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Abstract
We study the effect of economic conditions early in life on the occurrence of
type‐2 diabetes in adulthood using contextual economic indicators and within‐
sibling pair variation. We use data from Lifelines: a longitudinal cohort study
and biobank including 51,270 siblings born in the Netherlands from 1950
onward. Sibling fixed‐effects account for selective fertility. To identify type‐2
diabetes we use biomarkers on the hemoglobin A1c concentration and fast-
ing glucose in the blood. We find that adverse economic conditions around
birth increase the probability of type‐2 diabetes later in life both in males and
in females. Inference based on self‐reported diabetes leads to biased results,
incorrectly suggesting the absence of an effect. The same applies to inference
that does not account for selective fertility.
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J E L C LA S S I F I C A T I ON
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1 | INTRODUCTION

It is well‐established that adverse conditions in utero and shortly after birth negatively affect individual health later in
life (Almond & Currie, 2011; Almond et al., 2018; Barker, 1995, 1998). Fetuses and newborns are sensitive to stressful
environments and are “programmed” to deal with survival in similar environments after birth. A major discrepancy
between the early‐life environment and the environment later in life (e.g., birth in poverty and adulthood in an affluent
society) may then negatively impact health outcomes over the life‐cycle.

Early‐life conditions can be measured by indicators of the parental living circumstances at birth. However, an
association between such indicators and health in adulthood does not automatically imply a causal effect as un-
observed 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 adulthood. To overcome this endogeneity
issue, a growing literature exploits natural experiments, using exogenous variation in contextual (macro)
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circumstances at birth that are quasi‐randomly assigned to individuals as proxies for economic conditions early in
life. Landmark examples of this approach exploit exposure to famines or recessions (see the overviews by Almond
and Currie (2011) and Almond et al. (2018)). In the famine‐based literature, the late‐life outcome that seems most
responsive to early‐life malnutrition is type‐2 diabetes.1 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.2

Famines are catastrophic events, typically dating back a long time and/or having occurred in low and middle in-
come countries. In this paper we expand on the existing evidence by exploiting milder fluctuations in early‐life con-
ditions in more recent eras. From a policy perspective, knowledge on determinants of type‐2 diabetes is of high interest,
as the economic burden of this disease is high and is expected to further increase in the next decades worldwide (Lin
et al., 2020). In the Netherlands, the total economic burden of type‐2 diabetes amounts to roughly 1% of the Gross
Domestic Product (see 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 under‐diagnosed in the population. Many of those who are affected are
unaware of having this condition, leading to under‐reporting in survey data. Those with lower socio‐economic
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 to the diagnosis criteria of the
American Diabetes Association 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% or if the fasting glucose level is equal to or
higher than 7 mmol/L. The results are robust with respect to small deviations of the thresholds used. We examine
to which extent the biomarker outcome variable is related to self‐reported type‐2 diabetes, in the same sample
of individuals. More importantly, we compare the empirical findings to those that only rely on self‐reported
diabetes.

A second contribution concerns the econometric correction for potentially selective fertility. Recent studies on long‐
run health effects have found evidence of such 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 socio‐economic
status affects how fertility changes when the unemployment rate is high. As we shall see, our own data reveal sub-
stantial selective fertility in the sense that low‐educated parents target fertility to periods of low unemployment. As
parental education is observed, we can control for this. To account for selective fertility driven by unobservables across
families we adopt a sibling study design, effectively comparing outcomes of siblings born at different stages of the
business cycle. This approach follows other studies, such as van den Berg et al. (2020) for outcomes in infancy and van
den Berg et al. (2017) for high‐age outcomes. Note that the sibling design also controls for potential associations be-
tween 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).

We use the Lifelines data which is a cohort study of over 167,000 individuals, consisting of longitudinal surveys and
a biobank, based on a multi‐generational sampling design. Most individuals reside in the Northern part of the
Netherlands (see Scholtens et al., 2015, for an overview). The data include over 51,000 siblings born between 1950 and
1995. Sibling‐sibling relationships are self‐reported or identified through questionnaire information such as coded
surname and date of birth. These relationships were all checked and, if necessary, corrected by using linked admin-
istrative 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.
Exploiting both types of sibling identifier opens up exciting possibilities for the study of health determinants. As it
happens, the sub‐sample of biological but non‐self‐reported siblings is currently too small for quantitative inference
beyond simple categorizations of differences in terms of covariates. The lack of sample size also prevents separate
analysis with non‐biological sibling‐sibling relationships due to adoption.

The outline of the paper is as follows. In Section 2 we discuss the data. In Section 3 we discuss the sibling fixed‐
effects econometric model that we estimate; in Section 4 we present and discuss the main results as well as several
sensitivity analysis; in Section 5 we discuss some policy suggestions and conclude the paper.
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2 | DATA

2.1 | The Lifelines data

Lifelines is a multi‐disciplinary prospective population‐based cohort study examining in a unique three‐generation
design the health and health‐related behaviors of 167,729 persons living in the North of the Netherlands. It employs
a broad range of investigative procedures in assessing the biomedical, socio‐demographic, behavioral, physical and
psychological factors which contribute to the health and disease of the general population, with a special focus on
multi‐morbidity and complex genetics.

The participants, usually recruited by the general practitioner in the three northern provinces (Groningen, Friesland
and Drenthe), 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.
Recently, 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 of the presence of the mother and the father in the
database. It was constructed primarily by invoking the parent‐child and sibling‐sibling relationships that were declared
by Lifelines participants. Other variables were used to complete the file, as it could not be ruled out that siblings who
participated in the study without their parents did not declare their family ties. In particular, the Lifelines question-
naires contain questions on number of siblings, year of birth of the siblings and coded surnames. All the sibling‐sibling
relationships were verified and, if necessary, 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 advantage compared to data that only allow them to be defined by a common
mother. Lifelines‐UGLI, a sub‐sample of the original Lifelines data that includes genetic records, was used to identify
genetically defined sibling‐sibling relationships as well as non‐biological (due to adoption) sibling‐sibling relationships.3

From the 19,005 genetically defined siblings we uncovered 110 additional siblings whereas 13 were identified as non‐
biological adopted siblings. The latter were dropped. The total number of siblings aged 18 or above is 51,270.

Some of these siblings could not be used in the analyses as they could not be linked to provincial unemployment
data. These include individuals born abroad (376) or in homonymous Dutch cities that belong to different provinces
(387). Moreover, because provincial unemployment data is not available from before 1950 we drop individuals born
before that (3,484). Flevoland, which became an independent province in 1986, only has unemployment data since
1973, leading to the additional exclusion of 199 individuals. We further exclude from the data 1107 individuals for
whom neither the hemoglobin A1c (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 individuals 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 individuals entails that for some families only one sibling remains in the sample. Such individuals do not
contribute to fixed‐effects econometric analyses so we exclude those as well (2,342). The resulting number of siblings
used in our study is 43,131. Of these, 25,895 are females and 17,236 are males. After these exclusions the number of
siblings for whom the genetic records are available is 16,375, of which 68 are biological siblings linked to their parents
only through the genetic data and 12 are the adopted siblings excluded from the data.

Following the standard diagnosis criteria defined by the American Diabetes Association (2020), we define the binary
dependent variable T2D to be equal to one if the HbA1c concentration in the blood is equal to or higher than 6.5% or if
the fasting glucose level in the blood is equal to or higher than 7 mmol/L, and to be 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 concentration 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 con-
centration 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 h beforehand.4 It is important to note that our
sample does not include pregnant women as their measurement was rescheduled to 6 months after pregnancy or
3 months after breastfeeding.

Descriptive statistics are reported in Table 1. The prevalence of type‐2 diabetes in our sample is 1.47% (1.27% for
females and 1.76% for males). This is lower than in the Dutch population, where for 2013, the average is estimated 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 data also show that the between‐siblings standard deviation of T2D is 8.42% while the within siblings
standard deviation is 8.71%. Age is measured in years at baseline. The provincial unemployment rate is measured in
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annual percentages. 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.5 The medical literature has found evidence that first‐born children are more likely to
develop diabetes (Ayyavoo et al., 2013; Lammi et al., 2007). Although the medical explanation for this association is not
entirely clear, it is thought to be related to changes in the uterus occurring between the first and subsequent
pregnancies.

2.2 | Selective fertility by socio‐economic status

A relationship between early‐life socio‐economic conditions and health outcomes 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 to gauge selective fertility along this dimension over different unemployment levels in the
birth year (see Subsection 2.3 below for an explanation of how we use unemployment to capture variation in economic
early‐life conditions). Note that at this stage we do not deal with selection on unobservables yet. The education level of
the parents is not reported 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
9949 siblings. For 8102 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 education6 or above and as low education all the
other levels.

It turns out that 2595 siblings have mothers with high education, 11,090 siblings have mothers with low education,
2757 siblings have fathers with high education, and 7192 siblings have fathers with low education. Finally, among 1068
siblings both parents have high education, among 5134 siblings both have low education, and among 1900 siblings one
parent has a high education and one a low education.

Figure 1 depicts kernel estimates of the probability density functions of unemployment rates at birth, by education
level of the parents (with bandwidths of 0.8% points throughout). Specifically, in Figure 1a we report the birth dis-
tribution for the cases where (i) both parents have low education, (ii) both parents have high education, and (iii) one

TABLE 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 41.18 10.51 18 63

First‐born 43,131 0.44 0.50 0 1

Low education 42,394 0.61 0.49 0 1

Genetically‐confirmed biological siblings

T2D in females (%) 9795 1.03 10.10 0 100

T2D in males (%) 6580 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

Note: T2D is a dummy variable equal to one 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.
“Low education” refers to the education of the individual. It 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.

4 - ALESSIE ET AL.
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parent has high education while the other has low education. It can be seen that parents with lower education tend to
have children when unemployment is low. We produce the same graph based on education of the mother only
(Figure 1b) and we observe a similar pattern. Although we only observe individuals who became parents and so we
are unable to compute the fertility rates by socio‐economic status, these graphs suggest that unemployment rates are
not randomly assigned to newborns in the sense that they are somewhat related to the parental socio‐economic 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 condi-
tions around birth.7

2.3 | Unemployment

We may distinguish between two phases in the economic development of the Netherlands 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 system (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 unemployment increased substantially. In
many respects, these developments were mirrored in other West‐European countries.

The two phases are clearly visible in Figure 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 Netherlands experienced higher unemployment rates than most other provinces in the Netherlands. To gauge
the relevance of the years depicted on the horizontal axis of Figure 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. Importantly, Figure A1 in the Appendix shows that there is within family variation in unemployment
across siblings.8

In the absence of reliable data on regional GDP, we use the provincial unemployment 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, families 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 participation in the
period 1950–1973 was low by international standards and most household had at most one breadwinner.9

F I GURE 1 Selective fertility by socio‐economic status over unemployment. (a) Selection by education of the parents. (b) Selection by
education of the mother.
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3 | EMPIRICAL IMPLEMENTATION

We define the following model:

T2Di ¼ β1gi ⋅ upðiÞ þ β2ð1 − giÞ ⋅ upðiÞ þ xiβ3 þ αjðiÞ þ εi ð1Þ

where the indices i, j, p denote individual, family and province, respectively. T2Di is a binary variable equal to one if the
individual is affected by type‐2 diabetes in the year that this was measured, and equal to 0 otherwise. To avoid mis-
understandings, 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 collection date of individual i. It should also be pointed 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
Equation (1) is the sum of a component αj(i) shared among siblings and an idiosyncratic component ɛi. 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” γp) and the birth year (via “fixed effects” δt for birth years t). The
latter warrants some discussion because it relates to our source of identifying variation. 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 covering 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 sequence
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.10 We therefore also estimate more robust
model specifications where the δt parameters are absent and where current age is included by way of a flexible
polynomial.11

In addition, we estimate model 1 with sibling random effects in order to subsequently test it against the fixed‐effects
specification, using the so‐called Mundlak approach (see Wooldridge, 2010). As unemployment at birth is exogenous
from the individual perspective, rejecting random effects in favor of fixed effects in the Mundlak approach suggests that
parental selective fertility should be accounted for. Put differently, if unemployment at birth is randomly assigned to
newborns and so there is no significant difference in the coefficient estimates between the random‐effects and fixed‐
effects specifications, the Mundlak test leads to adoption of the random‐effects specification with a more efficient
estimator than the fixed‐effects estimator.

F I GURE 2 Provincial unemployment rate series. (a) North and East Netherlands. (b) West and South Netherlands.
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4 | RESULTS

The sibling fixed‐effects estimates based on Equation (1) are reported in Table 2. We find a significant effect of the
unemployment rate at birth on type‐2 diabetes: 1% point higher unemployment at birth increases by 0.3% points the
probability of having type‐2 diabetes in both females and males. As the prevalence of diabetes in our sample is 1.47%,
this can be considered a large effect. We conclude from this that 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 2. Here, the effect of the unemployment rate at birth is not
significant. However, the Mundlak test rejects the random‐effects specification in favor of the fixed‐effects specification
at the 10% level.12

To ascertain the robustness of our results we perform a series of sensitivity analyses.13 These are discussed by topic
in the remainder of this section:

4.1 | Sibling status

First, we consider the impact of the way in which siblings are identified. The estimates reported in Table 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 relationships 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 relationships remain unidentified. This severely reduces the sample size compared to our

TABLE 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

σ̂ 2
α 0.0006

σ̂ 2
e 0.0136

Obs. 43,131 43,131

Note: 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 e

are the family‐specific component and the idiosyncratic component of the error term, respectively.
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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 challenges are (i) that cousins can give rise to chains of relationships where two
individuals 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.
Finally, our results are robust to the exclusion of the top 5% of individuals with the largest spacing.

4.2 | 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 unemployment rates, we es-
timate the model omitting those 3881 siblings that, within a family, were born in different provinces. Obviously, we now
exclude the province fixed‐effects γp. We obtain very similar results to the estimates reported in Table 2, although the
effect among females is now only marginally significant.

Next, we turn to the role of age. 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 A2 in Appendix A while the marginal effects at different values of age
are reported in Table 3. It can be seen that the effect of unemployment manifests itself with age with a significant
impact among males above the age of 40. Second, we estimate 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 4. As expected, the
average effect of unemployment at birth is much higher for this sub‐population of elderly siblings. Finally, and
importantly, 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 (see Table A3 in Appendix A).14

It should also be pointed out that the results are robust with respect to the choice of the interval of birth years in the
sample. In particular, larger intervals lead to virtually identical results.

4.3 | Operationalization of type‐2 diabetes

In Table A4 in Appendix 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
dependent variable should not bias the estimates as long as this measurement error is randomly distributed. To
investigate whether this is the case, we divide individuals who have type‐2 diabetes based on the biomarkers in two
groups. Individuals in the first group report having the disease while individuals in the second group report not having
the disease. In Table A5 of Appendix 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 biomarkers, 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 the two samples, with younger individuals more likely
to have higher education.

4.4 | Placebo regressions

To lend additional credibility to our results, we conduct a series of placebo regressions. First, 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 robustness of our main results by
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regressing type‐2 diabetes on unemployment rate 2 years before birth (so at least 1 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 A6 in Appendix A. Clearly, there is no
significant effect of the unemployment rate on the occurrence of type‐2 diabetes in adulthood. Second, in Table A7, we
randomly reassign each province of birth to another one, ensuring that all individuals born in a specific province are
assigned the same ’new’ province. Also in this case, we find no significant effect of the unemployment rate in the
randomly assigned province of birth. Finally, we conduct a similar exercise by randomly assigning the year of birth. In
Table A8, we randomly assign each possible year of birth to another one, ensuring that all individuals born in a specific

TABLE 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.

TABLE 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

σ̂ 2
α 0.0018

σ̂ 2
e 0.0247

Obs. 15,617 15,617

Note: 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. α and e are the family‐specific
component and the idiosyncratic component of the error term, respectively.
*p < 0.1 **p < 0.05, ***p < 0.01.
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year are assigned the same ’new’ year. In Table A9, we randomly assigned the year of birth at the individual level. In
both cases, we observe no significant effect of the unemployment rate in a randomly assigned year of birth on diabetes.

5 | CONCLUSION

Among males, a one percentage point higher provincial unemployment rate at birth increases the probability of
developing type‐2 diabetes in adulthood by 0.3% points. This increases up to 0.8% points for the sub‐population of
individuals older than 45. In each case we reject the null hypothesis of no effect. Among females, the estimated effect
sizes are similar, but the coefficients are only marginally significant. In our explanatory framework, the results 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 economic conditions around birth means
that the landmark findings on long‐run effects 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, toward modern economies.

We find that analyses that solely rely on the self‐reported prevalence of type‐2 diabetes produce systematically
different results.15 This suggests that self‐reported data are not reliable. Individuals who do not report diabetes but have
diabetes according 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.

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 relatively 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 sys-
tematic differences 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 determinants.

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 individuals experienced adverse
conditions around birth (e.g., if they are known to have grown up in a poor area or society) 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 individuals, by way of specific weight‐loss programs (see Lean et al., 2018;
Taylor, 2019). A more down‐to‐earth policy recommendation would be to inform and support 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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ENDNOTES
1 For studies focusing on type‐1 diabetes see, for instance, Eriksen et al. (2021).
2 These findings are confirmed in animal experiments (Fernandez‐Twinn & Ozanne, 2006; Portha et al., 2011) as well as in other natural

experiments (Sotomayor, 2013) (see also Calkins & Devaskar, 2011, for another review).
3 See Lopera Maya et al. (2020) for a description of the genotyping data.
4 In our sample, the correlation between HbA1c and the fasting glucose level is 0.60. This confirms that the two underlying biomarkers are

somewhat different. The correlation between the binary versions based on their diabetes threshold values is 0.71.
5 Twins are only included if they have further siblings, otherwise they are excluded due to lack of between‐sibling variation in early‐life

conditions.
6 Senior general secondary education includes pre‐univerity education such as HAVO, VWO, Atheneum, Gymnasium, HBS and MMS.
7 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 unem-
ployment rate and birth year in our sample 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. These are low numbers, confirming that the patterns
are not driven by secular increases in the attained level of education over time.

8 The zeros in the figure are due to boundary bias in kernel density estimation. In practice, there are only a couple of families with no
within variation (those with siblings born in the same calendar year)

9 It should be pointed out that the Lifelines data do not provide detailed information on individual labor market outcomes over the years
1950–1995. This is relevant as it means that instrumental variable analyses with parental unemployment as treatment variable are not
feasible.

10 Nevertheless, Figure A2 in the Appendix shows that there is variation even when we demean provincial unemployment by subtracting the
national average for that year.

11 Similarly, the γp parameters are identified because some siblings who belong to the same family were born in different provinces.
12 We also estimate a probit model with correlated sibling random effects, controlling for the family mean of the covariates (see Wool-

dridge, 2010). This approach fits well with skewed outcome distributions, as in our case. The estimates are reported in Table A1 in
Appendix A. Simple probit estimates and marginal effects are also reported for comparison. Reassuringly, the estimated marginal effect of
unemployment in the probit model with correlated random effects is very close to that in the fixed‐effects linear probability model.

13 When not reported, results of these analyses are available upon request.
14 If year fixed‐effects are also included in here, the point estimates of the marginal effect of age do not change a lot but the standard errors

increase dramatically, again as expected. See again Table A3 in Appendix A.
15 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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APPENDIX A

F IGURE A 1 Within‐family standard deviation of unemployment.

F I GURE A 2 Demeaned provincial unemployment rate series. (a) North and East Netherlands. (b) West and South Netherlands.
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TABLE A1 Probit estimates
on T2D.

Probit Probit (Chamberlain)

Unem. � female 0.0033 0.0651

(0.0222) (0.0401)

Unem. � male 0.0130 0.0878**

(0.0221) (0.0408)

Female −0.1083 −0.0604

(0.0672) (0.0940)

Age 0.0277** 0.0204

(0.0113) (0.0221)

First born 0.1045*** 0.1153**

(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)

Note: 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) includes correlated sibling random effects as well as 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.

TABLE A2 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)
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TABL E A2 (Continued)

FE RE

Province FE Yes Yes

Year of birth FE Yes Yes

Mundlak test p‐value 0.0494

σ̂ 2
α 0.0006

σ̂ 2
e 0.0136

Obs. 43,131 43,131

Note: 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. The unemployment variable is the unemployment rate of the province of birth 2 years before birth. Standard
errors (in parentheses) are clustered at the family level. α and e are the family‐specific component and the idiosyncratic component of the error term,
respectively.
*p < 0.1 **p < 0.05, ***p < 0.01.

TABLE A3 Sibling FE estimates on
T2D: alternative specifications.

FE RE

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 of age at age:

age = 40 0.0006** 0.0004

(0.0003) (0.0007)

age = 60 0.0033*** 0.0024

(0.0005) (0.0020)

Note: 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. Reported marginal effects are for
females (effects are slightly higher for males).
*p < 0.1 **p < 0.05, ***p < 0.01.
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TABLE A5 Means‐comparison
t‐test: individuals with unreported and
reported type‐2 diabetes.

Unreported T2D Reported T2D

t‐Test (p‐value)Obs. Mean Std. dev. Obs. Mean Std. dev.

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

Note: We test the null hypothesis μx = μz against the alternative μx ≠ μz. The t‐Test is given by

t ¼ x − z
ðs2

x=nx þ s2
z=nzÞ

1=2 and is distributed as a t‐Student with t ¼ ðs
2
x=nx þ s2

z=nzÞ
2

ðs2x =nxÞ
2

nx − 1 þ
ðs2z =nzÞ

2

nz − 1

degrees of freedom.

TABLE A4 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

σ̂ 2
α 0.0003

σ̂ 2
e 0.0088

Obs. 43,131 43,131

Note: 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 parentheses) are clustered at the family level. α
and e are the family‐specific component and the idiosyncratic component of the error term, respectively.
*p < 0.1 **p < 0.05, ***p < 0.01.

TABLE A6 Sibling FE estimates on T2D: placebo regressions. Unemployment rate 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)
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TABL E A6 (Continued)

FE RE

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

σ̂ 2
α 0.0006

σ̂ 2
e 0.0128

Obs. 41,756 41,756

Note: 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. The unemployment variable is the unemployment rate of the province of birth 2 years before birth. Standard
errors (in parentheses) are clustered at the family level. α and e are the family‐specific component and the idiosyncratic component of the error term,
respectively.
*p < 0.1 **p < 0.05, ***p < 0.01.

TABLE A7 Sibling FE estimates on T2D: placebo regressions. Random assignment of the province of birth to another province.

FE RE

Unem. � female −0.0013 0.0006

(0.0013) (0.0007)

Unem. � male −0.0007 0.0008

(0.0014) (0.0008)

Female −0.0025 −0.0044*

(0.0031) (0.0023)

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 0.0412

σ̂ 2
α 0.0006

σ̂ 2
e 0.0136

Obs. 43,095 43,095

Note: 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. The unemployment variable is the unemployment rate of a randomly reassigned province of birth, where all
individuals born in a specific province were assigned the same ’new’ province. Standard errors (in parentheses) are clustered at the family level. α and e are
the family‐specific component and the idiosyncratic component of the error term, respectively.
*p < 0.1 **p < 0.05, ***p < 0.01.
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TABLE A8 Sibling FE estimates on T2D: placebo regressions. Random assignment (at the year level) of the year of birth to another
year.

FE RE

Unem. � female 0.0011 0.0008

(0.0008) (0.0006)

Unem. � male 0.0002 0.0000

(0.0008) (0.0006)

Female −0.0112*** −0.0104***

(0.0036) (0.0028)

Age 0.0008 0.0009**

(0.0008) (0.0004)

First born 0.0048** 0.0036***

(0.0018) (0.0011)

Province FE Yes Yes

Year of birth FE Yes Yes

Mundlak test p‐value 0.0600

σ̂ 2
α 0.0006

σ̂ 2
e 0.0137

Obs. 43,074 43,074

Note: 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. The unemployment variable is the unemployment rate in a randomly assigned year of birth, where all
individuals born in a specific year were assigned the same ’new’ year. Standard errors (in parentheses) are clustered at the family level. α and e are the
family‐specific component and the idiosyncratic component of the error term, respectively.
*p < 0.1 **p < 0.05, ***p < 0.01.

TABLE A9 Sibling FE estimates on T2D: placebo regressions. Random assignment of the year of birth (at the individual level).

FE RE

Unem. � female 0.0011 0.0002

(0.0009) (0.0007)

Unem. � male 0.0009 0.0002

(0.0004) (0.0003)

Female −0.0066* −0.0053**

(0.0036) (0.0027)

Age 0.0013*** 0.0010***

(0.0003) (0.0001)

First born 0.0038** 0.0049***

(0.0016) (0.0011)

Province FE Yes Yes

Year of birth FE Yes Yes

Mundlak test p‐value 0.3098

σ̂ 2
α 0.0006

σ̂ 2
e 0.0137

Obs. 43,063 43,063

Note: 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. The unemployment variable is the unemployment rate in a randomly assigned year of birth, where the
random assignment is at the individual level. Standard errors (in parentheses) are clustered at the family level. α and e are the family‐specific component and
the idiosyncratic component of the error term, respectively.
*p < 0.1 **p < 0.05, ***p < 0.01.
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