaskar, 2011, for an-

other review).

Famines are catastrophic events, typically dating back a long time and having

occurred in non-advanced economies. In this paper we expand on the existing evid-

ence by exploiting milder fluctuations in early-life conditions in more recent eras

and in more advanced economies, making the results that we obtain more interest-

ing from a policy perspective. The reason is that such milder fluctuations shape on

a daily basis any modern Western society. The prevalence of type-2 diabetes has

been increasing over time and knowledge on determinants of type-2 diabetes is of

high interest for the policy maker, as the economic burden of this disease is high

and is expected to further increase in the next decades worldwide. For instance, in

the Netherlands the total economic burden of type-2 diabetes was 6.8 billion euro

in 2016 (Peters et al., 2017).

We exploit spatial and temporal variation in unemployment rates at birth as

contextual variation in early-life economic conditions. Effectively, we compare

type-2 diabetes outcomes of those born in recessions to those born in adjacent

boom years, in the Netherlands in post-1950 birth cohorts. The paper makes a

number of innovative methodological contributions. The first of these concerns the

observability and measurement of type-2 diabetes. Type-2 diabetes is known to

be severely underdiagnosed in the population. Many patients may be unaware of

having this condition, leading to underreporting in survey data. Those with lower

socioeconomic status may consult doctors less systematically, and the disease may

be asymptomatic in younger and prime-aged individuals. For example, Whicher

et al. (2020) report that in the UK in 2019 six out of ten individuals did not have

any symptoms at the time of the diagnosis and that nearly 1 million people had

undiagnosed type-2 diabetes. We solve this by identifying type-2 diabetes through

biomarkers. In accordance with the diagnosis criteria of the American Diabetes As-

sociation (2020), we consider the individuals to be affected by type-2 diabetes if the

hemoglobin A1c (HbA1c) concentration in the blood is equal to or higher than 6.5%
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or if the fasting glucose level is equal to or higher than 7 mmol/L. We check the ro-

bustness of the results with respect to deviations in the threshold levels. We also

examine to which extent the outcome is related to self-reported type-2 diabetes,

in the same sample of individuals. More importantly, we compare the empirical

findings to those if we only rely on self-reported diabetes.

The recent literature has found some evidence of selective fertility depending

on the unemployment rate at birth (see van den Berg et al., 2020, for an overview).

For example, Dehejia and Lleras-Muney (2004) find that the socioeconomic status

affects how fertility changes when the unemployment rate is high. To account for

selective fertility across families we adopt a sibling study design, effectively com-

paring outcomes of siblings born at different stages of the business cycle. This

approach follows other studies, such as van den Berg et al. (2020) and De Cao et

al. (2019) for outcomes in infancy. Note that the sibling design also controls for

potential associations between parental genetic predisposition to type-2 diabetes

and fertility. It has been estimated that the heritability of type-2 diabetes is of at

least 20% (Ali, 2013). Finally, the sibling design also accounts for common family

characteristics, such as the family background and parental education.

We use the Lifelines data which is a cohort study of over 160,000 individuals,

consisting of longitudinal surveys and a biobank based on a multigenerational

sampling design. Most individuals reside in the Northern part of the Nether-

lands. The data include over 51,000 siblings born between 1950 and 1995. Sibling-

sibling relationships are self-reported or identified through questionnaire inform-

ation such as coded surname, number of siblings and year of birth of the siblings.

These relationships were all checked and, if necessary, corrected by using linked ad-

ministrative register data. Interestingly, a sub-sample of the Lifelines data, called

Lifelines-UGLI, contains genetic records that enable us to identify sibling-sibling

relationships in a completely different way, namely by using genetic similarity. Ex-

ploiting both types of sibling identifier opens up exciting possibilities for the study

of health determinants. As it happens, the sub-sample of biological siblings identi-

fied uniquely through genetic records is currently too small for quantitative infer-

ence, beyond a simple categorization of differences in terms of covariates. The lack

of sample size also prevents separate analysis with non-biological sibling-sibling

relationships due to adoption.
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The outline of the paper is as follows. In Section 3.2 we discuss the data. In

Section 3.3 we discuss the sibling fixed-effects econometric model that we estimate;

in Section 3.4 we present and discuss the main results as well as several sensitivity

analysis; in Section 3.5 we discuss some policy suggestions and conclude the paper.

3.2 Data

3.2.1 The Lifelines data

Lifelines is a multi-disciplinary prospective population-based cohort study examin-

ing health and health-related behaviors in a unique three-generation design. Re-

cruitment took place in the three provinces in the Northern Netherlands (Gronin-

gen, Friesland and Drenthe). The sample consists of more than 167,000 participants.

The Lifelines study collects biomedical, socioeconomic, demographic, physiolo-

gical and psychological information. The participants, usually recruited by the gen-

eral practitioner, were often asked to invite their family members. Consequently

the number of siblings in the cohort study is relatively high. Initially, siblings could

only be identified if at least one of their parents also participated in Lifelines. Re-

cently, however, through the so-called Pedigree file, all siblings could be identified.

This file links individuals to a unique identifier for both the mother and the father,

regardless the presence of the mother and the father in the database. It was con-

structed mainly based on parent-child and sibling-sibling relationships declared by

Lifelines participants. However, other sources were used to complete the file, as

siblings who participated in the study without their parents may have not declared

their blood-relationship. Additional information used to identify further sibling-

sibling relationships were found in the Lifelines questionnaire, including questions

on number of siblings, year of birth of the siblings and coded surnames. All the

sibling-sibling relationships were checked and corrected through administrative

data.

Having a unique identifier for both the mother and the father enables us to

define as siblings those who have the same mother and father. This is an advant-

age compared to data that only allow them to be defined by a common mother.

Lifelines-UGLI, a sub-sample of the original Lifelines data for which genetic re-

cords are also available, was used to identify genetically defined sibling-sibling
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Table 3.1. Descriptive statistics

Variable Obs. Mean Std. Dev. Min Max
Full sample
T2D in females (%) 25,895 1.27 11.18 0 100
T2D in males (%) 17,236 1.76 13.16 0 100
Unemployment rate (%) 43,131 5.22 3.17 0.5 13.8
Age 43,131 41.2 10.5 18 63
First-born 43,131 0.4 0.5 0 1
Low education 42,394 0.61 0.49 0 1
Genetically-confirmed biological siblings
T2D in females (%) 9,795 1.03 10.10 0 100
T2D in males (%) 6,580 1.49 12.11 0 100
Unemployment rate (%) 16,375 5.77 3.38 0.5 13.8
Age 16,375 39.26 11.26 18 63
First-born 16,375 0.41 0.49 0 1
Low education 16,117 0.57 0.49 0 1
Biological siblings identified only via genetic records
T2D in females (%) 35 5.71 23.55 0 100
T2D in males (%) 33 6.06 24.23 0 100
Unemployment rate (%) 68 5.36 3.12 1 13.8
Age 68 44.22 11.18 20 61
First-born 68 0.35 0.48 0 1
Low education 67 0.71 0.46 0 1
Non-biological siblings identified via genetic records
T2D in females (%) 12 0 0 0 0
T2D in males (%) 0 0 0 0 0
Unemployment rate (%) 12 7.00 4.08 2.5 13.2
Age 12 32.5 8.34 19 44
First-born 12 0 0 0 0
Low education 12 0.50 0.52 0 1

T2D is a dummy variable equal to 1 if the HbA1c concentration in the blood is equal to or higher
than 6.5% or if the fasting glucose level is equal to or higher than 7 mmol/L, and equal to 0 other-
wise. Low education is not controlled for in the analysis and it is not observed for all the individuals
in our sample but it is included for completeness. Genetically-confirmed biological siblings include
those siblings who were biologically related to their mother and father in the data. Biological sib-
lings identified only via genetic records is the subsample of the genetically-confirmed biological
siblings whose biological relationship to their father and mother was not reported nor identified
through questionnaire information. Non-biological siblings identified via genetic records include
those siblings who were adopted by the parents and so were excluded by the main analysis.

relationships as well as non-biological (due to adoption) sibling-sibling relation-
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ships.1 The genetic records allow us to confirm sibling relationships for all 19,005

siblings for which genetic data is available. They uncovered 110 additional siblings

and 13 were identified as non-biological adopted siblings, which were dropped.

The total number of siblings aged 18 or above is 51,270.

We use data provided by Van Duijn (1975) for the provincial unemployment

rates between 1950-1972, which was obtained by the author from CBS (Statistics

Netherlands), while unemployment data from 1973 onward is obtained directly

from CBS.

Some siblings could not be used as they could not be linked to provincial unem-

ployment data. These include those who were born abroad (376) or in homonym-

ous Dutch cities that belong to different provinces (387). Moreover, because pro-

vincial unemployment data is not available from before 1950 we drop individuals

born earlier than that (3,484). Flevoland, which became an independent province

in 1986, only has unemployment data since 1973, leading to the exclusion of 199 in-

dividuals. We further exclude from the data 1,107 individuals for whom neither the

HbA1c concentration in the blood nor the fasting glucose level in the blood used

for the diagnosis of type-2 diabetes was collected. Finally, we exclude those indi-

viduals who declare to have type-1 diabetes (88), other forms of diabetes (109) or

who do not know which type of diabetes they have (47). Obviously, excluding indi-

viduals implies that for some families only one sibling is still present in the data, so

we finally exclude these siblings as fixed-effects cannot be computed in such cases

(2,342).

The final number of siblings used for our study is 43,131. Of these individuals

25,895 are females and 17,236 are males. After the exclusions the number of siblings

for which the genetic records are available is 16,375, of whom 68 are the biological

siblings linked to their parents only through the genetic data and 12 are the adopted

siblings excluded from the data. We report the distribution of the 43,131 siblings

by province of birth in Table 3.A.1 in Appendix 3.A. As expected, the vast major-

ity of siblings were born in the three provinces in the Northern Netherlands were

Lifelines recruitment took place (Groningen, Friesland and Drenthe).

According to the standard diagnosis criteria defined by the American Diabetes

1 See Lopera Maya et al. (2020) for a description of the genotyping data. Unfortunately, genetic records
for all Lifelines participants will only become available in 2022.
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Association (2020), we define the binary dependent variable T2D to be equal to 1 if

the HbA1c concentration in the blood is equal to or higher than 6.5% or if the fast-

ing glucose level in the blood is equal to or higher than 7 mmol/L, and equal to 0

otherwise. Both the HbA1c concentration and the fasting glucose level in the blood

are commonly used for the diagnosis of type-2 diabetes. The HbA1c concentra-

tion in the blood is a measure of chronic glucose exposure as it reflects the average

glucose concentration in the previous 3 months and is relatively stable over time.

Consequently, measuring the HbA1c concentration in the blood does not require

the individuals to fast before the test, while the actual glucose level in the blood

varies with food digestion and so requires the individual to fast for 8 hours before-

hand. In our sample, the correlation between HbA1c and the fasting glucose level

is 0.60, while the correlation between the binary versions based on their diabetes

threshold values is 0.71.

Descriptive statistics are reported in Table 3.1. The prevalence of type-2 diabetes

in our sample is lower than in the Dutch population, where for 2013, this is estim-

ated to be 5.13% (Kleefstra et al., 2016). This is explained by the age distribution in

our sample which does not include individuals over 63.

The binary variable First-born is defined to equal 1 for the first-born sibling and

to equal 0 otherwise as well as for twins.2 Age is measured in years at baseline. The

provincial unemployment rate is measured in percentages.

Table 3.1 also reports descriptive statistics of all the siblings who have been

checked through genetic records, of those who were found to have a non-biological

sibling relationship (i.e., adopted siblings) and of those for whom the sibling-sibling

relationship was found solely through the genetic records. Interestingly, biological

siblings identified only via genetic records are older, have lower socio-economic

status (i.e., lower education level) and much higher T2D prevalence than the rest of

the full sample (where the latter may be due to the former). Although this group

is quantitatively negligible in our setting, there is a wider relevance in the fact that

certain types of siblings are overrepresented in it. Sibling study designs using data

with self-reported sibling status may be selective and hence findings in them may

not carry over to the wider population of siblings.

2 Twins are only included if they have further siblings, otherwise they are excluded due to lack of
between-sibling variation in early-life conditions.
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3.2.2 Selective fertility by socioeconomic status

Figure 3.1. Selective fertility by socioeconomic status over unemployment

1.a Selection by education of the parents
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1.b Selection by education of the mother
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Any relationship between early-life socioeconomic conditions and health out-

comes later in life may be driven by selective fertility whereby certain groups are

more likely or less likely to have children during economic downturns. We use

the education level of the parents in a first attempt to investigate selective fertility

over different unemployment levels. The education level of the parents is not re-

ported by the siblings, so we have this data only for the parents who participated

in the study. Specifically, we have information on the completed education level of

the mothers of 13,685 siblings and the fathers of 9,949 siblings. For 8,102 siblings

we have information on the completed education level of both the mother and the

father. We define as high education a level of senior general secondary education3

or higher and as low education all the other levels.

It turns out that 2,595 siblings have mothers with high education, 11,090 siblings

have mothers with low education, 2,757 siblings have fathers with high education,

and 7,192 siblings have fathers with low education. Finally, among 1,068 siblings

both parents have high education, among 5,134 siblings both have low education,

and among 1,900 siblings one parent has a high education and one a low education.

Figure 3.1 depicts the kernel estimates of the probability density functions of

unemployment rates at birth, by education level of the parents (with bandwidths

3 Senior general secondary education includes pre-univerity education such as HAVO, VWO,
Atheneum, Gymnasium, HBS and MMS.
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of 0.8 percentage points throughout). Specifically, in Figure 3.1a we report the birth

distribution for both parents with low education, both parents with high education

and one parent with high education and one parent with low education. It can be

seen that as the socioeconomic status (proxied by the education level) decreases

individuals tend to become parents during favourable unemployment phases. We

produce the same graph based on education of the mother only (Figure 3.1b) and

we observe a very similar pattern. Although we only observe individuals who be-

come parents and so we are unable to compute the fertility rates by socioeconomic

status, these graphs suggest that unemployment rates are not randomly assigned to

newborns in the sense that they are somewhat related to the parental socioeconomic

status. This in turn suggests that there may also be systematic fertility differences

in unobserved parental characteristics, strengthening the case for a sibling fixed-

effects approach when estimating long-run effects of conditions around birth.4

3.2.3 Unemployment

We may distinguish between two phases in the economic development of the Neth-

erlands in the era after World War II. In the so-called Golden Age (1950-1973) the

Dutch economy experienced high growth, led by the liberalization of trade with

Western European countries and the growth of the petro-chemical and agricultural

sector (van Zanden, 2005). After 1973 economic growth slowed down, leading to

an economic crisis in the early 1980s due to the collapse of the Bretton Woods sys-

tem (1971), the two oil crisis (1973 and 1979) and the expansion of the public sector

(Smits et al., 1999, van Zanden, 2005). The manufacturing sector declined and un-

employment increased substantially. In many respects, these developments were

mirrored in other West-European countries.

The two phases are clearly visible in Figure 3.2, with the unemployment rates

decreasing until the early 1970s and then increasing during the various economic

crises leading up to the early 1980s. The three provinces in the Northern Neth-

erlands experienced higher unemployment rates than most other provinces in the

Netherlands. To gauge the relevance of the years depicted on the horizontal axis
4 As we shall see below, unemployment rates were highest in the most recent birth years. To the extent

that parental education increases in the year of birth, some of the effects visualized in this subsection
may be attributed to this. However, the relation between the unemployment rate and birth year is
actually U-shaped. Moreover, the correlations between paternal and maternal education on the one
hand and birth year on the other hand are only 0.15 and 0.25, respectively.
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Figure 3.2. Provincial unemployment rate series

1.a North and East Netherlands 1.b West and South Netherlands

of Figure 3.2 it should be considered that over 91% of the individuals in our data

with type-2 diabetes were born before 1973. This reflects the fact that prevalence

increases with current age.

In the absence of reliable data on regional GDP, we use the provincial unem-

ployment rate as a proxy for transitory contextual economic conditions. In the birth

years in the data, some sort of unemployment benefits and welfare was typically

available for unemployed workers. However, unemployment did lead to income

loss and uncertainty about future work opportunities. Also, in recessions, famil-

ies that did not encounter unemployment were nevertheless affected by the risk of

future unemployment. In all this it is worth noting that female labor force particip-

ation in the period 1950-1973 was low by international standards and most house-

hold had at most one breadwinner. It should be pointed out that the Lifelines data

do not provide detailed information on individual labor market outcomes over the

years 1950-1995.

3.3 Empirical implementation

We define the model

T2Di = β1gi · up(i) + β2(1− gi) · up(i) + x′iγ + αj(i) + εi (3.1)
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where the indices i, j, p denote individual, family and province, respectively. T2Di

is a binary variable equal to 1 if the individual is affected by type-2 diabetes in

the year that this was measured, and equal to 0 otherwise. To avoid misunder-

standings, note that we only observe T2D once per individual. In the notation we

suppress that T2Di and covariates xi are measured at the Lifelines baseline collec-

tion date of individual i. It is important to point out that the baseline collection date

is not identical across individuals, so T2Di may be measured at different points in

time for different individuals i. The binary gender indicator gi = 1 if the individual

is female. Next, up(i) is the unemployment rate in the birth province and birth year.

The coefficients β1 and β2 are the parameters of interest. The residual term in (3.1)

is the sum of a component αj(i) shared among siblings and an idiosyncratic com-

ponent εi. To account for selective fertility and other family-shared determinants of

diabetes, we control for dependence between αj(i) on the one hand and up(i), gi and

xi on the other hand, by estimating sibling fixed-effects regressions.

The vector xi contains covariates that may differ between siblings, such as gender,

being first-born, current age at baseline, the birth province (via “fixed-effects” ιp)

and the birth year (via “fixed-effects” δt for birth years t). The latter warrants some

discussion. In a cross-sectional sample collected in a given year, current age and

birth year (as parameterized by δt) are fully collinear. In our sampling design,

their effects are separately identified because siblings may have had their Lifelines

baseline date at different points in time, somewhere in a window of 8 years cover-

ing 2006-2013. Clearly, this is a fragile way of identifying these effects. Moreover,

if we do not impose any functional form on the δt sequence then the estimated se-

quence will capture the national business cycle effect so that the effects of up(i) are

only identified by variation across provinces within birth years. Clearly, variation

in the national business cycle over time quantitatively dominates cross-sectional

variation across provincial business cycles. We therefore also estimate model spe-

cifications where the δt parameters are absent and where current age is included by

way of a flexible polynomial.5

In addition, we estimate the model 3.1 with sibling random-effects in order

to subsequently test it against the fixed-effects specification, using the so-called

5 Similarly, the ιp parameters are identified because some siblings who belong to the same family were
born in different provinces.
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Mundlak approach (Mundlak, 1978). As unemployment at birth is exogenous from

the individual perspective, rejecting random-effects in favor of fixed-effects implies

that parental selective fertility should be accounted for. In other words, if unem-

ployment at birth is randomly assigned to newborns and so there is no signific-

ant difference in the coefficient estimates between the random- and fixed-effects

specifications, the Mundlak test rejects fixed-effects in favor of the more efficient

random-effects estimator.

3.4 Results

The sibling fixed-effects estimates based on model (3.1) are reported in Table 3.2.

We find a significant effect of the unemployment rate at birth on type-2 diabetes: 1

percentage point higher unemployment at birth increases by 0.3 percentage points

the probability of having type-2 diabetes in both females and males. Thus, there

is a causal effect of adverse economic conditions around birth on the development

of type-2 diabetes later in life. The random-effects estimates are also reported in

Table 3.2. It can be seen that the effect of the unemployment rate at birth is not sig-

nificant. The Mundlak test marginally rejects the sibling random-effects in favor of

the sibling fixed-effects specification. The province fixed-effects estimates, omitted

from Table 3.2, are reported in Table 3.A.2 in Appendix 3.A. It can be seen that the

province fixed-effects play a limited role as they are only identified by those few

siblings who were born in different provinces (3,881).

A potential issue in our data is that the outcome distribution is skewed and so

the linear probability model (3.1) may not be ideal. Therefore we also estimate a

Chamberlain’s correlated random-effects probit model, controlling for the family

mean of the covariates (see Chamberlain, 1980, Wooldridge, 2010). The estimates,

as well as the marginal effects of the unemployment rate, are reported in Table 3.A.3

in Appendix 3.A. Simple probit estimates and marginal effects are also reported

for comparison. It can be seen that the marginal effects of unemployment in the

Chamberlain’s probit model are similar to the fixed-effects estimates in the linear

probability model, although the result for females is not significant.

To ascertain the robustness of our results we perform a series of sensitivity ana-
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lyses.6 These are discussed by topic in the remainder of this section:

Sibling status. The estimates reported in Table 3.2 are virtually identical to those

based on data that are not corrected through the genetic records, namely including

adopted siblings and excluding siblings whose blood-relationship is not reported

or identified through questionnaire information. The same applies if we define

as siblings those who have the mother in common but not necessarily the father

(43,247 in total).

As an alternative to the sibling design one may sample cousin-cousin relation-

ships in order to run cousin fixed-effects. The advantage of using cousins instead of

siblings is that they can be born at the same point in time and in different provinces,

so more variation of unemployment rate at birth can be exploited. Unfortunately,

we can only identify these relationships if the sibling-sibling relationships of the

respective parents are identified in Lifelines, so most of the cousin-cousin relation-

ships remain unidentified. This severely reduces the sample size compared to our

sibling sample. Moreover, the cousins thus identified are on average younger than

the siblings in our data, implying that type-2 diabetes is rarer. Additional chal-

lenges are (i) that cousins can give rise to chains of relationships where two indi-

viduals that are not cousins of each other are each cousins of a third individual,

and (ii) that an individual can have cousins that are siblings of each other. Any

simple econometric approach would therefore require the cousin sample size to be

reduced even further. In conclusion, a cousin study design is infeasible and we do

not pursue this further.

Unemployment, province of birth, and age in the model specification. To check

whether the results are driven by inter-province mobility due to differences in un-

employment rates, we estimate the model omitting all those 3,881 siblings that,

within a family, were born in different provinces. Obviously, we now exclude the

province fixed-effects ιp as they cannot be identified in regression. These estimates

are reported in Table 3.A.4 in Appendix 3.A. We obtain very similar results to the

estimates reported in Table 3.2, although the effect in males is now only marginally

significant. It would be also interesting to estimate the same model for only those

6 When not reported, results of these analyses are available upon request.
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Table 3.2. Sibling FE and RE estimates on T2D

FE RE
Unem. × female 0.0030∗ 0.0009

(0.0016) (0.0009)
Unem. ×male 0.0032∗∗ 0.0008

(0.0016) (0.0009)
Female −0.0044 −0.0058∗∗

(0.0030) (0.0022)
Age 0.0007 0.0009∗∗

(0.0008) (0.0004)
First born 0.0049∗∗∗ 0.0036∗∗∗

(0.0018) (0.0011)
Province FE Yes Yes
Year of birth FE Yes Yes
Mundlak test p-value 0.0620
σ̂2

α 0.0006
σ̂2

ε 0.0136
Obs. 43,131 43,131

T2D is a dummy variable equal to 1 if the HbA1c con-
centration in the blood is equal to or higher than 6.5%
or if the fasting glucose level is equal to or higher
than 7 mmol/L, and equal to 0 otherwise. Stand-
ard errors (in parentheses) are clustered at the family
level. ∗p < 0.1 ∗∗p < 0.05, ∗∗∗p < 0.01. α and ε are
the family-specific component and the idiosyncratic
component of the error term, respectively.

siblings who were born in different provinces, but the sample size is too small to

detect any effect as our model specification is quite demanding.

Next, we turn to the age variable. It is well known that age is a risk factor for

the occurrence of type-2 diabetes. The American Diabetes Association (2020) states

that testing individuals for high diabetes risk should begin at age 45. The estimated

age effect may be conflated with the effects of parity and, in particular, birth-year

fixed-effects, as discussed in the previous section. We proceed in a number of ways.

First, we interact the unemployment effects with age. The estimates are reported

in Table 3.A.5 in Appendix 3.A while the marginal effects at different values of age

are reported in Table 3.3. It can be seen that the effect of unemployment manifests

with age with a significant impact in males after the age of 40. Second, we estimate
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Table 3.3. Marginal effect of unemployment by age and gender on T2D

Age Female Male
20 0.0011 0.0009

(0.0017) (0.0017)
30 0.0016 0.0020

(0.0013) (0.0014)
40 0.0021 0.0031∗∗

(0.0014) (0.0014)
50 0.0026 0.0042∗∗

(0.0018) (0.0019)
60 0.0031 0.0054∗∗

(0.0025) (0.0025)
∗p < 0.1 ∗∗p < 0.05, ∗∗∗p < 0.01.

the gender-specific average effect of unemployment at birth for the population of

siblings over the age of 45. The estimates are reported in Table 3.4. As expected, the

average effect of unemployment at birth is much higher for this sub-population of

siblings. Finally, we estimate the main model excluding the birth-year fixed-effects

δt while including age as well as age squared. We compute the marginal effect of

age and we find that this is significant and increases with age, as expected. If year

fixed-effects are also included, although the point estimates of the marginal effect

of age do not change relevantly the standard errors increase dramatically, again as

expected. The estimates of both these specifications are reported in Table 3.A.6 in

Appendix 3.A.

It should also be pointed out that the results are robust with respect to the birth

cohort interval. In particular, larger intervals lead to virtually identical results.

Operationalization of type-2 diabetes. In Table 3.A.7 in Appendix 3.A we also

report the estimates based on self-reported type-2 diabetes as dependent variable.

It can be seen that the estimates of the parameters of interest are not significant.

This is likely due to underdiagnosis of the disease, suggesting that self-reported

data on type-2 diabetes is not reliable. In principle, measurement error in the de-

pendent variable should not bias the estimates as long as this measurement error

is randomly distributed. To investigate whether this is the case, we divide indi-

viduals who have type-2 diabetes based on the biomarkers in two groups. Indi-
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Table 3.4. Sibling FE and RE estimates on T2D: siblings over age 45

FE RE
Unem. × female 0.0059∗ 0.0018

(0.0033) (0.0023)
Unem. ×male 0.0084∗∗ 0.0037

(0.0034) (0.0024)
Female 0.0023 −0.0014

(0.0074) (0.0057)
Age 0.0009 0.0007

(0.0017) (0.0010)
First born 0.0077∗∗ 0.0073∗∗∗

(0.0039) (0.0027)
Province FE Yes Yes
Year of birth FE Yes Yes
Mundlak test p-value 0.0948
σ̂2

α 0.0018
σ̂2

ε 0.0247
Obs. 15,617 15,617

T2D is a dummy variable equal to 1 if the HbA1c
concentration in the blood is equal to or higher
than 6.5% or if the fasting glucose level is equal to
or higher than 7 mmol/L, and equal to 0 otherwise.
Standard errors (in parentheses) are clustered at
the family level. ∗p < 0.1 ∗∗p < 0.05, ∗∗∗p < 0.01.
α and ε are the family-specific component and the
idiosyncratic component of the error term, respect-
ively.

viduals in the first group report having the disease while individuals in the second

group report not having the disease. In Table 3.A.8 in Appendix 3.A we display

descriptive statistics of the two groups regarding age, gender and education and

we run a t-test on the mean-comparisons between the two samples. A number of

things stand out. First, more than 50% of the individuals who, based on the bio-

markers, have type-2 diabetes do not report the disease. Second, the two groups

differ by gender (although this difference is not significant), education and age,

with younger individuals more likely to have undiagnosed type-2 diabetes. The

latter may be because the disease is asymptomatic at early stages and because, as

already mentioned, recommendations point toward testing after the age of 45. The

difference in the education level might be explained by the age difference between
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the two samples, with younger individuals more likely to have higher education.

Placebo regressions Macroeconomic conditions before conception should not have

any impact on the probability of contracting type-2 diabetes, otherwise our main

results might be spurious rather than true causal effects. Therefore we test the ro-

bustness of our main results by regressing type-2 diabetes on unemployment rate

two years before birth (so at least one year before conception). For this regression

we exclude those who were born before 1952 or in the Flevoland province before

1975 from the data, as we do not have unemployment data for those years. Results

are reported in Table 3.A.9 in Appendix 3.A. Clearly, there is no significant effect of

the unemployment rate on the occurrence of type-2 diabetes in adulthood.

3.5 Conclusion

We find that among males, a one percentage point higher provincial unemploy-

ment rate at birth increases the probability of developing type-2 diabetes in adult-

hood by 0.3 percentage points. This increases up to 0.8 percentage points for the

sub-population of individuals older than 45. The estimated effects among females

are similar in magnitude but only marginally significant. In our explanatory frame-

work, this implies that at least among men, adverse economic conditions in utero

and shortly after birth increase the probability of type-2 diabetes later in life.

The fact that diabetes in modern societies responds to modest changes in eco-

nomic conditions around birth means that the landmark findings on long-run ef-

fects of famines on diabetes can be generalized from extreme historical settings to

common contemporaneous settings. Our study therefore extends the relevance of

the findings in the famine studies, towards modern economies.

We find that analyses that solely rely on the self-reported prevalence of type-2

diabetes produce systematically different results.7 This suggests that self-reported

data is not reliable. Individuals who do not report diabetes but have diabetes ac-

cording to the official diagnostic guidelines may be expected to suffer from long-

term health damage if no medical help is requested and/or if the diabetes goes

undetected for many years.

7 In particular, they give insignificant estimates of the long-run effects, presumably because self-
reported prevalence is much lower than diagnosed.
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Our study shows that not accounting for selective fertility leads to insignificant

and hence erroneous estimates for the effects of economic conditions at birth on

type-2 diabetes. One may argue that in studies like ours, where individuals have a

high degree of control over fertility, the potential for endogenous fertility selection

is larger than in historical studies. The fact that it matters a great deal if selection is

properly dealt with is therefore of importance for the wider literature using relat-

ively recent birth cohorts.

The data enable a comparison between self-reported sibship and sibship status

based on genetic identifiers. The sub-sample of biological but unreported siblings

is currently too small for quantitative inference, but we do observe systematic dif-

ferences in terms of covariates. In the future, the availability of both types of sibling

identifier may open up exciting research opportunities for the study of health de-

terminants.

The results of the paper have some obvious policy implications. First of all,

note that screening of individuals on diabetes is important because, as we have

seen, self-reported diabetes underestimates clinically diagnosed diabetes. When

targeting individuals for screening it would be efficient to take into account if in-

dividuals experienced adverse conditions around birth (e.g. immigrants who were

born in a poor country of origin) as their susceptibility is higher. Similarly, it would

be efficient to focus on such groups when attempting to raise awareness of type-

2 diabetes. All this is particularly relevant for type-2 diabetes as a health hazard

because, if diagnosed early, it may be fully reversed for at least some groups of in-

dividuals, by way of specific weight-loss programs (see Lean et al., 2018 and Taylor,

2019). A more down-to-earth policy recommendation would be to inform and sup-

port pregnant women and parents of newborns living in poor economic conditions.

In this sense, prevention of type-2 diabetes may start before birth.
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3.A Appendix

Table 3.A.1. Distribution of siblings by province of birth

Drenthe 9, 746 Gelderland 469 Noord-Brabant 241 Utrecht 293
Flevoland 84 Groningen 11, 882 Noord-Holland 599 Zeeland 30
Friesland 17, 885 Limburg 66 Overijssel 1, 154 Zuid-Holland 682

Table 3.A.2. Province FE from sibling FE and RE estimates in Table 3.2

FE RE
Flevoland 0.0027 −0.0046∗∗∗

(0.0059) (0.0013)
Friesland −0.0001 −0.0037∗∗

(0.0075) (0.0016)
Gelderland 0.0001 −0.0046

(0.0108) (0.0052)
Groningen 0.0081 0.0002

(0.0060) (0.0015)
Limburg 0.0434 −0.0036

(0.0434) (0.0161)
Noord-Brabant 0.0021 −0.0054

(0.0113) (0.0062)
Noord-Holland 0.0059 −0.0019

(0.0141) (0.0055)
Overijssel 0.0112 0.0032

(0.0119) (0.0039)
Utrecht 0.0351∗ −0.0004

(0.0182) (0.0071)
Zeeland −0.0474 −0.0247∗∗∗

(0.0513) (0.0040)
Zuid-Holland −0.0027 0.0021

(0.0130) (0.0064)

Standard errors (in parentheses) are clustered
at the family level. ∗p < 0.1 ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table 3.A.3. Probit estimates on T2D

Probit Probit (Chamberlain)
Unem. × female 0.0033 0.0652

(0.0222) (0.0401)
Unem. ×male 0.0130 0.0878∗∗

(0.0221) (0.0408)
Female −0.1083 −0.0605

(0.0672) (0.0940)
Age 0.0277∗∗ 0.0205

(0.0113) (0.0221)
First born 0.1045∗∗∗ 0.1150∗∗

(0.0337) (0.0537)
Province FE Yes Yes
Year of birth FE Yes Yes
Obs. 43,131 43,131
Average marginal effect Unem. × female 0.0001 0.0023

(0.0008) (0.0014)
Average marginal effect Unem. ×male 0.0005 0.0031∗∗

(0.0008) (0.0015)

T2D is a dummy variable equal to 1 if the HbA1c concentration in the blood is equal to or
higher than 6.5% or if the fasting glucose level is equal to or higher than 7 mmol/L, and
equal to 0 otherwise. Probit (Chamberlain) also includes the family mean of the covariates
(estimates not reported). Standard errors (in parentheses) are clustered at the family level.
∗p < 0.1 ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 3.A.4. Sibling FE and RE estimates on T2D: siblings born in the same
province

FE RE
Unem. × female 0.0034∗ 0.0011

(0.0019) (0.0008)
Unem. ×male 0.0034∗ 0.0009

(0.0020) (0.0008)
Female −0.0064∗∗ −0.0069∗∗∗

(0.0032) (0.0023)
Age 0.0010 0.0010∗

(0.0009) (0.0004)
First born 0.0057∗∗∗ 0.0038∗∗∗

(0.0018) (0.0012)
Year of birth FE Yes Yes
Mundlak test p-value 0.0561
σ̂2

α 0.0007
σ̂2

ε 0.0135
Obs. 39,250 39,250

T2D is a dummy variable equal to 1 if the HbA1c con-
centration in the blood is equal to or higher than 6.5%
or if the fasting glucose level is equal to or higher than 7
mmol/L, and equal to 0 otherwise. Standard errors (in
parentheses) are clustered at the family level. ∗p < 0.1
∗∗p < 0.05, ∗∗∗p < 0.01. α and ε are the family-specific
component and the idiosyncratic component of the er-
ror term, respectively.
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Table 3.A.5. Sibling FE estimates on T2D: unemployment age interaction

FE RE
Unem. × female 0.0000 −0.0001

(0.0030) (0.0017)
Unem. ×male −0.0013 −0.0017

(0.0031) (0.0018)
Unem. × female × age 0.0001 0.0000

(0.0001) (0.0000)
Unem. ×male × age 0.0001 0.0001

(0.0001) (0.0000)
Female −0.0009 −0.0023

(0.0037) (0.0029)
Age 0.0004 0.0008

(0.0009) (0.0005)
First born 0.0049∗∗∗ 0.0036∗∗∗

(0.0018) (0.0011)
Province FE Yes Yes
Year of birth FE Yes Yes
Mundlak test p-value 0.0494
σ̂2

α 0.0006
σ̂2

ε 0.0136
Obs. 43,131 43,131

T2D is a dummy variable equal to 1 if the HbA1c
concentration in the blood is equal to or higher
than 6.5% or if the fasting glucose level is equal
to or higher than 7 mmol/L, and equal to 0 oth-
erwise. The unemployment variable is the un-
employment rate of the province of birth 2 years
before birth. Standard errors (in parentheses) are
clustered at the family level. ∗p < 0.1 ∗∗p < 0.05,
∗∗∗p < 0.01. α and ε are the family-specific com-
ponent and the idiosyncratic component of the er-
ror term, respectively.
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Table 3.A.6. Sibling FE estimates on T2D: alternative specifications

Unem. × female −0.0003 0.0029∗

(0.0004) (0.0016)
Unem. ×male −0.0001 0.0032∗

(0.0005) (0.0016)
Female −0.0045 −0.0044

(0.0030) (0.0030)
Age −0.0049∗∗∗ −0.0037

(0.0010) (0.0033)
Age2 0.0001∗∗∗ 0.0001

(0.0000) (0.0000)
First born 0.0052∗∗∗ 0.0049∗∗∗

(0.0017) (0.0018)
Province FE Yes Yes
Year of birth FE No Yes
Obs. 43,131 43,131
Marginal effect age at:
age=20 −0.0021∗∗∗ −0.0017

(0.0006) (0.0017)
age=40 0.0006∗∗ 0.0004

(0.0003) (0.0007)
age=60 0.0033∗∗∗ 0.0024

(0.0005) (0.0020)

T2D is a dummy variable equal to 1 if the HbA1c con-
centration in the blood is equal to or higher than 6.5%
or if the fasting glucose level is equal to or higher than 7
mmol/L, and equal to 0 otherwise. Standard errors (in
parentheses) are clustered at the family level. ∗p < 0.1
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 3.A.7. Sibling FE and RE estimates on self-reported T2D

FE RE
Unem. × female 0.0006 0.0007

(0.0014) (0.0007)
Unem. ×male 0.0004 0.0007

(0.0014) (0.0007)
Female −0.0025 −0.0018

(0.0025) (0.0017)
Age 0.0027∗∗∗ 0.0014∗∗∗

(0.0007) (0.0003)
First born 0.0005 0.0012

(0.0015) (0.0009)
Province FE Yes Yes
Year of birth FE Yes Yes
Mundlak test p-value 0.0002
σ̂2

α 0.0003
σ̂2

ε 0.0088
Obs. 43,131 43,131

Self-reported T2D is a dummy variable equal to 1 if
the individual self-reports to have type-2 diabetes,
and equal to 0 otherwise. Standard errors (in par-
entheses) are clustered at the family level. ∗p < 0.1
∗∗p < 0.05, ∗∗∗p < 0.01. α and ε are the family-
specific component and the idiosyncratic compon-
ent of the error term, respectively.

Table 3.A.8. Means-comparison t-test: individuals with unreported and reported
type-2 diabetes

Unreported T2D Reported T2D
Obs. Mean Std. dev. Obs. Mean Std. dev. t-Test (p-value)

Female 338 0.49 0.50 294 0.55 0.50 0.180
Age 338 47.69 9.05 294 51.10 6.64 0.000
Low education 333 0.75 0.43 285 0.82 0.38 0.033

We test the null hypothesis µx = µz against the alternative µx 6= µz. The t-Test is given by t =
x̄−z̄

(s2
x/nx+s2

z /nz)1/2 and is distributed as a t-Student with t = (s2
x /nx+s2

z /nz)2

(s2
x /nx )2
nx−1 +

(s2
z /nz )2
nz−1

degrees of freedom.
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Table 3.A.9. Sibling FE estimates on T2D: placebo regressions

2 years before birth
FE RE

Unem. × female −0.0002 0.0001
(0.0016) (0.0008)

Unem. ×male 0.0002 0.0001
(0.0015) (0.0008)

Female −0.0039 −0.0050∗∗

(0.0029) (0.0021)
Age 0.0006 0.0009∗∗

(0.0008) (0.0004)
First born 0.0040∗∗ 0.0031∗∗∗

(0.0018) (0.0011)
Province FE Yes Yes
Year of birth FE Yes Yes
Mundlak test p-value 0.1041
σ̂2

α 0.0006
σ̂2

ε 0.0128
Obs. 41,756 41,756

T2D is a dummy variable equal to 1 if the HbA1c concentra-
tion in the blood is equal to or higher than 6.5% or if the fasting
glucose level is equal to or higher than 7 mmol/L, and equal
to 0 otherwise. The unemployment variable is the unemploy-
ment rate of the province of birth 2 years before birth. Stand-
ard errors (in parentheses) are clustered at the family level.
∗p < 0.1 ∗∗p < 0.05, ∗∗∗p < 0.01. α and ε are the family-
specific component and the idiosyncratic component of the er-
ror term, respectively.





Chapter 4

Clustered standard errors with

few clusters

4.1 Introduction

In linear regressions with data grouped into clusters it is common practice to es-

timate the variance of the estimated parameters with the Cluster-Robust Variance

Estimator (CRVE from hereon) introduced by Liang and Zeger (1986) as a general-

ization of the White’s (1980) heteroskedastic-robust estimator. The justification is

asymptotic, with number of clusters tending to infinity. Bell and McCaffrey (2002)

show that in a finite context, with few clusters1 and error terms that are correlated

within clusters, CRVE leads to severely downward-biased standard errors and thus

to misleading inference on the estimated parameters. Moulton (1986, 1990) and

Cameron and Miller (2015) point out that this issue is relevant for regressors that

are correlated or constant within clusters, such as policy variables that are only

implemented in certain regions or states. An additional issue for inference on the

estimated parameters is that, under the null hypothesis and with few clusters, the

distribution of the test statistic is unknown and not approximately normal.

Following the idea of Bell and McCaffrey (2002), inference on the estimated

parameters can be improved by (i) reducing the bias of CRVE with either CR2VE,

also known as BRL (bias reduced linearization), or the jackknife estimator CR3VE,

This chapter was written with R. Alessie, V. Angelini, J. Mierau and T. Wansbeek except the parts on
CR3VE-λ which were written with T. Wansbeek only.

1 Less than 20-50, according to Cameron and Miller (2015).
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both based on transformed OLS residuals, and by (ii) approximating the distri-

bution of the test statistic with the t-distribution with an extension of the Satter-

thwaite (1946) degrees of freedom (DOF) that are data-determined and regressor-

specific. Imbens and Kolesar (2016) develop the IK, a more refined version of the

data-determined regressor-specific DOF used by Bell and McCaffrey (2002).

These methods have drawbacks that are particularly relevant for empirical re-

search. First, Bell and McCaffrey (2002) show that CR3VE tends to overestimate

the standard errors. Second, CR2VE, CR3VE and the IK can be computationally

demanding as they are based on the computation of the inverse (CR3VE) or the in-

verse square root (CR2VE and the IK) of square matrices of order equal to the size

of the clusters.

In view of these issues, this chapter presents some results that are meant for

empirical researchers who wish to estimate a linear model on cross-sectional data

clustered in few clusters. First, we introduce CR3VE-λ, a cluster-robust variance

estimator that is identical to CR3VE in case of balanced clusters but, with unbal-

anced clusters, takes the difference in cluster sizes into account so that the com-

puted standard errors are less conservative and unbiased under more general con-

ditions. Second, we show how to compute CR2VE, CR3VE, CR3VE-λ and the IK

efficiently, regardless of the size of the clusters, by inverting matrices of order equal

to the number of regressors only.

Through Monte Carlo simulations we compare the performance of CRVE, CR2VE,

CR3VE and CR3VE-λ and we show that, with few highly unbalanced clusters,

CR3VE-λ might be the best choice from an inferential point of view. Moreover, we

show that our efficient formulas produce high gains in terms of computational time:

for example, more than three hours can be saved for the computation of CR2VE and

CR3VE on a standard machine using a dataset with 10 clusters and 5,000 observa-

tions per cluster.

This chapter is organized as follows. In Section 4.2 we discuss basic theory on

CRVE, CR2VE and CR3VE. In Section 4.3 we introduce CR3VE-λ. In Section 4.4

and 4.5 we introduce the efficient computation of CR2VE, CR3VE and CR3VE-λ,

and the IK, respectively. In Section 4.6 we illustrate and test the performance of

CRVE, CR2VE, CR3VE and CR3VE-λ to compute standard errors with few clusters

by Monte Carlo simulations based on simulated data. In Section 4.7 we use real data
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and illustrate an empirical exercise to compare the performance of CRVE, CR2VE,

CR3VE and CR3VE-λ with few highly unbalanced clusters. In Section 4.8 we ex-

plore the computational time that is saved by using our efficient formulas for the

computation of CR2VE and CR3VE. Section 4.9 concludes the chapter.

This chapter comes with a Stata do-file that can be used with any cross-sectional

dataset for the computation of the standard errors based on the discussed methods

and with the Stata do-files to replicate the experiments and the simulated datasets.2

4.2 Basic theory: CRVE, CR2VE and CR3VE

Consider the regression model y = Xβ + ε with observations that can be grouped

into c clusters of size n1, . . . , nc, where ∑i ni = n. We write, for the i-th cluster,

yi = Xiβ + εi, with E(εi) = 0 and var(εi) = Vi. The Vi’s are collected in the block-

diagonal matrix V. After estimating the regression model with OLS we define

var(β̂) = (X′X)−1X′VX(X′X)−1 = (X′X)−1

(
∑

i
X′iViXi

)
(X′X)−1. (4.1)

The cluster-robust variance estimator (CRVE) based on OLS residuals per cluster ε̂i

is

v̂ar(β̂) = (X′X)−1

(
∑

i
X′i ε̂i ε̂

′
iXi

)
(X′X)−1. (4.2)

This estimator, which is introduced by Liang and Zeger (1986) and generalizes the

heteroskedastic-robust estimator defined by White (1980), is consistent when the

number of clusters goes to infinity. In case of few clusters, asymptotics will be a

poor guide. Therefore we consider its bias instead.

Let M = In − X(X′X)−1X′, let Si be the n× ni matrix that selects the columns of

M corresponding to cluster i, let Li ≡MSi and let

Hi ≡ S′iMSi = Ini − Xi(X′X)−1X′i.

There holds Hi = L′iLi since M is idempotent and symmetric. With ε̂ = Mε and

2 The Stata do-files are available upon request.
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ε̂i = L′iε, we have E(ε̂i ε̂
′
i) = L′iVLi 6= Vi, so

E[v̂ar(β̂)] = (X′X)−1

(
∑

i
X′iL
′
iVLiXi

)
(X′X)−1 6= var(β̂).

To reduce the bias, consider a variance estimator based on transformed residuals

ε̃i ≡ Ai ε̂i, for some Ai to be chosen. Then

E[v̂ar(β̂)] = (X′X)−1

(
∑

i
X′iAiL′iVLiA′iXi

)
(X′X)−1.

From (4.1), unbiasedness requires the Ai to be such that AiL′iVLiA′i = Vi for all i

uniformly in the Vi. This is infeasible and therefore we consider two second-best

solutions.

The first one is to consider the case of no cluster effects, Vi = σ2Ini for all i, and

make the estimator unbiased for this case. Then E(ε̂i ε̂
′
i) = L′iVLi = σ2L′iLi = σ2Hi

and consequently

E[v̂ar(β̂)] = σ2(X′X)−1

(
∑

i
X′iAiHiA′iXi

)
(X′X)−1. (4.3)

The variance estimator is unbiased if AiHiA′i = Ini and so we choose Ai = H−1/2
i .

This estimator, introduced by Bell and McCaffrey (2002), is known as both CR2VE

and BRL.

The second one is based on the idea that the elements in M outside the blocks

on the diagonal may be small. Then Li can be approximated by a matrix with Hi as

its ith block and zeros outside this block. Then L′iVLi = HiViHi and choosing Ai =

H−1
i leads, when scaled by a factor (c− 1)/c, to an estimator that is approximately

unbiased when there are no cluster effects. In line with Cameron and Miller (2015),

we call this estimator with the jackknife correction CR3VE.

4.3 From CR3VE to CR3VE-λ

To analyze the bias of CR3VE we scale (4.3) by (c− 1)/c and use

AiHiAi = H−1
i = Ini + Xi(X′X− X′iXi)

−1X′i
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to obtain

E[v̂ar(β̂)] =
c− 1

c
σ2

(
(X′X)−1 + ∑

i
(X′X)−1X′iXi(X′X− X′iXi)

−1X′iXi(X′X)−1

)
.

(4.4)

When clusters are balanced and have the same covariance structure there holds

X′iXi = X′X/c for all i, and (4.4) reduces to E[v̂ar(β̂)] = σ2(X′X)−1. Therefore, in

case of balanced clusters having the same covariance structure, CR3VE with the

correction factor (c− 1)/c is unbiased.

We propose a different scaling factor than (c− 1)/c for CR3VE in the more gen-

eral case of unbalanced clusters that still have the same covariance structure. Define

πi ≡ ni/n for cluster i. Then X′iXi = πiX′X and the expression in parentheses in

(4.4) becomes λ(X′X)−1, with

λ ≡ 1 + ∑
i

π2
i

1− πi
.

There holds λ ≥ c/(c− 1), with equality in case of balanced clusters. To see this,

let π ≡ (π1, . . . , πc)′, P ≡ diag(π), a ≡ (Ic − P)−1/2π and b ≡ (Ic − P)1/2ιc, a′a =

π′(Ic − P)−1π, b′b = ι′c(Ic − P)ιc, and a′b = 1. Since (a′b)2 ≤ a′a b′b there holds

∑
i

π2
i

1− πi
= π′(Ic − P)−1π ≥ 1

ι′c(Ic − P)ιc
=

1
c− 1

,

so λ − 1 ≥ 1/(c − 1) or λ ≥ c/(c − 1). This suggests that 1/λ may be a better

scaling factor than (c − 1)/c. We denote this estimator, which is unbiased under

more general conditions than CR3VE, by CR3VE-λ.

4.4 Efficient computation of CR2VE, CR3VE, CR3VE-λ

with Hi

CR2VE and CR3VE are based on Ha
i , with a = −1/2 and a = −1, respectively. Espe-

cially with large ni it is desirable to exploit the structure of Hi for the computations.

We do so through the following result, that allows for reducing the computing and

storage requirements to be just O(ni) instead of O(n2
i ) for storage and O(n3

i ) for



84 Chapter 4

inversion.3 Let R be a matrix of “large” number of rows ` and “small” number of

columns s, ` ≥ s, and let R have full column rank and satisfy R′R ≤ Is. Then

R′(I` −RR′)a = (Is −R′R)aR′ (4.5)

for any a. To see this, take the singular value decomposition R = UJT′, with J

diagonal, T square orthonormal, and U having orthonormal columns. Then both

sides of (4.5) appear to be equal to TJ(I− J2)aU′.

Now write the right-hand side of (4.2) as (X′X)−1[∑i ŝiŝ′i](X
′X)−1, where ŝi ≡

X′i ε̂i. With CR2VE (a = −1/2), CR3VE (a = −1) and CR3VE-λ (a = −1), ŝi has to

be replaced by s̃i ≡ X′iH
a
i ŝi, still with scaling to be added for CR3VE and CR3VE-λ.

Define

Ri ≡ Xi(X′X)−
1/2, (4.6)

so X′i = (X′X)1/2R′i and Hi = Ii −RiR′i. Then from (4.5)

s̃i = (X′X)1/2R′i(Ii −RiR′i)
a ε̂i

= (X′X)1/2(Ik −R′iRi)
a(X′X)−1/2ŝi.

So the computations to obtain s̃I involve only matrices of order k× k, which is O(1)

in ni given R′iRi, X′X and ŝi; all three are computable in O(ni). This essentially

simplifies the computation of CR2VE, CR3VE and CR3VE-λ. In Appendix 4.A we

summarize the efficient formulas for CR2VE, CR3VE and CR3VE-λ.

4.5 Efficient computation of the Imbens and Kolesar

degrees of freedom

Define β̂r the estimated coefficient of the rth regressor, r = 1, . . . , k. With few

clusters the distribution under the null of the test statistic for inference on β̂r is

unknown and not approximable to N(0, 1). It is common practice in empirical re-

search to use the t-distribution with (c − 1) DOF or, more recently, with the IK

developed by Imbens and Kolesar (2016) and based on H−1/2
i .

3 Le Gall (2014) gives the best-known lower bound of O(n2.373). This is mainly of theoretical value and
it holds for the optimized Coppersmith-Winograd algorithm.
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Define the n× c matrix Fr with ith column equal to

Fri = Gier, (4.7)

where Gi = LiH
−1/2
i Xi(X′X)−1 and er is a k-vector with rth element equal to 1

and any other elements equal to 0. Consider the random effect parametrization of

V = σ2In + θ2DD′, where D ≡ diag(ιi). Then the IK for regressor r are

IKr =
(∑i κi)

2

∑i κ2
i

, (4.8)

where κi are the eigenvalues of F′rV̂Fr ≡ σ̂2F′rFr + θ̂2F′rDD′Fr and σ̂2 and θ̂2 can be

obtained from a random effect estimation.

Based on (4.5) and with R as defined in (4.6) we derive the efficient formula for

Gi as

Gi = LiH
−1/2
i Xi(X′X)−1

= Li(Ii − Xi(X′X)−1X′i)
−1/2Xi(X′X)−1

= Li(Ii −RiR′i)
−1/2Ri(X′X)−

1/2

= LiRi(Ik −R′iRi)
−1/2(X′X)−1/2

= [Si − X(X′X)−1X′i]Xi(X′X)−
1/2[Ik − (X′X)−1/2X′iXi(X′X)−

1/2]−1/2(X′X)−1/2

≡ SiXiWi − X(X′X)−1X′iXiWi,

where Wi = (X′X)−1/2[Ik − (X′X)−1/2X′iXi(X′X)−
1/2]−1/2(X′X)−1/2 and where SiXiWi

is the n× k matrix with block that corresponds to cluster i equal to XiWi and all the

other rows equal to 0.

4.6 Monte Carlo simulations

We run several sets of Monte Carlo (MC) simulations and compare the bias of

the standard errors based on unclustered standard errors (UN), CR1VE, CR2VE

and CR3VE with the bias of the standard errors based on CR3VE-λ. In each sim-

ulation we generate randomly N unbalanced clusters with number of observa-

tions per cluster ni ∼ U{1000 − g, 1000 + g}, where g is different in each set of

simulations. By doing so we keep constant the average number of observations
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Table 4.1. Bias of se(β̂) based on different methods: 10,000 MC simulations

Std. deviation cluster size
Balanced 145 289 520 572

4 clusters
E(β̂) 0.9977 0.9938 0.9998 1.0003 0.9984
E[sd(β̂)] 0.1975 0.1970 0.1928 0.1778 0.1740
Bias seUN(β̂) -0.1817 -0.1812 -0.1769 -0.1615 -0.1575
Bias seCR1VE(β̂) -0.1297 -0.1273 -0.1201 -0.1060 -0.1034
Bias seCR2VE(β̂) -0.0678 -0.0663 -0.0635 -0.0601 -0.0595
Bias seCR3VE(β̂) 0.0170 0.0196 0.0199 0.0162 0.0154
Bias seCR3VE−λ(β̂) 0.0170 0.0188 0.0169 0.0065 0.0036
6 clusters
E(β̂) 0.9989 1.0020 0.9989 0.9968 1.0009
E[sd(β̂)] 0.1837 0.1838 0.1828 0.1817 0.1811
Bias seUN(β̂) -0.1708 -0.1709 -0.1698 -0.1685 -0.1678
Bias seCR1VE(β̂) -0.0774 -0.0778 -0.0783 -0.0845 -0.0875
Bias seCR2VE(β̂) -0.0302 -0.0306 -0.0312 -0.0381 -0.0420
Bias seCR3VE(β̂) 0.0196 0.0200 0.0214 0.0214 0.0184
Bias seCR3VE−λ(β̂) 0.0196 0.0195 0.0197 0.0153 0.0110

per cluster but we vary the unbalancedness. We generate our dependent variable

yhi = α + βxhi + γdi + ehi, where h identifies the single observation (e.g., house-

hold) and i identifies the c clusters of size ni = n1, . . . , nc, and where xhi = qhi + zi

and ehi = whi + ui. Moreover, qhi, zi, whi, ui are independently drawn from N(0, 1),

α = 0 and β = γ = 1, and di is a dummy variable constant within cluster and

randomly constrained, in each simulation, to be equal to 1 in half of the randomly

generated clusters. The simulation set-up is very similar to the one in Cameron,

Gelbach and Miller (2008). As pointed out by Cameron and Miller (2015), un-

clustered standard errors and CRVE are likely to be severely biased if the cluster

effect and the correlation of the regressors within cluster are different from zero.

Therefore we set-up experiments that allow to be correlated within cluster both ehi

and the regressors, including the extreme case of di, a dummy variable that is con-

stant within clusters. The presence of a cluster effect and of regressors correlated

within cluster implies that the assumption under which CR3VE and CR3VE-λ are

unbiased are not met. Yet CR3VE-λ takes into account the difference in cluster size

and, as this difference increases, CR3VE-λ is expected to be more unbiased than
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Table 4.2. Bias of se(γ̂) based on different methods: 10,000 MC simulations

Std. deviation cluster size
Balanced 145 289 520 572

4 clusters
E(γ̂) 1.0042 1.0216 0.9941 1.0013 0.9978
E[sd(γ̂)] 1.0212 1.0246 1.0371 1.0849 1.1078
Bias seUN(γ̂) -0.9807 -0.9839 -0.9960 -1.0420 -1.0634
Bias seCR1VE(γ̂) -0.4723 -0.4774 -0.5024 -0.6102 -0.6531
Bias seCR2VE(γ̂) -0.1908 -0.1926 -0.2156 -0.3241 -0.3684
Bias seCR3VE(γ̂) 0.0941 0.1044 0.1063 0.1000 0.1132
Bias seCR3VE−λ(γ̂) 0.0941 0.1004 0.0897 0.0364 0.0276
6 clusters
E(γ̂) 1.0006 0.9899 0.9991 0.9944 1.0178
E[sd(γ̂)] 0.8303 0.8356 0.8504 0.9052 0.9278
Bias seUN(γ̂) -0.7962 -0.8014 -0.8160 -0.8699 -0.8921
Bias seCR1VE(γ̂) -0.2461 -0.2543 -0.2763 -0.3583 -0.3950
Bias seCR2VE(γ̂) -0.0820 -0.0877 -0.1029 -0.1598 -0.1891
Bias seCR3VE(γ̂) 0.0537 0.0537 0.0547 0.0627 0.0616
Bias seCR3VE−λ(γ̂) 0.0537 0.0518 0.0469 0.0327 0.0228

CR3VE.

We run 10,000 simulations for each MC set and each MC set differs with respect

to the number of clusters N and g. We show results for N = 4 and N = 6, and

for g = 0 (i.e., balanced clusters), g = 250, g = 500, g = 900 and g = 990, with

standard deviation of the cluster size equal to 0, 145, 289, 520 and 572, respectively.

For each simulation: (i) we compute the true standard deviation of β̂, sd(β̂), based

on

var(β̂) = (X′X)−1

(
∑

i
X′iViXi

)
(X′X)−1,

where

Vi = Ini + ιiι
′
i,

and where β = (α, β, γ), (ii) we compute the standard errors of β̂ and of γ̂ based

on the different methods seUN , seCR1VE, seCR2VE, seCR3VE and seCR3VE−λ, (iii) we
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compute the difference between the true standard deviations sd(β̂), sd(γ̂) and the

standard errors based on the different methods. Finally, for each MC set we com-

pute the expected value of this difference (i.e., the bias) for each method to compute

the standard errors. From Table 1-2 we can see that CR3VE-λ always leads to the

least biased standard errors, with bias always close to zero. Moreover, it remark-

ably reduces the bias of CR3VE with high unbalancedness. This is especially true

for the dummy variable di.

4.7 Empirical exercise

Table 4.3. Rejection rates policy from 20,000 replications

No. of states
Method Distribution 6 6hu1 6hu2 6hu3

Unclustered s.e. t(IK) 21.8 23.0 47.4 78.5
CRVE t(IK) 9.6 8.8 15.8 50.8
CR2VE t(IK) 5.3 3.4 4.4 12.3
CR3VE t(IK) 3.3 2.0 1.5 0.9
CR3VE-λ t(IK) 3.8 2.8 3.2 4.6

mean(IK) 3.3 2.2 2.5 3.1
1/λ 0.69 0.61 0.41

Rejection rates, in percentage, of the true null hypothesis on the
fake policy variable from 20,000 replications for different meth-
ods to compute standard errors. Ideal rejection rate is 5%. 20%
observations within sampled states are randomly sampled with
replacement. The 6 states are randomly sampled with replace-
ment. For all replications, the 6 highly unbalanced hu1, hu2 and
hu3 states are the 3 with most observations and the 3 with least
observations, the 2 with most observations and the 4 with least
observations, and the 1 with most observations and the 5 with
least observations, respectively. The variance components for
computing the IK DOF are estimated with restricted maximum
likelihood (mixed,reml or xtmixed,reml command in Stata).

For the empirical illustration we use the same dataset CPS 2012 as in Cameron

and Miller (2015). The dataset consists of 51 clusters, namely the 50 American States

and the District of Columbia. We define the same model for individual h in the

sampled cluster i

ln(wage)hi = β0 + β1educhi + β2agehi + β3age2
hi + β4 policyi + εhi, (4.9)
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where policy is a fake policy variable randomly assigned to half of the sampled

clusters and constant within each cluster. The clusters are unbalanced and the num-

ber of observations per cluster is reported in Table 4.A.1 in 4.A.

We run 4 sets of 20,000 replications. In the first set we randomly sample with

replacement 6 states. In the other sets we fix the 6 states to be the 3 with most

observations and the 3 with least observations (6hu1), the 2 with most observations

and the 4 with least observations (6hu2), and the 1 with most observations and the

5 with least observations (6hu3). In each set we randomly sample with replacement

20% of the observations within each state and we test the true null hypothesis H0 :

β4 = 0 at the 5% level and thus we expect the standard errors of policy to lead to

rejection of the true null hypothesis H0 in 5% of the replications. Rejection rates

using for inference the t(IK) distribution are reported in Table 4.3, where IK are the

Imbens and Kolesar (2016) DOF. As expected the improvement based on CR3VE-λ

is particularly relevant with higher unbalancedness of the sampled states.

4.8 Computational time gain for CR2VE and CR3VE

Table 4.4. Time for CR2VE and CR3VE using efficient and inefficient formulas

No. of observations per cluster
CR2VE+CR3VE No. of clusters 1000 2000 3000 4000 5000
Efficient 6 1 1 1 1 1
Inefficient 6 44 368 1371 3569 6943
Efficient 10 1 1 1 1 1
Inefficient 10 67 599 2214 5630 11568

Total computational time in seconds of CR2VE and CR3VE using the formulas
reported in Section 4.4 (efficient) and in A. Cameron and Miller (2015) (inef-
ficient). The computations are run using Stata/SE 15.0 on the following ma-
chine: Intel(R) Core(TM) i3-4130 CPU @ 3.40GHz, RAM: 8,00 GB, Windows
7.

We report in Table 4.4 the computational time of our efficient formulas for CR2VE

and CR3VE and of the equivalent, but inefficient, CR2VE and CR3VE as introduced

by Bell and McCaffrey (2002). This computational time refers to CR2VE and CR3VE

estimated together on a standard machine. We run these computations on simu-

lated data with 51 balanced clusters and 5000 observations per cluster. The data

generating process is ln(wage)hi = 0.7495 + 0.0844agehi − 0.0009age2
hi + ui + ehi,
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where age ∼ U{18, 65}, ui ∼ N(0, θ2) is constant within cluster i and ehi ∼ N(0, σ2),

and where agehi, ui and ehi are mutually independent. We set θ2 = 9.5818× 10−3

and σ2 = 0.3489. The parameters of the data generating process and of the ui and

ehi distributions are chosen from a random effects regression on the CPS 2012 data-

set, using all the 51 clusters and all the observations. Based on this data we define

the model

ln(wage)hi = β0 + β1agehi + β2age2
hi + β3 policyi + εhi, (4.10)

where policy is a fake policy variable randomly assigned to half of the clusters.

We sample 6 and 10 clusters, and 1000, 2000, 3000, 4000 and 5000 observations

within each cluster from this simulated data. We compute the clustered standard

errors based on CR2VE and CR3VE with these different samples. The computa-

tions of the inefficient CR2VE and CR3VE take up to more than three hours for 10

clusters. This depends on the fact that the inefficient formulas invert matrices of

order ni × ni and thus the computational time increases with cluster size ni. Op-

positely, as shown in Section 4.4 the efficient formulas invert matrices of order k× k

that does not depend on the cluster size ni, where k = 4 is the number of regressors

in model (4.10).

4.9 Conclusion

In this chapter we first introduce CR3VE-λ, an estimator for clustered standard er-

rors that refines the jackknife estimator CR3VE and is unbiased under more general

conditions, in case of few unbalanced clusters. In our simulations CR3VE-λ reduces

the bias of CR3VE as the cluster unbalancedness and the correlation of the regressor

within cluster increase. Our empirical exercise also suggests that CR3VE-λ might

be the optimal choice with highly unbalanced clusters. Second, in this chapter we

also propose efficient formulas to compute CR2VE, CR3VE and CR3VE-λ. These

formulas reduce to 1 second the computational time of CR2VE, CR3VE and CR3VE-

λ, regardless the size of the clusters. In our simulations more than three hours can

be saved for the computation of CR2VE and CR3VE on a standard machine us-

ing a dataset with 10 clusters and 5,000 observations per cluster. We conclude that

empirical researchers should always prefer CR3VE-λ to CR3VE with few unbal-
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anced clusters and should always use our efficient formulas for the computation of

CR2VE, CR3VE, CR3VE-λ and the IK.
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4.A Appendix

CRVE, CR2VE, CR3VE and CR3VE-λ in a nutshell

Define the matrix of observations X of order n× k and the linear model for cluster

i = 1, . . . , c

yi = Xiβ + εi,

where Xi is a matrix of order ni × k, and where E(εi) = 0 and var(εi) = Vi. Define

the OLS residuals ε̂i. The general expression for the cluster-robust estimator of

var(β̂) is

v̂ar(β̂) = (X′X)−1

(
∑

i
X′i ε̃i ε̃

′
iXi

)
(X′X)−1,

where ε̃i are a transformation of OLS residuals to be specified. CRVE simply uses

ε̃i = ε̂. CR2VE uses ε̃i = (Ii − Xi(X′X)−1X′i)
−1/2ε̂i, while CR3VE and CR3VE-

λ use ε̃i = g[(Ii − Xi(X′X)−1X′i)
−1ε̂i], where g = [(c − 1)/c]1/2 for CR3VE and

g = {1 + [∑i(ni/n)2/(1− ni/n)]}−1/2 for CR3VE-λ. In case of balanced clusters

CR3VE and CR3VE-λ are identical. Only CRVE requires c→ ∞ which, in empirical

applications, means that the number of clusters has to be sufficiently large.

CR2VE, CR3VE and CR3VE-λ can be computed efficiently with the inversion of

matrices of order k× k instead of ni × ni. Define ŝi = X′i ε̂i, R′i = Xi(X′X)−1/2 and

the cluster robust variance estimator

v̂ar(β̂) = (X′X)−1

(
∑

i
s̃is̃′i

)
(X′X)−1.

Then to compute CR2VE we use s̃i = [(X′X)1/2(Ik −R′iRi)
−1/2(X′X)−1/2]ŝi, and to

compute CR3VE and CR3VE-λ we use s̃i = g[(X′X)1/2(Ik −R′iRi)
−1(X′X)−1/2ŝi].
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Additional tables

Table 4.A.1. Number of observations per state - CPS 2012 dataset

Alabama 680 Kentucky 955 North Dakota 862
Alaska 712 Louisiana 560 Ohio 1504
Arizona 839 Maine 1039 Oklahoma 798
Arkansas 594 Maryland 1824 Oregon 803
California 5866 Massachusetts 971 Pennsylvania 1883
Colorado 1546 Michigan 1349 Rhode Island 1010
Connecticut 1457 Minnesota 1729 South Carolina 765
Delaware 1055 Mississippi 546 South Dakota 1012
District of Columbia 1009 Missouri 971 Tennessee 859
Florida 2630 Montana 519 Texas 3945
Georgia 1414 Nebraska 1207 Utah 827
Hawaii 1183 Nevada 1015 Vermont 949
Idaho 661 New Hampshire 1368 Virginia 1539
Illinois 2115 New Jersey 1376 Washington 1035
Indiana 962 New Mexico 538 West Virginia 590
Iowa 1343 New York 2842 Wisconsin 1259
Kansas 956 North Carolina 1290 Wyoming 924

The 51 clusters in the CPS 2012 dataset correspond to the 50 American states and the
District of Columbia. The average number of observations per cluster is 1,288.
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Hoofdstuk 5

Samenvatting

Binnen het vakgebied economie wordt momenteel veel onderzoek gedaan naar

genetische aanleg en opvoeding, en het geı̈ntegreerde effect van beide op de ge-

zondheid gedurende de hele levensloop. In de huidige literatuur wordt nog steeds

vooral onderzoek gedaan naar de factoren die na eeuwen onderzoek naar voren

zijn gekomen, te weten opvoeding, vaardigheden en de omstandigheden in utero.

Dit proefschrift maakt gebruik van observatiegegevens om al deze factoren en het

effect ervan op de objectieve gezondheid op volwassen leeftijd te analyseren.

In hoofdstuk 2 onderzoeken we het verband tussen opvoeding, intelligentie en

gebruik van medicatie voor specifieke aandoeningen op volwassen leeftijd zoals

voorgeschreven door medische professionals. Hoewel uit verschillende studies al

is gebleken dat er een positief verband bestaat tussen opvoeding en gezondheid, is

het nog steeds onduidelijk of een deel van dit verband causaal is. De reden hier-

voor is dat verschillende waargenomen en niet waargenomen, voor vertekening

zorgende factoren, zoals achtergrond van de ouders en intelligentie, een belang-

rijke rol spelen in het vormen van dit verband doordat ze van invloed zijn op zowel

de gekozen opleiding als de gezondheid.

De basisdataset die we gebruiken omvat alle Nederlandse mannen die tussen

1944 en 1947 zijn geboren en die nog in leven waren op 18-jarige leeftijd, het mo-

ment waarop ze de verplichte medische keuring voor de dienstplicht ondergingen

(ongeveer 400.000 mannen). Naast een reeks van 3 verschillende IQ-testen, die wor-

den gebruikt om latente intelligentie te identificeren, bevat deze dataset informatie

over het opleidingsniveau en andere sociaal-economische en demografische gege-
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vens. Een steekproef van deze gegevens is gekoppeld aan registraties van voor-

geschreven medicijnen die in 2006 zijn verzameld, toen de personen tussen de 59

en 62 jaar oud waren. Het betrof onder andere medicatie voor hartaandoeningen,

obstructieve luchtwegaandoeningen, hypertensie, hyperlipidemie, diabetes (type 1

en 2) en depressie en angst.

Het structurele model dat we calculeren, analyseert het verband tussen oplei-

ding en voorgeschreven medicatie door de gekozen opleidingen en het behalen

van de volwassen leeftijd te modelleren, waarbij rekening wordt gehouden met

een aantal geobserveerde kenmerken en latente intelligentie. De methodologie die

we gebruiken, biedt de mogelijkheid om de invloed van opleiding op de voorge-

schreven medicatie te calculeren in verhouding tot het niveau van latente intelli-

gentie. Gezien de gegevens die we gebruiken, presenteren we een aantal moti-

vaties die bij benadering een causale interpretatie van de belangrijkste resultaten

zouden kunnen rechtvaardigen. We constateren dat de onuitgewerkte verbanden

in de gegevens niet significant afwijken van de gecalculeerde effecten. Dit resultaat

suggereert dat opleiding een grote invloed heeft op voorgeschreven medicatie voor

fysieke aandoeningen, en dan met name bij een laag intelligentieniveau, maar geen

of vrijwel geen invloed op voorgeschreven medicatie voor depressie en angst.

Vanuit het oogpunt van beleid impliceren onze resultaten dat een hoog oplei-

dingsniveau moet worden gezien als vervanging voor intelligentie. Een hoog op-

leidingsniveau, vooral bij personen met lage intelligentie, zou bijdragen aan het

verminderen van medicijngebruik en, indirect, aan het verbeteren van de gezond-

heid op volwassen leeftijd.

In hoofdstuk 3 gebruiken we gegevens over broers en zussen om te calculeren

in hoeverre macro-economische invloeden rond de geboorte een causaal effect heb-

ben op de kans op diabetes type 2 op volwassen leeftijd. De macro-economische

omstandigheden die we gebruiken, bestaan uit de provinciale werkloosheidscijfers

in Nederland ten tijde van de geboorte. Deze cijfers zijn in principe exogeen aan

het individuele principe. Selectieve beslissingen van de ouders op het gebied van

voortplanting kunnen de calculatie echter nog steeds beı̈nvloeden, omdat ouders

met een lage sociaal-economische status de conceptie mogelijk uitstellen tot een

moment waarop de macro-economische omstandigheden gunstiger zijn. Dit impli-

ceert dat de werkloosheidscijfers ten tijde van de geboorte niet willekeurig verdeeld
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zijn over het spectrum van sociaal-economische status. We houden rekening met

deze bron van endogeniteit door de gegevens van broers en zussen in onze dataset

te identificeren en te gebruiken om fixed-effect regressies voor broers en zussen te

calculeren.

De gegevens die we gebruiken zijn afkomstig uit Lifelines, een cohort en bi-

obank met gegevens van 51.270 broers en zussen die na 1950 in Nederland zijn

geboren. We gebruiken de gegevens van broers en zussen die zijn geboren in peri-

odes waarin er ruime sociale zekerheid was, omdat deze periodes representatiever

zijn voor de huidige pasgeborenen. Om diabetes type 2 te identificeren gebrui-

ken we biomarkers voor de hemoglobine A1c-concentratie en de nuchtere glucose-

waarde in het bloed, waarmee we door personen zelf gerapporteerde diabetes type

2, waarvan bekend is dat het grotendeels niet gediagnosticeerd is in de populatie,

vermijden.

We concluderen dat een hogere werkloosheid ten tijde van de geboorte zowel

bij mannen als bij vrouwen tot een grotere kans op diabetes type 2 op latere leeftijd

leidt. Daarnaast tonen we aan dat de calculaties niet significant zijn als er geen reke-

ning wordt gehouden met selectieve beslissingen met betrekking tot voortplanting

en als er wordt vertrouwd op zelf gerapporteerde gegevens voor het identificeren

van diabetes type 2. We concluderen dat, zelfs in periodes met ruime sociale zeker-

heid, slechtere macro-economische omstandigheden ten tijde van de geboorte op

de lange termijn significante invloed hebben op de kans op diabetes type 2. Van-

uit het oogpunt van beleid zouden vrouwen die zwanger zijn tijdens economische

recessies economische en psychologische hulp moeten krijgen en ze zouden moe-

ten worden geı̈nformeerd dat hun pasgeborenen als volwassenen een groter risico

lopen om diabetes type 2 te krijgen. Ouders moeten deze pasgeborenen op latere

leeftijd leren een evenwichtig dieet te volgen en veel te bewegen om te voorkomen

dat ze diabetes type 2 krijgen. Ten slotte zou screening op diabetes type 2 gericht

moeten zijn op personen die zijn geboren in slechte economische omstandigheden

(bijvoorbeeld immigranten uit arme economieën).

Hoofdstuk 4 gaat over het berekenen van standaardafwijkingen in gevallen

waarin sprake is van heel kleine, zeer onevenwichtige clusters. Omdat de fout-

waarde meestal gecorreleerd is binnen clusters als gevolg van homogeniteit tussen

observaties die tot hetzelfde cluster behoren, zijn de gecalculeerde standaardafwij-
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kingen normaal gesproken te laag. Als het aantal clusters naar oneindigheid neigt,

zorgen standaardcorrecties zoals de Cluster-Robust Variance Estimator (CRVE) er-

voor dat de standaardafwijkingen niet worden beı̈nvloed door de correlatie van

de foutwaarde binnen clusters. Als het aantal clusters echter klein genoeg is (la-

ger dan 20 tot 50), dan zijn de standaardcorrecties mogelijk ontoereikend om de

vertekening te corrigeren en moeten eventueel meer verfijnde methoden worden

toegepast, zoals de zogenaamde CR2VE en CR3VE.

Dit hoofdstuk biedt de verfijningen van CR2VE en CR3VE, methoden die beide

worden gebruikt in de empirische literatuur. Omdat deze methoden rekenintensief

zijn, hebben we formules geı̈ntroduceerd om de berekeningen zo efficiënt mogelijk

uit te voeren. Daarnaast hebben we CR3VE-λ ontwikkeld, een nieuwe calculatie die

rekening houdt met de grootte van het cluster en die vooral goed werkt met kleine

aantallen clusters die zeer onevenwichtig zijn. Resultaten uit simulaties laten zien

dat het berekenen van CR2VE en CR3VE met een dataset van 10 clusters en 5.000

observaties per cluster, drie uur minder kost. Bovendien tonen we op basis van

beide simulaties en empirische illustraties aan dat CR3VE-λ mogelijk de optimale

methode is voor kleine aantallen clusters die zeer onevenwichtig zijn.

Deze resultaten kunnen empirisch worden gebruikt voor toegepast onderzoek

op het gebied van gezondheidseconomie waarbij gebruik wordt gemaakt van ge-

clusterde data met een klein aantal clusters, waarbij de onderzoeker de rekentijd

van veelvoorkomende correcties voor geclusterde standaardafwijkingen wil beper-

ken. Elk onderzoek op het gebied van gezondheidseconomie dat gebruikmaakt van

geclusterde data met een klein aantal clusters en lineaire modellen calculeert, kan

met onze formule tijdwinst behalen in het berekenen, met name voor grote clusters.

Als dit kleine aantal clusters ook nog eens zeer onevenwichtig is, zou CR3VE-λ de

beste keuze kunnen zijn vanuit inferentieel oogpunt.


