
Norwegian School of Economics
Bergen, Spring 2017

Dynamic Complementarities in Infant Health

Ingrid Mikkelsen Semb

Supervisor: Aline Bütikofer

Master thesis, Economic Analysis

NORWEGIAN SCHOOL OF ECONOMICS

This thesis was written as a part of the Master of Science in Economics and Business

Administration at NHH. Please note that neither the institution nor the examiners are

responsible – through the approval of this thesis – for the theories and methods used, or

results and conclusions drawn in this work.



Acknowledgements

Working on my master thesis has been highly rewarding. I would like to thank my
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Abstract

A large literature documents that early-life shocks may substantially affect health and

labor market outcomes. However, we do not know much about how different shocks

interact. In theoretical work, the idea of dynamic complementarities has been put

forward, implying that the effect of a positive shock is larger for individuals with a

higher baseline level of skills. With dynamic complementarities, negative shocks de-

crease the returns to subsequent investments for affected children. In this setting, uni-

versal interventions may in reality serve to strengthen initial differences. The policy

relevance of understanding whether dynamic complementarities exist can therefore

hardly be underestimated, but no clear answer has yet emerged from the literature. I

utilize two arguably exogenous sources of variation in infant health in Norway be-

tween 1935 and 1945 to shed light on this question. The first shock is fetal exposure

to seasonal influenza, which has been shown to negatively affect long-term health

and labor market outcomes. The second shock is access to well-child visits, which

is known to improve similar outcomes. Specifically, I ask whether fetal exposure to

influenza reduces the long-term returns to mother and child health care centers. This

is a particularly relevant question for policy-making because seasonal influenza is a

frequent shock, yet easily preventable by means of vaccination. If influenza lowers

the returns to a universal intervention like mother and child health care centers, in-

equality of opportunity could therefore be reduced by increasing vaccination rates

among pregnant women. Using detailed individual-level registry data, I find little

evidence of influenza affecting the educational or labor market returns to well-child

visits. This lack of significant interaction effects could however be driven by the

two shocks not affecting the outcomes of interest in my sample. Further research is

therefore necessary in order to understand whether returns to mother and child health

care centers are lower for infants who were exposed to maternal influenza.
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1 Introduction

A large and growing literature in economics focuses on how events in infancy and early

childhood can have important impacts on adult health and labor market outcomes (see

for instance Almond and Currie 2011; Almond et al. 2017). Understanding the effects of

different early investments and their relative importance is key to reducing inequality of

opportunity. However, while most of the previous literature has been aimed at evaluat-

ing single interventions, the policy importance of understanding how different programs

interact can hardly be underestimated (Almond and Mazumder 2013).

Cunha and Heckman (2007) put forward the idea of dynamic complementarities, imply-

ing that skills produced at one stage of a child’s life cycle raise the productivity of in-

vestment at subsequent stages, a feature often referred to as ‘skills beget skills’. Whether

dynamic complementarities exist is a question with important implications for policy de-

sign. Complementarities strengthen the case both for early investment, to enable satisfac-

tory long-term outcomes in a cost-efficient manner, and for follow-up investments later in

life (Cunha and Heckman 2007).

However, it is not clear from the literature whether dynamic complementarities exist. A

rather frequent finding when assessing single interventions is that the worst-off benefit

the most.1 Although results from studies looking at heterogeneous effects of single inter-

ventions are not directly comparable to the literature on dynamic complementarities, they

illustrate that skills may not always in practice beget skills.

This thesis contributes to the small but growing literature on dynamic complementarities

by investigating whether there are complementarities in two infant health shocks. The

1For instance, Bütikofer et al. (2017) find that children from a low socioeconomic background benefited the
most from access to well-child visits. Carneiro et al. (2015) find that a generous expansion of maternity
leave benefits in Norway in 1977 had larger impacts for those children whose mothers would not have been
able to take much leave without the reform. Galiani et al. (2005) find that the reductions in child mortality
caused by privatizing water provision in Argentina in the 1990s were largest for the poorest municipalities.
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first shock is in utero exposure to influenza, which has been shown to have long-run

negative effects on education, earnings and adult health (Almond 2006; Schwandt 2017).

The second health shock is access to well-child visits, which is known to have positive

long-term effects on outcomes similar to those Almond and Schwandt consider (Bütikofer

et al. 2017). Specifically, I ask the following question: Does fetal exposure to influenza

reduce the long-term returns to mother and child health care centers?

To the best of my knowledge, this thesis is the first to look at whether there are long-term

complementarities between two quasi-exogenous shocks to infant health in a developed

country setting.2 Seasonal influenza is a particularly relevant shock because of the fre-

quency of the disease, and because the illness can be prevented through vaccination of

pregnant women. If infants who are exposed to maternal influenza benefit less from uni-

versal interventions such as access to well-child visits, vaccination would be a simple way

of reducing inequality of opportunity among infants. Although the setting and data are

from Norway in the 1930s and 1940s, this study should therefore be of policy relevance

today both in the context of well-child visit programs being rolled out in developing coun-

tries, and in the context of low vaccination rates in countries with universal well-child visit

programs.3

The remainder of the paper is organized as follows: In Section 2, I present the conceptual

framework of dynamic complementarities, influenza and well-child visits, and give an

overview of the literature most closely related to my study. In Section 3, I describe my

data. In Section 4, I explain the theory behind the empirical strategy I use to identify

complementarities. I also present my main specifications. In Section 5, I present my

results, followed by robustness checks. In Section 6, I discuss limitations to my analysis

and provide suggestions for further research. Section 7 contains concluding remarks.

2Gunnsteinsson et al. (2016) look at short-term complementarities in infant health in a developing country.
They combine a quasi-exogenous shock with variation from a randomized controlled trial.

3Although the World Health Organization (WHO) recommends influenza vaccination to pregnant women
(WHO 2016), vaccinations rates among pregnant women remain low in many countries (see for instance
Norwegian Institute of Public Health (NIPH) 2015).
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2 Background

The literature on early development is huge, and the topics studied span from environ-

mental health effects (e.g. Almond and Mazumder 2011; Bharadwaj et al. 2014; Bleakley

2007; Currie and Walker 2011) to the importance of quality care (e.g. Carneiro et al.

2015; Garces et al. 2002; Havnes and Mogstad 2011). For this reason, I focus only on

the literature most closely related to my thesis. I start by formally defining the concept of

dynamic complementarities and reviewing the existing empirical literature on the topic.

Then, I explain how in utero exposure to influenza can be seen as a negative shock to the

fetus, and what short- and long-term consequences we may expect from influenza expo-

sure based on the literature. In the last part of this section, I describe the rollout of mother

and child health care centers in Norway and why we may expect outcomes to improve for

infants who gain access to well-child visits.

2.1 Dynamic Complementarities

The idea behind dynamic complementarities is that the productivity of an initial invest-

ment in a child’s capabilities may increase with subsequent investments (Cunha and Heck-

man 2007). For instance, we may expect children with higher initial levels of skills to

benefit more from access to preschools (Aizer and Cunha 2012).

Cunha and Heckman (2007) formally define dynamic complementarities as

∂2ft(h, θt, It)

∂θt∂I ′t
> 0, (1)

where h denotes the parental characteristics, θt the vector of skill stocks at time t, and It

the (parental) investment in the child at time t.
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With complementarities, how much the human capital accumulation process is affected

by investments depends on the stock of skills. In this framework, importantly, universal

interventions could serve to increase differences between children with different levels of

skills.

For my analysis, I treat influenza as a negative shock to the stock of skills θt, and allow

It to capture the well-child visits investment in the child. Apart from influenza being a

negative shock, the interpretation remains the same as in Cunha and Heckman (2007). We

observe dynamic complementarities if infants who never were exposed to influenza, and

therefore presumably have a higher stock of skills, benefit more from access to well-child

visits.

To causally identify complementarities, exogenous shocks to both the initial skill level

(θt) and to the subsequent investment (It) are needed, as pointed out by Almond and

Mazumder (2013). Since settings where ‘the lightning strikes twice’ are rare, not much is

yet known about the empirical existence of dynamic complementarities. Below, I present

an overview of a select number of working papers that use two convincingly exogenous

shocks to estimate interaction effects.

For Danish infants born between 1930 and 1957, Rossin-Slater and Wüst (2016) study

the long-term interaction effect of home visits during infancy and targeted high-quality

preschool. To answer their research question, they use administrative data together with

intertemporal and spatial variation in access to well-child visits and high-quality preschool

childcare. They find that although both interventions had positive impacts on their own,

access to well-child visits substantially lowered the value-added of high-quality preschool

childcare. For years of schooling and male adult income, the positive effect of preschool

was lowered by approximately 85 percent, pointing to high-quality preschool childcare

and nurse home visiting programs being substitutes rather than complements.
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For Romania, Malamud et al. (2016) utilize the legalization of abortion as an exogenous

source of variation in parental investments. Presumably, cohorts born after the legaliza-

tion should be subject to somewhat higher parental investments than cohorts born while

abortion was still illegal. They combine the reform with exogenous variation in access

to high-quality schools, stemming from slots being allocated strictly on the basis of tran-

sition scores. Although both shocks had positive impacts on individuals’ scores on an

important exam taken towards the end of high school, there is little evidence of positive

interactions. The authors provide suggestive evidence that the lack of significant interac-

tion effects may be due to behavioral responses by students and parents.

Johnson and Jackson (2017) consider two shocks to the childhood environment in the U.S.

in the 1960s and 1970s. Their first shock is the Head Start program starting in 1964, which

among other things aimed at improving preschool and health care access for poor children.

The second shock is court-ordered school finance reforms starting in the 1970s, which

reduced inequality in school spending across the U.S. Using individual-level data from

the Panel Study of Income Dynamics, they find evidence of dynamic complementarities

between the two shocks, with the Head Start program increasing returns to the school

finance reforms.

Taking a different approach to measuring complementarities, Gilraine (2016) analyzes

whether the effect of accountability schemes that hold schools accountable for their stu-

dents’ performance increases when children are exposed in multiple periods. Specifically,

he analyzes the effect on test scores of the accountability schemes that followed the U.S.

No Child Left Behind Act of 2001, and finds that being exposed to the program for a sec-

ond year increases the effect of the first year exposure with 0.2-0.3 standard deviations.

A related strand of literature asks whether the damage caused by negative income shocks

following natural disasters can be undone. Such mitigating effects of investments on

negative shocks are inconsistent with the model of dynamic complementarities as defined
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by Cunha and Heckman (2007), since the theoretical model posits that initial inequality

increases with subsequent investments. This literature is therefore also highly relevant to

this thesis.

Adhvaryu et al. (2016) find mitigating effects of conditional cash transfers on early disad-

vantage in Mexico around the year 2000. Specifically, the authors find that adverse rain-

falls lowers the agricultural wage, so that children born in seasons with adverse rainfall

have significantly worse educational and employment outcomes. However, randomized

access to the conditional cash transfers from the Progresa experiment mitigates a large

share of this damage. Each additional year of exposure to the cash transfers is estimated

to reduce the negative impact of the adverse rainfall with 20 percent. For most specifica-

tions, this interaction effect is almost half the size of the coefficient on access to the cash

transfers, pointing to substantial heterogeneity in the returns to the cash transfers.

Duque et al. (2016) study two similar shocks in a Colombian setting. Using administrative

data for all cohorts born in the 1990s, they find that access to conditional cash transfers has

a positive impact on children’s educational outcomes, and that the effect is large enough

to mitigate the damage caused by exposure to extreme weather during the first years of

life. However, the effect of cash transfers does not seem to depend on whether the child

had been affected by extreme weather.

Gunnsteinsson et al. (2016) look at potential complementarities in the health of infants

during the first six months of life. The authors utilize the fact that in 2005, a tornado hit

an area in Bangladesh that was already involved in a large-scale randomized controlled

trial (RCT) on vitamin A supplements to infants. For male infants, they find that tornado

exposure increased the frequency of severe fevers, and lowered nutritional status. How-

ever, access to the vitamin A supplement at birth completely protected infants from these

harmful effects. Their evidence points to a mitigating role of the vitamin A shock on

differences in infant health.
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In sum, a consensus on whether complementarities exist has not yet emerged from the

literature. Whereas some studies suggest that returns to investments are higher for those

with higher levels of baseline skills, other suggest that returns are higher for those who

have been subject to negative shocks. The literature therefore gives little guidance as to

what to expect from the interaction between influenza and well-child visits.

2.2 How Does Influenza Affect an Individual’s Stock of Skills?

Influenza is a contagious illness caused by influenza viruses (Centers for Disease Control

and Prevention, National Center for Immunization and Respiratory Diseases (NCIRD)

2016). The viruses are believed to spread primarily through droplet transmission. Because

the viruses are constantly mutating, immunity based on exposure to previous influenza

infections is lost over time (NIPH 2016). During a typical winter season, five to ten

percent of the Norwegian population will get influenza. Although the viruses may infect

anyone, pregnancy makes women more susceptible to a severe disease course due to

changes in the immune system, heart, and lungs (NCIRD 2017). For a more extensive

presentation of seasonal influenza, I refer to Schwandt (2017).

Although the exact mechanisms by which influenza affects the fetus are not yet well

understood, a large literature both in medicine and economics has established that fetal

exposure to influenza infection may have severe short- and long-term impacts. Below,

I describe a selected number of studies that, like this thesis, are concerned with how in

utero exposure to influenza affects long-run outcomes.4

Almond (2006) broke ground by studying the long-term effects of the Spanish flu, an

influenza pandemic that started in 1918. Using U.S. census data, he found that individ-

4For short-term effects, see for instance Bloom-Feshbach et al. (2011), who find that maternal influenza in-
fections are associated with increased rates of miscarriages, or Currie and Schwandt (2013), who document
a link between third trimester infections and shorter gestation length.
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uals who were in utero during the outbreak had lower educational attainment, income

and socioeconomic status than surrounding birth cohorts, in addition to increased rates

of physical disability and transfer payments. Although Almond’s study has been criti-

cized for a potential selection bias due to fathers of affected cohorts on average having

lower socioeconomic status than fathers of surrounding cohorts (see Brown and Thomas

2016), replication studies with data from countries largely unaffected by World War I

have also found long-term negative effects of in utero influenza exposure (Lin and Liu

2014; Neelsen and Stratmann 2012; Nelson 2010).5

Studies of other pandemics have also found negative impacts, such as Kelly (2011) who

used British data to analyze the impacts of the Asian flu in 1957 on outcomes for children

up to the age of eleven. She found that in utero exposure to the pandemic negatively

affected cognitive development as measured by test scores at the age of seven and eleven.

For physical outcomes, she only finds a negative effect for children of mothers with certain

characteristics. Birth weight is negatively affected if the mother either smoked before

pregnancy or were shorter than 154 cm. Height at the age of seven and eleven is negatively

affected if the mother smoked.

The negative impact of influenza exposure may persist across generations. Using Swedish

registry data for children whose parents were affected by the Spanish flu, Richter and

Robling (2016) show that the pandemic decreased educational attainment for the second

generation, but only if the potentially exposed parent was the same gender as the child.

Months of schooling decreased by 3-4 months for females and by 4-7 months for males,

whereas the probability of attending college decreased by 3-5 percentage points (p.p.) for

females and by 7-11 p.p. for males. The authors note that the effects seem to run both

though biological mechanisms and through changes in the socioeconomic status of the

first generation.

5Also in a Norwegian setting, pandemic flu has been shown to negatively affect long-term outcomes. A
recent master thesis finds that fetal exposure to the Spanish flu reduced educational attainment for males,
and that the effect was particularly strong in the poorest municipalities (Bakken and Husøy 2016).
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All of the studies above are concerned with pandemic influenza. Pandemics are suitable

natural experiments, both due to arguably being exogenous shocks, and due to the high

infection rate. However, as pointed out by Schwandt (2017), because pandemics are

caused by mutated viruses to which we are not immune, they are hardly preventable. In

addition, pandemics are rare. Seasonal influenza, on the other hand, is a frequent illness

that can easily be prevented by means of vaccination. Understanding the consequences of

seasonal influenza may therefore be of large policy importance.

Schwandt (2017) was the first to show that also seasonal influenza has long-term negative

effects on the fetus. Using administrative data for Danish individuals born between 1980

and 1993, he finds that infants who were exposed to influenza in utero earn nine percent

less than their non-exposed counterparts. In addition, they are 3-4 p.p. less likely to

participate in the labor market, and 35 percent more likely to be on welfare. Schwandt

provides evidence that these labor market effects may be driven by lower cognitive skills

among those affected by influenza. Even though birth weight and prematurity are also

affected by influenza exposure, parts of the long-term harm are likely not to be observed at

birth. Comparing results of two different approaches, Schwandt finds that cohort analysis

yields similar results as tracking individual mothers who were hospitalized with influenza

infections during pregnancy.

Both Schwandt (2017) and others have analyzed impacts of influenza by the trimester of

exposure. Exposure in the third trimester is associated with shorter gestation and lower

birth weight (Currie and Schwandt 2013; Schwandt 2017), whereas first trimester ex-

posure has been linked to increased risk of miscarriages (Bloom-Feshbach et al. 2011;

Schwandt 2017). Exposure during the second trimester, which is the trimester with

strongest neural brain development, has been shown to affect education and labor market

outcomes (Kelly 2011; Schwandt 2017). The second trimester is therefore the period of

main interest in my analysis.
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2.3 The Return to Investment in Well-Child Visits

There is a growing literature showing that access to well-child visits or other forms of

infant health care has important consequences both in the short and long run. Moehling

and Thomasson (2014) look at various public health interventions provided in the United

States under the Shephard–Towner Act in the 1920s and find that nurse home visits was

among the most effective interventions in reducing infant mortality. Chen et al. (2016)

compare infant mortality rates in the United States and four European countries, and put

forward nurse home visits as one intervention that could help bring down the relatively

high rates of infant mortality in the United States.

A number of studies have used the nurse home visiting program in Denmark as a natural

experiment to causally identify the consequences of access to well-child visits. Looking

only at the short-run effects of the program, Wüst (2012) finds that access to home vis-

iting nurses increased infant first-year survival rates with 0.5-0.8 percent. Furthermore,

she finds evidence suggesting that the program reduced mortality from acute enteritis,

pointing to promotion of breastfeeding and proper infant nutrition being important mech-

anisms behind the mortality reductions. More long-term, using administrative data, Hjort

et al. (forthcoming) find improved adult health for the infants who were exposed to the

program. Exposure to the program reduces the mortality between the age of 45 and 57. In

particular, cardiovascular health is improved, with lower probability of being diagnosed

with and dying from cardiovascular disease. The authors find evidence of heterogeneous

treatment effects, with mortality reductions being larger for females, infants born in urban

areas, and infants born in areas with worse baseline levels of infant health.

For Sweden in the 1930s, Bhalotra et al. (2016) find substantial short- and long-term

mortality effects of a program that provided information, support and monitoring of infant

care. In particular, the program provided information to mothers about sanitation and

nutrition. The authors estimate that the program reduced the risk of dying in infancy with
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24 percent, whereas the risk of death before the age of 75 is reduced with seven percent.

For Norway between 1936 and 1960, Bütikofer et al. (2017) show that access to infant

care in the first year of life improved educational, labor market and health outcomes.

The authors estimate that the completed years of schooling increased with 0.15 years,

whereas earnings increased with two percent. Furthermore, exposed infants are taller as

adults, and have fewer health risks at age 40, suggesting that improved nutrition during

the first year of life could have been an important mechanism. The estimated effects are

largest for children from a low socioeconomic background and for children from munic-

ipalities with poor health status. The program seems to have long-lasting consequences,

with intergenerational persistence in education decreasing with ten percent following the

program. For well-child visits, my study uses the same natural experiment as in Bütikofer

et al. (2017).

In Norway, mother and child health care centers were rolled out during the first half of the

20th century following concerns about child health and infant mortality (Bütikofer et al.

2017). Starting with a few centers, the rollout intensified during the 1930s. By 1946,

more than 400 centers had been established all over Norway (Schiøtz 2003).6 These were

easily accessible, and their services were free of charge. Although the centers were open

to anyone, centers mainly targeted their services at poor families.

By providing both services aimed at the infant and services aimed at the parents, the

centers targeted the infants’ early-life environment from two sides at the same time (see

Rossin-Slater and Wüst (2016), who make this point about a similar intervention in Den-

mark). Infants would be examined by doctors and nurses, and referred to a doctor or

hospital if necessary (Bütikofer et al. 2017). Mothers would be provided with advice on

infant nutrition. In particular, breastfeeding was promoted. Mothers were also taught how

to make nutritious and safe milk formulas. Additionally, mothers were advised on how to

6See Bütikofer et al. (2017) for maps illustrating the spatial variation in access to centers.
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reduce the risk of infant mortality, for instance through proper clothing and hygiene.

The uptake was rather large, with approximately 40 percent of all infants in treated munic-

ipalities being registered as receiving care at a mother and child health care center within

the first year after an opening, and rates increasing to well above 60 percent within three

years (Bütikofer et al. 2017). On average, a child was examined at the center three to four

times during its first year of life. For a more detailed presentation of the mother and child

health care centers and their background, see Bütikofer et al. (2017).

3 Data

This thesis combines a variety of data sources into pooled cross-sections of cohorts born

between 1935 and 1945. Below, I describe the data in more detail.

3.1 Influenza

For information about influenza morbidity for the period 1935-1945, I use the Medical

Statistical Reports stored in the Norwegian National Archives. The Medical Statistical

Reports describe the health situation in each medical district per year, reporting among

other cause-specific morbidity and mortality numbers. Since the data was not electroni-

cally available, I manually copied the monthly number of influenza cases per district to a

spreadsheet.7

The district structure largely remained unchanged in this period, but some changes need to

be taken into account.8 These changes are handled as conservatively as possible, reducing

7As of Jan 01, 1935, Norway consisted of 377 medical districts (Statistics Norway 1937a). By comparison,
there were 426 municipalities in Norway as of Feb 26, 2017, implying that on average, a medical district
covered just a little bit more than one modern municipality.

8See Statistics Norway (1937a, 1939a,b, 1940, 1941a, 1943, 1946, 1948, 1949).
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the variation in the data somewhat. Districts that merge between 1935 and 1945 are

treated as one during the entire period, including the years prior to merging. Districts

that split between 1935 and 1945 are reported together for the entire period. For a few

districts, influenza numbers were available on a more detailed geographical level for all

years. In these cases, I treat each area as a separate district. This approach results in 372

districts.9

The influenza numbers in the Medical Reports are not adjusted for population size. I

therefore used historical population data to compute the number of influenza cases per

1,000 inhabitants. Since municipality-level population data was not available from Statis-

tics Norway (SSB) for years prior to 1951, I used 1951 population data as point of

departure, and then subtracted the net population change each year to arrive at yearly

municipality-level population measures.10 The exact details of this process can be found

in Section A2. In order to minimize the measurement error from having only yearly pop-

ulation numbers, I assumed a linear population growth between January and December

each year.11 I then used historical overviews over the municipalities covered by each

medical district to compute yearly population measures per medical district.12

Figure 1 presents how the nationwide influenza rate per 1,000 inhabitants developed be-

tween January 1935 and December 1945. The influenza rate shows strong seasonality,

with clear spikes every winter. However, the magnitude of the spikes varies strongly. For

instance, the infection rate was more than five times higher at the peak in 1939 than at the

peak in 1938.

9For infant mortality data, I only use the years 1936-1938. Since fewer districts were affected by changes
in this period, I create a separate influenza data set in order to keep as much of the variation as possible.
The same approach then results in 376 districts.

101951 population data are retrieved from Statistics Norway (2017a), whereas the population changes prior
to 1951 are retrieved from Statistics Norway (2015).

11Since the yearly population changes are rather small, the monthly population measures are not affected
by whether I assume linear or exponential growth between January and December each year.

12Sources: Statistics Norway (1932, 1937b, 1941b, 1951).
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Figure 1: Nationwide Influenza Prevalence per Month
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Notes: This figure shows the nationwide influenza prevalence per 1,000 inhabitants in Norway between
1935 and 1945, measured on a monthly basis.
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It is also useful to look at geographical differences. Table A1 presents summary statistics

for the influenza data for each county. The mean influenza rate is rather stable at 1-2

cases per 1,000 inhabitants for all counties. However, the maximum rate varies strongly

across counties, with some counties having very large standard deviations. In Section 5.3,

I therefore check how my results are affected by removing outliers.

The influenza data have important shortcomings, both in terms of the population data

that is used to compute infection rates, and in terms of how the influenza was recorded.

For the population data, the most important limitation is that it only accounts for how

many people were formally registered in a given municipality. It therefore does not take

the evacuation of the northern parts of Norway into account.13 In order to check that

my results are not driven by this limitation, I run alternative regressions on a subsample

excluding the period affected by the evacuation.

The most important limitations of the influenza reports are that there may be systematic

differences in how many of the actual cases are brought to a doctor’s attention, which

symptoms are recognized as influenza, and how accurately the doctors kept track of the

number of cases. However, as I will explain in Section 4, district fixed effects should

effectively deal with the part of the doctor-specific behavior that is constant over time.

Another limitation is that I do not know which individuals were affected. I therefore need

to assume that the overall influenza prevalence in a district is a good proxy for the share

of infected pregnant women, meaning that the ratio of pregnant women to the overall

number of reported cases should not vary substantially over time within a district.

13In the fall of 1944, the Nazi regime ordered large parts of the population of the northern counties
Troms and Finnmark to evacuate (Petterson 2016). However, the approximately 67 000 inhabitants that
moved south formally remained registered in their home municipalities. I have not been able to find
any overviews over exactly where the evacuated population lived during this period, and the population
numbers in the southern parts of Norway are therefore too low for the fall of 1944 and spring of 1945. I
consider it likely that some municipalities sheltered a relatively larger share of the evacuated population
than others, so that the measurement error may vary with unobserved variables.
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3.2 Mother and Child Health Care Centers

The data describing the rollout of mother and child health care centers were collected by

the authors of Bütikofer et al. (2017), and stem from surveys that were sent out to all

Norwegian Women’s Public Health Association (NKS) centers in 1939 and 1955. For

a more detailed description of the collection process, see Bütikofer et al. (2017). These

surveys contain information about the opening year of each center. For some centers,

the opening month is also reported.14 In my main specifications, I assume that centers

opened in January if the opening month is not observable. I run alternative specifications

using July to verify that assumptions on the missing opening months do not substantially

change my results.

An important limitation of the mother and child health care center data is that it only

covers centers run by NKS. Even though NKS was by far the most important center

initiative in the period considered here, I cannot rule out that other initiatives established

centers in the same period. Since the presence of other centers in municipalities not

affected by NKS centers could bias my estimates towards zero, I follow the approach of

Bütikofer et al. (2017) and include only the municipalities that got an NKS center before

1955 in my sample.15

3.3 Outcomes and Control Variables

For long-run data, I used Norwegian registry data from SSB. The registry data combines

information from various official registries into a detailed individual-level data set cover-

ing the Norwegian population. In the following, I briefly describe the various variables.

14Bütikofer et al. (2017) do not consider the opening month in their analysis.
15Reassuringly, Bütikofer et al. (2017) provide evidence that the fraction of children registered as receiving

care at a mother and child health care center in their municipality of birth goes from practically 0 to ap-
proximately 40 percent in the year of the first center opening by NKS. This suggests that the municipalities
were not treated by other centers prior to the NKS center opening.
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Information about gender as well as the municipality, year and month of birth are provided

by the central population register.16 Individuals born outside of Norway drop out of my

sample because I use the medical district of birth in my identification strategy. Individuals

born early in 1935 drop out because I do not have influenza data for 1934.

The central population register also provides mother and father identifiers, allowing me

to control for whether the parents’ education level and age at the time of the child’s birth

were above or below average. The mother identifier additionally allows me to include

an indicator of whether the mother was unmarried in 1960.17 Following Bütikofer et al.

(2017), for all control variables, I keep the sample constant across specifications with and

without control variables by including dummy variables indicating whether the control

variable is missing.

The parental identifiers also serve to link siblings together. This is essential both in order

to control for birth order, and to enable me to identify treatment effects by looking at

children in the same family. When comparing siblings, having identifiers for both parents

could potentially represent an improvement over only having a mother identifier because

families where all children are born to the same father may be different than families

involving multiple fathers. However, father identifiers introduce another measurement

error, given that the tendency for mothers to report the correct father may depend on

unobservable variables that also may affect outcomes of interest. Since the mother iden-

tifier is likely to be rather accurate, whereas the father identifier potentially has important

limitations, I use only the mother identifier when comparing siblings.

Completed years of education is taken from SSB’s educational database, or from the 1970

census for individuals who completed their education before the start of the education

database. The census data is self-reported, but considered to be relatively accurate. Dis-

16The municipality of birth variable is based on the municipality structure around 1980. A detailed descrip-
tion of how these municipalities were traced back to the 1930s can be found in Section A2.

17Divorced and widowed mothers are not counted as unmarried.
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counted average yearly earnings between 1967 and 2010 stem from the tax and income

registry, and is given in 1998 NOK. The earnings measure is based on labor earnings, tax-

able sick benefits, unemployment benefits, parental leave payments and pensions. It is not

top-coded. In order to enter in the income data, individuals need to be alive in 1967, and

to earn taxable income between 1967 and 2010. The population covered by the registry

data is therefore likely to be slightly positively selected.

Although registry data is likely to be much more reliable than self-reported data, there

is some potential for measurement error. The income measures are based on reported

taxable income only, potentially making it subject to under-reporting. The degree of

under-reporting may depend on unobserved variables that may in turn affect the outcomes

of interest, such as preference for risk.

For every district, I have created average measures by weighting the municipality level

characteristic by the municipality’s relative size in the medical district. The ratio of doc-

tors to inhabitants in the child’s year of birth was collected from SSB’s historical yearly

health statistics. The ratio of students to teachers in the child’s year of school enrollment

was collected from SSB’s historical yearly school statistics.

Summary statistics are presented in Table 1. Average earnings for males is approximately

207,100 NOK, whereas the female average is less than half of that amount. Average

years of schooling is rather high, with a large share of individuals taking more than the

minimum level of schooling. The gender difference is much lower for education.

In order to look at potential short-term selection effects, I use data on stillbirths as well as

mortality during the first year of life. Statistics Norway (2015) contains all reported live-

and stillbirths in the period, allowing me to compute the stillbirth rate per municipality

per year. A clear limitation of these data is that years with less than three stillbirths in a

municipality are listed as missing for privacy reasons. Bakken and Husøy (2016) point to

other reasons why the number of stillbirths is an imperfect measure. Examples include
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Table 1: Summary Statistics

Outcomes Males Females
Earnings 1967-2010 204,044 88,293

(111,522) (66,433)
Observations 81,003 79,082

Earnings ages 31-40 230,518 71,369
(88,563) (69,359)

Observations 75,449 73,505

Earnings ages 41-50 251,868 119,331
(127,300) (82,531)

Observations 81,003 79,082

Years of schooling 11.256 10.313
(3.151) (2.693)

Observations 60,486 63,932

More than seven years of schooling 0.862 0.861

District background characteristics Both genders
Students per teacher 21.019

(7.418)
Doctors per inhabitants 0.046

(0.102)

Individual background characteristics
Mother’s age below mean 0.555
Father’s age below mean 0.535
Mother’s education below mean 0.743
Father’s education below mean 0.641
Mother unmarried in 1960 0.195

Notes: This table presents summary statistics for long-run outcomes
and background characteristics. The variable ‘Years of schooling’ de-
scribes the number of completed years of education per individual. The
variable ‘More than seven years of schooling’ indicates whether indi-
viduals took more than the seven years of schooling that were manda-
tory at the time. The variable ‘Earnings all years’ describes the average
discounted yearly earnings between 1967 and 2010 in 1998 NOK. The
variables ‘Earnings 31-40’ and ‘Earnings 41-50’ describe the average
discounted yearly earnings between the age of 31 and 40, and 41 and
50, respectively. The variable ‘Students per teacher’ describes the ratio
of students to teachers in the child’s year of school enrollment, whereas
the variable ‘Doctors per inhabitants’ describes the ratio of doctors to
inhabitants in the child’s year of birth. Both are measured at the med-
ical district level. The individual background characteristics are dum-
mies indicating whether the characteristic of interest is lower than the
sample mean, except from the variable indicating whether the mother
was unmarried in 1960.
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differences across doctors in how long after the birth the infant has to remain alive in order

to be counted as live-born, or what is considered a miscarriage and what is considered a

stillbirth. Even though such differences should be less of an issue when including district

fixed effects, I interpret estimates based on the stillbirth data with caution.

In order to compute infant mortality rates, I manually copied yearly district-level mortality

numbers concerning children below the age of one from the Medical Statistical Reports

to a spreadsheet. Complete data was collected for 1937 and 1938. I then used data from

Statistics Norway (2015) on the number of live births per municipality in 1937 and 1938

to compute the number of deaths per 1,000 infants.

4 Empirical strategy

4.1 Theoretical Framework

This thesis aims to identify the causal interaction effect between influenza and mother

and child health care centers. The inherent challenge with causal analysis is that each

individual is observable only as treated (Y1it) or as untreated (Y0it), so that the individual

causal effect of treatment, formally defined as Y1it − Y0it, is never observable (Angrist

and Pischke 2009). Instead, we turn to studying outcome differences between treated and

non-treated individuals. However, unless the outcomes of the two groups would have

been equal absent the treatment, outcome differences cannot solely be attributed to the

treatment. Differences in the composition of the two groups may lead to what we call

a selection bias, which formally can be defined as differences in the expected outcomes

absent treatment.

To identify the interaction effect between maternal influenza exposure and access to

mother and child health care centers, we therefore want the treatment group and the
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control group to differ only in terms of their influenza and center status. In an ideal

experiment, we would randomly assign both influenza rates and mother and child health

care centers across Norway. With large-scale randomization, we would expect the groups

to be statistically indistinguishable, so that any differences in outcomes would be due to

the treatment.18 This is neither practically nor ethically possible. However, the rollout of

mother and child health care centers in Norway around 1930, combined with variation in

the influenza rate, provides a natural experiment that goes a long way in removing any

selection bias.

Below, I will explain how we can use econometric techniques to create suitable control

groups that allow us to view influenza and mother and child health care centers as exoge-

nous shocks. First, I will explain how the effect of the centers can be analyzed with a

rollout strategy. Then, I will explain how district, cohort, and mother fixed effects can be

used to control for unobserved differences between districts and mothers with different

levels of influenza.

4.1.1 Rollout

Since the rollout analysis is a generalized difference-in-difference (DiD) approach, I start

by explaining the theory behind the DiD framework. For simplicity, I use the simplest

possible setup: One treatment group (D = 1) and one control group (D = 0), and two

periods: Pre-treatment, t = 0, and post-treatment, t = 1.

A DiD strategy assumes that without treatment, the outcomes of the treatment and the

control group would have moved in parallel. In Figure 2, this assumption is graphically

represented as a constant difference between the outcome of the control group (E[Y |D =

18Notably, Deaton (2010) argues that randomization should not be thought of as a ‘gold standard’. It is
beyond the scope of this thesis to discuss whether observational or experimental data would theoreti-
cally have been preferable. I therefore simply note that my research question could not be studied with
experimental data.
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Figure 2: A Theoretical Difference-in-Difference Model

E[Y1(1)|D=1]
−E[Y0(1)|D=1]

E[Y(0)|D=0]

E[Y(1)|D=0]

E[Y(0)|D=1]

E[Y0(1)|D=1]

E[Y1(1)|D=1]

t=0 t=1

Notes: This figure illustrates a simple DiD setup with two periods and two groups. t indicates whether we
are in the period prior to (t = 0) or post (t = 1) treatment. D indicates whether the group was treated
(D = 1) or not (D = 0). The solid lines indicate the actual outcomes. The key assumption of the DiD
framework is that without any treatment, the outcome of the control group would have moved in parallel
with that of the control group, as indicated by the dashed line. Under this assumption, the vertical arrow
indicates the average causal effect of treatment on the treated.

0]) and the counterfactual outcome of the treatment group (E[Y0|D = 1]).

The identifying assumption of common trends is clearly a strong one. The treatment and

the control group may be differentially affected by factors other than the treatment, such

as an economic downturn. There may also be local changes affecting either the treatment

or the control group, such as improved housing quarters for factory workers. It is therefore

important to ensure that the treatment and the control group are as similar as possible, and

to control for remaining differences to the extent possible. Time-invariant characteristics

will be captured by the district fixed effects, as I will explain below. Controlling for char-
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acteristics that vary over time introduces a potential problem since such characteristics

may be affected by the treatment, introducing endogeneity.19 I therefore use the common

solution of interacting time-invariant characteristics with the time indicator, allowing me

to control for differential linear trends without introducing endogeneity.

Under the assumption that outcomes would have moved in parallel absent any treatment,

the counterfactual outcome of the treatment group is given by the outcome of the control

group plus any initial difference between the groups. When the counterfactual outcome is

known, the treatment effect indicated by the vertical arrow in Figure 2 is easily computed.

Formally, the treatment effect20 is given by:

αTOT = E[Y1(1)− Y0(1)|D = 1]

= (E[Y (1)|D = 1]− E[Y (1)|D = 0])− (E[Y (0)|D = 1]− E[Y (0)|D = 0)

For the mother and child health care centers, we need a slightly more generalized ap-

proach than the simplified example above. As described in Section 3.2, we only want to

include districts that eventually got a center, meaning there is no suitable control group

that never receives treatment. However, we can exploit the fact that center openings hap-

pened over time to create a control group based on the districts that have not yet gotten a

center, but who will do so eventually. With a rollout strategy, districts are defined as part

of the control group until they get a mother and child health care center.

19I talk more about the problem of ‘bad controls’ in Section 6.
20In this simplified example, since everyone assigned to the treatment group takes up the treatment, the

treatment effect we estimate is a so-called treatment on the treated (TOT), meaning it describes the average
treatment effect among those taking up the treatment (Angrist and Pischke 2009). In real-world examples,
cases with a take-up rate of 100 per cent are rare. The identified effect is then a so-called intention to treat
(ITT) estimate, which is the average effect among everyone in the treatment group, regardless of whether
or not they actually took up treatment. With low take-up rates, we necessarily overestimate the extent to
which the treatment group was treated. In such cases, ITT estimates underestimate the effect on those
actually treated, and we divide the ITT estimate by the take-up rate to get the TOT estimate. In my case,
since I do not know who were infected with influenza or who visited the mother and child health care
centers, my estimates will be ITT in nature, and therefore constitute a lower bound of the TOT effect.
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The crucial assumption behind a rollout is that the timing of the rollout does not depend on

the potential for treatment, or on other factors affecting the outcome of interest. Bütikofer

et al. (2017) perform a number of checks to verify that this key identifying assumption

holds up for the Norwegian mother and child health care center rollout. First, they go

through all relevant reforms and law changes in the period to check that they are not cor-

related with the timing of the center openings. They find no reforms or law changes that

could potentially have been correlated with center openings for the birth cohorts I study.

Secondly, they test whether the timing of center openings could be predicted by either

1930 district characteristics or changes in district characteristics between 1930 and 1946.

The only characteristics they found to have predictive power were the 1930 urbanity sta-

tus, population size, and inhabitants per doctor. They therefore exclude the largest cities

at the time from their main sample, and control for inhabitants per doctor in the district

at the time of birth. The same approach is followed in this thesis. Lastly, they use an

event-study specification to check whether the timing of center openings depend on pre-

opening trends. They find practically no anticipatory effects, pointing to the assumption

that timing of the rollout does not depend on other factors affecting the outcome of inter-

est holding up. Using a rollout strategy, I should therefore correctly identify the effect of

getting access to mother and child health care centers.

4.1.2 District, Cohort and Mother Fixed effects

For influenza, we may worry that the infection rate is not a completely exogenous shock.

For instance, we may expect crowded housing quarters to allow the influenza virus to

spread more easily. Crowded quarters may also affect the outcomes of interest for instance

through slower accumulation of human capital because children have nowhere to do their

homework. If we fail to control for such variables that both affect the outcome and are

correlated with regressors, the error term no longer has a zero conditional mean, and the

OLS estimator is no longer unbiased (Wooldridge 2012). In our case, failing to control
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for the fraction of the population living in crowded quarters could lead us to overstate the

detrimental effect of influenza on long-term outcomes.

However, we do not have data on housing conditions. Instead, we may use fixed effects

to control for unobserved characteristics that are constant over time. To see this, we

may imagine a simplified setup where influenza is as good as randomly assigned across

medical districts conditional on the unobservable fraction of people living in crowded

quarters. Absent influenza, we therefore expect outcomes to be the same for those who

get and those who do not get influenza, conditional on the housing conditions. Formally,

E(Y0dt|Hd, Ddt) = E(Y0dt|Hd) where the subscript 0 indicates the outcome without in-

fluenza, d indicates the district and t the time, whereas Ddt denotes the influenza status

and Hd denotes the housing conditions.

Since housing conditions enter without a time subscript in the equation, and therefore by

assumption is constant over time, we can implicitly control for it by including a district

fixed effect in the regression model. District fixed effects capture all district characteristics

that are constant over time, so that the relationship between influenza and the outcome of

interest is estimated using only districts where the influenza infection rate varies over

time.

In a regression setup, it is easy to see that lumping the unobserved Hd together with the

zero-mean error term udt would give us an error term εdt = udt + Hd that would violate

the zero-conditional mean assumption. Since we cannot simply move Hd out of the error

term by directly controlling for housing conditions, we instead include the fixed effect

αd = α + γHd and estimate the following model:

Ydt = αd + θDdt + udt

Now, under the assumption that the causal effect of influenza exposure on the outcome of

interest is additive and constant, θ has a causal interpretation.
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We can use fixed effects for units other than districts as well. In general, fixed effects

control for unobserved characteristics that vary either with the time dimension or across

the units we observe, and are constant along the other dimension. For instance, year

fixed effects control for characteristics that affect entire cohorts in a given year, such

as schooling reforms. With year fixed effects, the relationship of interest is estimated

using only variation across units within each year. Family fixed effects control for effects

that are constant across siblings, for instance the parents’ preference for schooling. The

relationship of interest is then estimated based on families where at least one child had

access to the treatment, and at least one child did not.

There are different ways to include fixed effects in a model. One way is to include dum-

mies. In the examples above, this would imply including dummies for all districts, years

or families, respectively. Alternatively, fixed effects can be estimated as deviations from

the mean, so-called within-group estimation. In the influenza example, we would calcu-

late district averages and subtract them from the model:

Ydt − Ȳdt = (αd − ᾱd) + θ(Ddt − D̄dt) + (udt − ūdt)

Since αd is constant over time, it falls away. The last possibility is differencing:

∆Ydt = ∆αd + θ∆Ddt + ∆udt

Again, since αd has no time dimension, it falls away.

4.2 Identification Strategy

In order to analyze how influenza interacts with access to mother and child health care

centers, I combine the empirical approaches from Bütikofer et al. (2017) and Schwandt

(2017), with some modifications. Infants are defined as treated by mother and child health
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care centers if they are born within 12 months of, or after, the first center opening in their

medical district. Influenza treatment is defined as how much the influenza prevalence in

the medical district of birth deviates from the typical influenza seasonality pattern in a

period of interest during the pregnancy, since the deviation is likely to be less predictable

than the actual infection rate (Schwandt 2017).21 Whereas Schwandt uses month fixed

effects to estimate the nationwide seasonality pattern, I have data on a more detailed ge-

ographical level and therefore include month-district fixed effects to estimate seasonality

patterns per district. Following Schwandt (2017), when analyzing effects by trimester of

exposure, I include all trimesters.22 Since I cannot observe the exact period of infection,

and since infection rates in different months are likely to be strongly correlated, including

only the trimester of interest could potentially lead to an omitted variable bias.

The risk of influenza and of severe consequences may not be constant across mothers.

Children born to different mothers may therefore not be directly comparable. However,

Schwandt (2017) provides suggestive evidence that including mother fixed effects effec-

tively controls for such maternal selection into influenza.23 I therefore include mother

fixed effects.24

21On the downside, this approach reduces the amount of variation in my data, and potentially increases the
measurement error since small variations in the data are given more weight (Schwandt 2017).

22Since I do not know the date of conception, measures of influenza exposure during the different periods
of pregnancy are calculated by counting months backwards from the date of birth of each infant.

23There is also another reason why Schwandt (2017) controls for mother fixed effects. In modern settings,
mothers giving birth in different months have been shown to differ on important characteristics such
as socioeconomic status (Currie and Schwandt 2013). However, as pointed out by Bakken and Husøy
(2016), reliable birth control methods were not available in the period I study. Controlling for month of
conception should therefore not be necessary in my setting.

24Whereas mother fixed effects are important for the internal validity of my analysis, it is important to bear
in mind that effects estimated based on sibling samples may not necessarily carry over to the population
of only children or twins.
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Specifically, I estimate the following model:

Yidt = α0 + α1Fludt + α2Centerdt + α3(Fludt × Centerdt)

+ βXidt + λd + θt + γmd + ηf + ρdt+ uidt (2)

where Yidt is the outcome of interest for individual i born in district d at time t, and Fludt

describes the influenza rate in district d in a given period of the pregnancy. Centerdt is

a dummy indicator equal to 1 if an NKS center opened in district d within a year after

the individual was born, and 0 otherwise. Xidt is a set of individual and district-level

characteristics. λd are district fixed effects, capturing time-invariant characteristics at the

district level. Similarly, θt are cohort fixed effects, capturing common time shocks. γmd is

a set of district-month fixed effects, capturing the typical district-level pattern of influenza

seasonality. ηf is a set of family fixed effects. ρd is the coefficient of a district-specific

time trend variable t, which controls for districts potentially being on different trends. uidt

is the zero-mean error term.

α1 measures the effect of influenza in a period of interest during pregnancy, conditional

on not having a mother and child health care center in the medical district. α2 measures

the effect of having access to a center, conditional on no influenza. The coefficient of

interest, α3, measures how the effect of having access to a center is affected by influenza.

Since I control for district-specific time trends and district-specific monthly effects, all

coefficients are identified based on deviations from pre-existing district-specific trends

and seasonality patterns. Due to the inclusion of mother fixed effects, all effects are

identified based on variation in influenza and center exposure across siblings.

In Equation (2), I make implicit assumptions about the infants. Like Bütikofer et al.

(2017), I assume that infants reside in their medical district of birth during their first 12

months of life. Since my data does not include the exact date of birth, I also assume that

children were born on the last day of their birth month, being ”treated” by the influenza
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prevalence of their birth month and the eight months prior to this month.

For two reasons, the standard errors are clustered at the medical district level. First,

individuals within a group may have similar backgrounds and may be exposed to the

same environmental factors (Angrist and Pischke 2009). In such cases, there might be

substantial correlation between the outcomes within a group, which must be accounted for

by adjusting the standard errors. This is particularly important when using regressors with

little within-group variation, as the correct standard errors may then be much larger than

the conventional ones. I therefore cluster the standard errors at the medical district level,

both in order to account for shared background characteristics, and because influenza rates

and access to mother and child health care centers vary only at the district level. Since

my sample consists of more than 350 medical districts, the consistency of the clustered

estimator should not be an issue.

Clustering at the medical district level also solves another problem, namely that of serial

correlation in the error terms. With a DiD strategy, shocks that are common to all individ-

uals in given districts and years, such as weather shocks or local reforms, may confound

our estimates since it will be hard to distinguish the causal effect of treatment from the

effect of the local shocks (Angrist and Pischke 2009). The problem can be mitigated by

including multiple periods and/or multiple groups, increasing the chance of such shocks

being zero on average. Still, we may expect shocks to be serially correlated across time.

The problem can be solved by clustering at a higher level, as long as the higher level

includes at least 42 clusters. In my case, since I have a large number of medical districts,

clustering at the medical district level mitigates the problem of potential district-year-level

shocks.
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5 Results

Below, I present the results of my analysis. I start by describing my findings using the

entire sample. Then I present results for various subgroups in order to investigate whether

there may be heterogeneity by gender, socioeconomic status or geographical area. Lastly,

I verify that my results are robust to changing a variety of assumptions.

5.1 Main Results

For education, I look at effects on years of schooling both on the intensive and extensive

margin.25 For earnings, in addition to the log average discounted earnings between 1967

and 2010, I study effects on log earnings in two important periods of life: Between the

age of 31 and 40, and between the age of 41 and 50.

Table 2 presents the estimated effect of influenza and access to mother and child health

care centers on education and earnings using Equation (2). For earnings, I use logs in

order for the linearity assumption to be more closely satisfied, and to make the estimates

less sensitive to outliers (Wooldridge 2012). Each column represents a separate regres-

sion, with (1) completed years of schooling, (2) whether individuals took more than the

mandatory seven years of schooling, (3) log average discounted earnings between 1967

and 2010, (4) log average discounted earnings between the age of 31 and 40, and (5) log

average discounted earnings between 41 and 50 as the dependent variables. The depen-

dent variable is regressed on the average number of reported influenza cases per 1,000

inhabitants during the pregnancy as a whole, a dummy indicating whether the infant had

access to a mother and child health care center before the age of 1, and an interaction

between the two. All specifications include gender, birth order, and dummies indicating

25For children in my sample, the mandatory level of schooling was seven years (Store norske leksikon
2015).
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Table 2: Long-Term Effects, Pregnancy as a Whole

Education (margin) Log Earnings

(1) (2) (3) (4) (5)
Intensive Extensive 1967-2010 Age 31-40 Age 41-50

Centers 0.376∗ 0.034 -0.025 -0.116 -0.082
(0.161) (0.028) (0.071) (0.081) (0.098)

Flu 0.062 -0.003 0.011 -0.017 -0.017
(0.053) (0.008) (0.017) (0.025) (0.019)

Centers*Flu -0.019 0.007 -0.003 0.006 0.008
(0.050) (0.008) (0.017) (0.024) (0.019)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.285 0.296 0.380 0.485 0.345

Notes: ‘Intensive margin’ refers to completed years of schooling. ‘Extensive margin’
refers to whether individuals took more than the mandatory level of schooling. Each
column represents a separate regression where the outcome of interest is regressed on
the average influenza prevalence per 1,000 inhabitants during the pregnancy, a dummy
indicating whether the infant had access to a mother and child health care center, and
an interaction between the two. All specifications include gender, birth order, and
dummies indicating whether the mother was unmarried and whether the parents’ edu-
cation levels and age at the time of the child’s birth were below average, as well as the
ratios of doctors to inhabitants at the time of the child’s birth and students to teachers
in the year the child was enrolled at school. Additionally, I control for cohort, dis-
trict and mother fixed effects, as well as a district-specific linear time trend. Effects
are therefore identified as deviations from the trend. In order to estimate the effect of
influenza rates deviating from the average seasonality in the district, I include month-
district fixed effects. The sample includes all non-missing observations for children
born between 1935 and 1945 in municipalities that got a mother and child health care
center before 1956. Robust standard errors clustered at the level of the medical dis-
trict of birth are shown in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001
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whether the mother was unmarried and whether the parents’ education levels and age at

the time of the child’s birth were below average, as well as the ratios of doctors to in-

habitants at the time of the child’s birth and students to teachers in the year the child was

enrolled at school. Additionally, I control for cohort, district and mother fixed effects, as

well as a district-specific linear time trend. Effects are therefore identified as deviations

from the trend. In order to estimate the effect of influenza rates deviating from the average

seasonality in the district, I include month-district fixed effects. The sample includes all

non-missing observations for children born between 1935 and 1945 in municipalities that

got a mother and child health care center before 1956.

Column (1) of Table 2 shows that access to mother and child health care centers is esti-

mated to increase the years of schooling with somewhat more than one third of a school

year.26 While this is a substantial effect, it does not seem to vary with the average in-

fluenza prevalence during pregnancy. Across all specifications, both the effect of influenza

and the interaction term between influenza and access to a mother and child health care

center are imprecisely measured. In Columns (2)-(5), the coefficient on access to a mother

and child health care center is no longer significant, pointing to the effect of well-child

visits on the completed years of schooling neither running through the educational ex-

tensive margin, nor being mirrored by an increase in earnings. In Section 6, I describe

weaknesses with the earnings measures that could potentially explain the counterintuitive

finding that earnings is not significantly affected by access to well-child visits, in spite of

the large effect on education. However, the effect of well-child visits conditional on no

influenza is not the main topic of this thesis.

Based on the literature, I expect long-term educational and labor market outcomes to be

affected mainly by second trimester exposure. One possible explanation for the lack of

26There are several reasons why the coefficient on access to mother and child health care centers differs
from the estimates in Bütikofer et al. (2017). My sample includes data on the centers’ opening months.
I only use the first center in each medical district, and only individuals born between 1935 and 1945.
Lastly, my estimate is conditional on a zero influenza infection rate (Rossin-Slater and Wüst 2016).
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significant effects of influenza in the pregnancy as a whole could therefore be that impor-

tant second trimester effects are hidden by the lack of effects of first and third trimester

exposure. In Table 3, I therefore look at effects by trimester of exposure on educational

and earnings measures. All specifications are similar to their counterparts in Table 2, ex-

cept that instead of specifying influenza as the average influenza prevalence per 1,000 in-

habitants during the pregnancy months, I include one variable per trimester, each defined

as the average influenza prevalence per 1,000 inhabitants during the trimester of interest.

Because I continue to include month-district fixed effects, effects are still identified based

on deviations from the typical district seasonality.

Since the only difference between Tables 2 and 3 is how the influenza shock is speci-

fied, it is reassuring to see that the estimated effect of health-care centers is practically

unchanged. Column (1) of Table 3 indicates that access to mother and child health care

center increases the number of completed years of schooling, while still not presenting

any evidence that the effect depends on whether or not the infant was exposed to influenza

as a fetus. None of the outcomes in Columns (2)-(5) seem to be affected by either of the

shocks.

Although all trimesters are included to avoid omitted variable bias, I am mainly interested

in the effect of exposure in the second trimester. This coefficient is imprecisely estimated

in all columns. Surprisingly, the estimated effect of influenza during the first trimester

is positive and statistically significant at the five percent level, possibly reflecting a sur-

vival bias due to infants surviving first trimester exposure being more able than other

infants. Since there is a large degree of negative correlation between exposure in the dif-

ferent trimesters due to the strong seasonality pattern of influenza, a survival bias in any

trimester could also confound my coefficients on the second trimester effect. The posi-

tive coefficient on exposure in the first trimester may therefore indicate that first trimester

selection could be a relevant worry.
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Table 3: Long-Term Effects by Trimester

Education (margin) Log Earnings

(1) (2) (3) (4) (5)
Intensive Extensive 1967-2010 Age 31-40 Age 41-50

Centers 0.373∗ 0.034 -0.030 -0.117 -0.029
(0.162) (0.028) (0.071) (0.081) (0.018)

Flu trimester 1 0.062∗ 0.001 0.016 0.004 -0.003
(0.027) (0.004) (0.009) (0.015) (0.003)

Flu trimester 2 0.010 0.001 0.013 -0.014 0.001
(0.025) (0.004) (0.011) (0.012) (0.002)

Flu trimester 3 -0.004 -0.006 -0.015 -0.005 -0.003
(0.033) (0.006) (0.010) (0.013) (0.002)

Centers*Flu trimester 1 -0.038 -0.001 0.004 0.001 0.016
(0.034) (0.004) (0.012) (0.018) (0.011)

Centers*Flu trimester 2 0.010 0.003 -0.020 0.004 -0.002
(0.034) (0.005) (0.013) (0.013) (0.013)

Centers*Flu trimester 3 0.004 0.004 0.015 0.001 -0.003
(0.033) (0.007) (0.011) (0.016) (0.011)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.286 0.296 0.381 0.485 0.346

Notes: ‘Intensive margin’ refers to completed years of schooling. ‘Extensive margin’ refers to
whether individuals took more than the mandatory level of schooling. Each column represents
a different regression of the variable indicated by the column name on the influenza prevalence
per 1,000 inhabitants during each trimester, a dummy indicating access to a mother and child
health care center, and an interaction between each trimester and the center dummy. All specifi-
cations include gender, birth order, and dummies indicating whether the mother was unmarried
and whether the parents’ education levels and age at the time of the child’s birth were below av-
erage, as well as the ratios of doctors to inhabitants at the time of the child’s birth and students
to teachers in the year the child was enrolled at school. Additionally, I control for cohort, dis-
trict and mother fixed effects, as well as a district-specific linear time trend. Effects are therefore
identified as deviations from the trend. In order to estimate the effect of influenza rates deviating
from the average seasonality in the district, I include month-district fixed effects. Robust standard
errors clustered at the level of the medical district of birth are shown in parentheses. * p < 0.05,
** p < 0.01, *** p < 0.001
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It is important to understand the extent to which such survival bias may confound my

estimates. I therefore look closer at selection effects over the life cycle. I start by ana-

lyzing how influenza affects the rates of stillbirths and infant mortality. Since I have only

yearly observations of these outcomes, I generate yearly influenza measures. From the

individual-level analysis, for every birth month I have measures of the average influenza

prevalence per 1,000 inhabitants during the pregnancy period. I therefore define the yearly

measures as the average of the monthly measures. This approach has the benefit of taking

all relevant months into account, also those prior to the year of interest, and weighting the

importance of each monthly infection rate by how many of the infants born in the given

year would have been in utero during that period. For instance, the infection rate in a

month like January, which would have affected a large share of the infants born that year,

is given a larger weight in the calculation of the yearly measure than the infection rate in

December, which only affected the infants born that month.

In both the stillbirths and the infant mortality analyses, I control for year and district

fixed effects. In the stillbirth analysis, I additionally include a district-specific trend. I

run regressions by gender because male infants may be adversely affected by negative in

utero shocks (see for instance Kraemer 2000). The estimated effects are presented in the

four first columns of Table A2. Influenza does not seem to increase the relative number

of stillbirths or infant deaths.27

I then turn to long-term selection effects, following Schwandt (2017) on studying whether

third trimester exposure increases the fraction of missing outcomes in adulthood.28 Columns

(5)-(6) of Table A2 presents the estimated long-run selection effects. Since my sample

consists of individuals who were still alive in 1967, the number of individuals who do not

show up in the education or earnings data will necessarily be small. I therefore do not

27Replacing the bottom-coded stillbirth observations with a randomly assigned number below three dra-
matically increases the sample, while still yielding similar patterns.

28All trimesters are included in the analysis to avoid omitted variable bias due to the high correlation
between the influenza prevalence in the different trimesters.
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expect to find large effects. Nevertheless, it is reassuring to see that there is no evidence

of third trimester exposure to maternal influenza substantially increasing the number of

individuals who are not observable in adulthood.29 In sum, although the statistically sig-

nificant positive effect of first trimester exposure to influenza could indicate a survival

bias, selection effects do not overall seem to drive my results.

5.2 Heterogeneous Effects

In the last section, I considered short-run impacts of influenza separately by gender. There

are several reasons to look at possible heterogeneous effects also for the long-run out-

comes. As pointed out by Bütikofer et al. (2017), girls born in the period I study had

different labor market chances than boys. In addition, both of the shocks I study have

been shown to have different impacts on boys and girls. Bütikofer et al. (2017) find that

the effect of mother and child health care centers on earnings and years of education was

larger for boys.30 Schwandt (2017) finds that influenza affected wages and labor force

participation more strongly for male fetuses, while the effect on welfare rates was larger

for females. Based on my main specification, I run a new regression where for all inde-

pendent variables of interest, I include an additional interaction term between the variable

and a dummy indicating whether the infant was female.

Table 4 presents the results of the analysis by gender. ‘Education’ here refers to the years

of completed schooling, whereas ‘Log earnings’ refers to the log average discounted earn-

ings between 1967 and 2010. For years of schooling, there is no evidence that the inter-

action between influenza and mother and child health care centers depends on the gender

of the child. For earnings, the access to mother and child health care center depends more

strongly on exposure to maternal influenza in the second trimester if the child is female.

29There was not enough variation in the data to estimate this regression separately for each gender.
30They cannot reject the hypothesis that the effect sizes are the same.
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Table 4: Second Trimester Effects by Gender

(1) (2)
Education Log Earnings

Centers*Flu trimester 2 0.016 0.008
(0.046) (0.013)

Centers*Flu trimester 2*Female -0.021 -0.065∗∗

(0.058) (0.021)

Notes: ‘Education’ here refers to the years of completed schooling,
whereas ‘Log earnings’ refers to the log average discounted earn-
ings between 1967 and 2010. Each column represents a different
regression of the variable indicated by the column name on the in-
fluenza prevalence per 1,000 inhabitants during each trimester, a
dummy indicating access to a mother and child health care center,
and an interaction between each trimester and the center dummy.
In addition, for all independent variables of interest an interaction
term between the variable and a dummy indicating whether the
child is female is included. All specifications include gender, birth
order, and dummies indicating whether the mother was unmarried
and whether the parents’ education levels and age at the time of the
child’s birth were below average, as well as the ratios of doctors to
inhabitants at the time of the child’s birth and students to teachers in
the year the child was enrolled at school. Additionally, I control for
cohort, district and mother fixed effects, as well as a district-specific
linear time trend. Effects are therefore identified as deviations from
the trend. In order to estimate the effect of influenza rates deviating
from the average seasonality in the district, I include month-district
fixed effects. Robust standard errors clustered at the level of the
medical district of birth are shown in parentheses. * p < 0.05, **
p < 0.01, *** p < 0.001

Given the low level of female labor force participation at the time, this effect may however

be identified based on a selected subgroup. I therefore mainly view Table 4 as reassuring

evidence that the lack of significant interaction effect does not hide substantial effects for

males.

The effects of influenza and well-child visits could also differ with socioeconomic status

(Bütikofer et al. 2017; Schwandt 2017). While I cannot observe the income of the parents

in my sample, I can observe which mothers were unmarried, which should be highly

associated with low-income status. However, the external validity of this analysis may be

rather low, as unmarried mothers is likely to be a highly selected group. As an alternative

37



proxy for low-income status, I therefore look at whether fathers had less than average

levels of education.

In Table 5, I report the estimated interaction term between second trimester influenza ex-

posure and mother and child health care center for the subsample of infants whose moth-

ers were not married, and the subsample of infants whose fathers had lower than average

levels of education. Again, I include the results using the entire sample for comparison

purposes.

The effect presented in Column (3) of Table 5 indicates that for children of unmarried

mothers, the effect of mother and child health care centers on years of schooling is sig-

nificantly lower if the child was exposed to maternal influenza in the second trimester.

However, the magnitude of the estimated coefficient seems implausible. Specifically,

increasing the influenza prevalence with 1 per 1,000 inhabitants seems to increase the

impact of centers with more than one third of a school year. Given that Figure 1 revealed

that the influenza prevalence per 1,000 inhabitants gets as high as 10 in my sample, the

estimated interaction effect would suggest that mother and child health care centers in-

crease years of schooling with multiple years for those most exposed to influenza in the

second trimester. A possible explanation is that for the sample of unmarried mothers,

mother-fixed effects may greatly overstate the extent to which children are treated the

same. One sibling being ”treated” for instance by adoptive parents with high socioeco-

nomic status could bias my results, particularly due to the small sample size. In Section 6,

I return to the issue of reinforcing parental behavior in sibling fixed effects models. In

sum, although Columns (3)-(4) provide interesting information, it does not seem like the

estimated interaction term between influenza and well-child visits for children born to

unmarried mothers is representative for poor children as a whole.

Columns (5)-(6) present the estimated effects for the subsample of infants born to fathers

with lower than average levels of education, which should be more representative for the
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population of poor children. Here, I find no evidence that the effect of well-child visits on

earnings or education depends on influenza exposure. This seems to suggest that the effect

of influenza on mother and child health care centers does not depend on socioeconomic

status in general.
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Table 5: Second Trimester Effects by Parental Socioeconomic Status

Full sample Mother unmarried Father low education

(1) (2) (3) (4) (5) (6)
Education Log Earnings Education Log Earnings Education Log Earnings

Centers*Flu trimester 2 0.010 -0.020 -0.357∗ -0.050 -0.062 -0.047
(0.034) (0.013) (0.162) (0.138) (0.056) (0.024)

Observations 38,866 47,047 3,722 4,800 17,581 21,370
Adjusted R2 0.286 0.381 0.922 0.974 0.486 0.518

Notes: The first title row indicates which subsample is being used. ‘Education’ here refers to the years of completed
schooling, whereas ‘Log earnings’ refers to the log average discounted earnings between 1967 and 2010. Each column
represents a different regression of the variable indicated by the column name on the influenza prevalence per 1,000 in-
habitants during each trimester, a dummy indicating access to a mother and child health care center, and an interaction
between each trimester and the center dummy. Only the coefficient on the interaction effect for the second trimester is
reported. All specifications include gender, birth order, and dummies indicating whether the mother was unmarried and
whether the parents’ education levels and age at the time of the child’s birth were below average, as well as the ratios of
doctors to inhabitants at the time of the child’s birth and students to teachers in the year the child was enrolled at school.
Additionally, I control for cohort, district and mother fixed effects, as well as a district-specific linear time trend. Effects
are therefore identified as deviations from the trend. In order to estimate the effect of influenza rates deviating from the
average seasonality in the district, I include month-district fixed effects. Robust standard errors clustered at the level of the
medical district of birth are shown in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001
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In the last part of my heterogeneity analysis, I ask whether there is geographical variation

in the estimated effects. In particular, at this time the northern parts of the country differed

from the rest in terms of ethnic composition of the population, especially due to the Sami

and Kven population. There could therefore be both biological and cultural reasons why

the effects of the two shocks I study could be different in these parts of the country.

Additionally, parts of the northernmost counties are very sparsely populated, which could

potentially affect the spread of both influenza viruses and information related to infant

nutrition and hygiene. For every part of the country, I therefore run a separate regression

where I include interaction terms between a dummy describing the geographical location

of the medical district of birth, and the independent variables. In Table 6, for every part of

the country I report the estimated interaction effect between the location dummy and the

main variable of interest, which is the interaction term between second trimester exposure

to maternal flu and mother and child health care centers. It does not seem like the effect of

influenza on the returns to mother and child health care centers differs with geographical

location.

5.3 Sensitivity Analysis

In this subsection, I present a variety of robustness checks. First, I test how my results are

affected by changing the assumptions I make in my main analysis. Then, I verify that my

results are robust to excluding selected observations that may differ from the rest of the

sample. I also check that the lack of significant effects of mother and child health care

centers is not due to specifying treatment on the medical district level instead of the mu-

nicipality level. Lastly, I show that neither influenza nor access to mother and child health

care centers seems to affect education or earnings in my sample, and that my analysis is

not likely to suffer from a problem with ‘bad controls’.
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Table 6: Second Trimester Effects by Geographical Location

(1) (2)
Education Log Earnings

Nordland, Troms and Finnmark -0.101 -0.015
(0.133) (0.029)

Sør- and Nord-Trøndelag -0.071 -0.004
(0.043) (0.032)

Rogaland, Hordaland, Sogn og Fjordane and Møre og Romsdal 0.052 0.038
(0.067) (0.038)

Vestfold, Telemark, Aust-Agder and Vest-Agder -0.174 -0.035
(0.114) (0.066)

Østfold, Akershus, Hedmark, Oppland and Buskerud 0.036 -0.007
(0.062) (0.023)

Notes: ‘Education’ here refers to the years of completed schooling, whereas ‘Log earnings’ refers to
the log average discounted earnings between 1967 and 2010. Each cell represents a different regres-
sion of the variable indicated by the column name on the influenza prevalence per 1,000 inhabitants
during each trimester, a dummy indicating access to a mother and child health care center, and an in-
teraction between each trimester and the center dummy. In addition, for all variables of interest, an
interaction term between the variable and a dummy indicating the geographical location of the medi-
cal district is included. Only the interaction term between the geographical indicator, second trimester
influenza prevalence and the center dummy is reported. All specifications include gender, birth or-
der, and dummies indicating whether the mother was unmarried and whether the parents’ education
levels and age at the time of the child’s birth were below average, as well as the ratios of doctors to
inhabitants at the time of the child’s birth and students to teachers in the year the child was enrolled at
school. Additionally, I control for cohort, district and mother fixed effects, as well as a district-specific
linear time trend. Effects are therefore identified as deviations from the trend. In order to estimate the
effect of influenza rates deviating from the average seasonality in the district, I include month-district
fixed effects. Robust standard errors clustered at the level of the medical district of birth are shown in
parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 7 shows how my results are affected by changing various assumptions. I use the

same specifications as those presented in Table 3, including the influenza prevalence in

all trimesters. To avoid clutter, I only report the coefficient of main interest, that is, how

the effect of mother and child health care centers is affected by the influenza exposure in

the second trimester. The row name describes which assumption is changed.

In the analysis presented in the first row of Table 7, I change the assumption of the exact

day of birth. By assuming that the infant was born on the first day of the month instead

of the last, I implicitly assume that the infant was ”treated” by slightly different influenza

rates than in my main specifications. In the second row, I assume that mother and child

health care centers for which I do not know the opening month, opened in July instead of

January. In the third and fourth rows, since all effects are identified based on deviations

from a time trend, I verify that results are not driven by how this trend is specified. Instead

of using the linear time trend as in my main specifications, I specify the time trend as

quadratic and cubic, respectively. None of these changes in assumptions seem to drive

the lack of significant interaction effects of second trimester exposure to influenza and

access to well-child visits on education or earnings.

In the fifth row of Table 7, I look into how my results are affected by controlling for month

fixed effects instead of month-district fixed effects. This is the approach Schwandt (2017)

uses in his cohort analysis, finding a significant and negative impact of second trimester

exposure to maternal influenza on years of schooling. I therefore include this specification

to see if the lack of a significant interaction effect between the second trimester exposure

and well-child visits may be due to my approach reducing the amount of variation in my

data. This does not seem to be the case. None of the estimated interaction effects are

significant even when specifying the seasonality pattern on a national instead of a local

level.

The sixth row of Table 7 presents the result of an alternative approach to defining which
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medical districts are treated by mother and child health care center. As explained in

Section 3, in my main analysis I include only the municipalities that received a mother

and child health care center before 1956. By not excluding medical districts with non-

treated municipalities altogether, this approach could potentially attenuate my results, as I

include districts that could potentially have been treated by centers not run by NKS before

I observe the first NKS center. In the last row, I therefore look into how my results are

affected by excluding all districts that contain at least one municipality that did not get an

NKS mother and child health care center before 1956.

For earnings, another possibility could be that only the upper tail of the earnings distribu-

tion is affected by well-child visits. In this case, my earnings measures would be poorly

suited to capture the effect due to the logs decreasing the amount of variation in the upper

tail of the measures. In Table A3, I look into whether the two shocks affect earnings when

measured in levels instead of logs. The specification is the same as before, with influenza

prevalence specified per trimester. I find no evidence of interaction effects between ac-

cess to well-child visits and second trimester influenza exposure, which suggests that the

lack of effect on earnings is not due to effects in the upper tail of the earnings distribution

being muted by the log measure.

I then turn to excluding selected parts of the sample in order to verify that particular ob-

servations do not drive my results. In Table 8, each cell represents a different regression,

with the column name indicating which dependent variable is being used, and the row

name describes which part of the sample has been excluded. The specification is un-

changed from the main analysis, still including all three trimesters. I continue to report

the estimated interaction effect between influenza in the second trimester and access to

mother and child health care center only.

As explained in Section 3, the influenza prevalence in Southern Norway may be overstated

for the fall of 1944 and 1945. In the first row of Table 8, I therefore present evidence
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Table 7: Basic Robustness Tests

Education (margin) Log Earnings

(1) (2) (3) (4) (5)
Intensive Extensive 1967-2010 Age 31-40 Age 41-50

July as missing opening month 0.009 0.003 -0.020 0.004 0.001
(0.035) (0.005) (0.013) (0.013) (0.003)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.286 0.296 0.381 0.485 0.346

Born on first day of month 0.044 0.002 -0.022 0.005 0.003
(0.027) (0.004) (0.014) (0.012) (0.013)

Observations 38,866 38,866 46,854 44,927 45,360
Adjusted R2 0.286 0.296 0.382 0.485 0.348

Quadratic trend 0.009 0.002 -0.020 0.003 -0.001
(0.034) (0.005) (0.013) (0.013) (0.013)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.285 0.292 0.381 0.485 0.346

Cubic trend 0.007 0.001 -0.019 0.003 -0.001
(0.034) (0.005) (0.013) (0.013) (0.013)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.285 0.289 0.381 0.484 0.345

National seasonality pattern 0.009 0.005 -0.019 0.001 -0.007
(0.026) (0.003) (0.010) (0.012) (0.011)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.089 0.107 0.288 0.383 0.202

Re-defined center treatment 0.021 0.003 -0.010 0.007 0.004
(0.042) (0.006) (0.014) (0.018) (0.013)

Observations 33,075 33,075 40,104 38,301 38,799
Adjusted R2 0.269 0.290 0.366 0.475 0.330

Notes: ‘Intensive margin’ refers to completed years of schooling. ‘Extensive margin’ refers to whether
individuals took more than the mandatory level of schooling. Each cell represents a different regression
of the variable indicated by the column name on the influenza prevalence per 1,000 inhabitants during
each trimester, a dummy indicating access to a mother and child health care center, and an interaction be-
tween each trimester and the center dummy. Only the coefficient on the interaction effect for the second
trimester is reported. All specifications include gender, birth order, and dummies indicating whether the
mother was unmarried and whether the parents’ education levels and age at the time of the child’s birth
were below average, as well as the ratios of doctors to inhabitants at the time of the child’s birth and stu-
dents to teachers in the year the child was enrolled at school. Additionally, I control for cohort, district
and mother fixed effects, as well as a district-specific time trend, which is specified as linear unless oth-
erwise indicated. Effects are therefore identified as deviations from the trend. In order to estimate the ef-
fect of influenza rates deviating from the average seasonality in the district, I include month-district fixed
effects. The sample includes all non-missing observations for children born between 1935 and 1945 in
municipalities that got a mother and child health care center before 1956. The row name describes which
assumption is changed. Robust standard errors clustered at the level of the medical district of birth are
shown in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001
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that the estimated interaction effect does not substantially change when excluding the

infants born after the northern parts of the country were evacuated.31 In the second row,

I present a specification where I exclude all births during World War II (WWII).32 When

excluding infants born after April 1940, I find some evidence of a positive interaction

effect between influenza in the second trimester and access to mother and child health

care centers, pointing to centers increasing the years of schooling more for those affected

by influenza. The relationship could reflect differences between the pre-war and the war

period, or noise in my data that is given more weight when reducing the sample with more

than 50 percent. However, the effect of well-child visits is not significantly different from

zero in this setup, making it likely that the interaction effect is in part picking up the effect

of mother and child health care centers.

In rows 3-6 of Table 8, I verify that my results are not driven by outliers. I start by exclud-

ing observations at the 1st and 99th percentile of the average influenza prevalence during

the pregnancy as a whole.33 These results are presented in row 3 and 4. In row 5 and

6, for each outcome I remove the 1st and 99th percentile respectively, before re-running

my analysis. Every column therefore represents a separate subsample. Note that these

cells are empty for the column presenting the effect of the two shocks on the educational

extensive margin. Since the dependent variable is a dummy variable, excluding outliers

makes no sense. None of the reported interaction terms between influenza in the second

trimester and mother and child health care centers are significant, indicating that the lack

31Both for this analysis and the analysis where I exclude the entire war period, I exclude the entire year of
1945 since the occupation likely had long-lasting consequences.

32Norway was occupied by Nazi Germany from April 1940 to May 1945, but the rollout of mother and child
health care centers continued during the war (Bütikofer et al. 2017). Whether food rationing improved
or worsened health during this period is still debated. Rationing of goods like sugar, tobacco and alcohol
may have contributed to improved health, whereas food scarcity and unbalanced nutrition seem to have
left the population less resistant to infectious diseases such as tuberculosis and scarlet fever (Njølstad
2015).

33Using the 1st and 99th percentile as measures of outliers has important limitations, as the percentiles are
directly affected by outliers themselves. However, since this test is not central to my analysis, but merely
serves to check that my results are not driven by the most extreme observations, I use the percentile
measures to keep the interpretation simple.
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of significant interaction effects in my main analysis is not driven by outliers.

Since the coefficients on influenza and access to mother and child health care center are

mostly not significantly different from zero in my sample, it is interesting to look at

whether the shocks had a significant impact on their own. In Table A4, I present the results

of regressions that only include influenza in the different trimesters as regressors. The

control variables are the same as in my main specifications. The coefficient on influenza

exposure in the second trimester is not significant when looking only at the influenza

shock either.

Table A5 presents similar regressions using only the well-child visits shock as the regres-

sor. It does not seem like access to mother and child health care center has any detectable

effects on education on the extensive margin or on earnings in my sample. Since this result

is inconsistent with the estimated impact of well-child visits on earnings in Bütikofer et al.

(2017), I replicate the analysis from Bütikofer et al. (2017) on the cohorts in my sample to

verify that the difference in effect size does not stem from specifying the center treatment

on a medical district level instead of on the municipality level. I find no evidence that the

earnings of individuals born between 1935 and 1945 were affected by access to centers,

even when treatment is defined on a municipality level.34 Effects of mother and child

health care centers therefore seem to be cohort-specific, with less impact for the cohorts I

study. In sum, although I find little evidence of dynamic complementarities, it may very

well be that the lack of significant interaction effects stems from the lack of impact of the

shocks on their own.

Separately estimating the impacts of the two shocks also provides useful information

about my main specification. One could ask whether influenza rates could potentially be

affected by a mother and child health care center, for instance because hygiene would

improve or because the disease would spread faster due to mothers meeting at the center.

34This table is available on request.
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Table 8: Removing Selected Parts of the Sample

Education (margin) Log Earnings

(1) (2) (3) (4) (5)
Intensive Extensive 1967-2010 Age 31-40 Age 41-50

Removing evacuation period 0.030 0.009 -0.012 0.001 0.006
(0.064) (0.008) (0.018) (0.023) (0.017)

Observations 24,161 24,161 30,077 28,346 29,137
Adjusted R2 0.451 0.458 0.483 0.602 0.465

Removing war period 0.521∗ 0.057 -0.024 -0.051 -0.066
(0.232) (0.052) (0.069) (0.102) (0.065)

Observations 9,897 9,897 13,180 11,931 12,756
Adjusted R2 0.845 0.859 0.811 0.890 0.835

Removing 1st percentile flu 0.015 0.002 -0.014 0.015 -0.000
(0.038) (0.005) (0.012) (0.015) (0.013)

Observations 35,620 35,620 43,166 41,222 41,791
Adjusted R2 0.322 0.308 0.402 0.503 0.373

Removing 99th percentile flu 0.010 0.003 -0.020 0.004 -0.002
(0.034) (0.005) (0.013) (0.013) (0.013)

Observations 38,860 38,860 47,040 44,920 45,543
Adjusted R2 0.286 0.296 0.381 0.485 0.346

Removing 1st percentile outcome -0.005 - -0.020 0.004 -0.002
(0.044) - (0.013) (0.013) (0.013)

Observations 33,516 - 47,047 44,926 45,549
Adjusted R2 0.345 - 0.381 0.485 0.346

Removing 99th percentile outcome 0.009 - -0.020 0.004 -0.002
(0.034) - (0.013) (0.013) (0.013)

Observations 37,723 - 47,046 44,926 45,549
Adjusted R2 0.291 - 0.381 0.485 0.346

Notes: ‘Intensive margin’ refers to completed years of schooling. ‘Extensive margin’ refers to whether indi-
viduals took more than the mandatory level of schooling. Each cell represents a different regression of the
variable indicated by the column name on the influenza prevalence per 1,000 inhabitants during each trimester,
a dummy indicating access to a mother and child health care center, and an interaction between each trimester
and the center dummy. Only the coefficient on the interaction effect for the second trimester is reported. The
row name describes which observations are excluded. Except from these excluded observations, the sample
includes all non-missing observations for children born between 1935 and 1945 in municipalities that got a
mother and child health care center before 1956. All specifications include gender, birth order, and dummies
indicating whether the mother was unmarried and whether the parents’ education levels and age at the time of
the child’s birth were below average, as well as the ratios of doctors to inhabitants at the time of the child’s
birth and students to teachers in the year the child was enrolled at school. Additionally, I control for cohort,
district and mother fixed effects, as well as a district-specific linear time trend. Effects are therefore identified
as deviations from the trend. In order to estimate the effect of influenza rates deviating from the average sea-
sonality in the district, I include month-district fixed effects. Robust standard errors clustered at the level of
the medical district of birth are shown in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001
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Such variables that are themselves outcomes are what Angrist and Pischke (2009) call

‘bad controls’ and should not be included as independent variables. It is therefore reas-

suring to see that the estimated impact of access to mother and child health care center is

practically the same regardless of whether I look at the effect of the centers only, as in

Table A5, or the effect of centers holding influenza rates constant, as in Table 3. This

points to center openings not having any major impact on the influenza prevalence in a

medical district.

Similarly, one could imagine that a center opening would increase the number of doctors

in a medical district, thereby increasing the ratio of doctors to inhabitants. In a separate

regression, I therefore drop the ratio of doctors to inhabitants from the control variables to

see whether the estimated impact of influenza and well-child visits changes. The results

are presented in Table A6 and are practically indistinguishable from those presented in

Table 3, which are based on specifications including the ratio of doctors to inhabitants.

In sum, the results presented in Tables A5 and A6 suggest that influenza and the ratio of

doctors to inhabitants should not be ‘bad controls’.

6 Discussion

In this section, I discuss possible limitations of my study that are not already covered

in the previous sections. Based on these limitations, I provide suggestions for further

research.

This thesis finds no evidence of dynamic complementarities. However, important pa-

rameters of the human capital production function such as parental investments are un-

observable to me (Rossin-Slater and Wüst 2016). Therefore, it is relevant to look at how

parental responses could affect my findings. Since all my long-term specifications include

sibling fixed effects, compensating parental investments would result in a downward bias,
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so that the estimated effects would be too low (Almond and Currie 2011). Reinforcing

parental investments, however, could lead me to overstate the true effects of influenza and

well-child visits, since the difference between siblings exposed to differential influenza

and well-child visits treatment would appear larger than the isolated causal effect of the

shocks. Reinforcing parental behavior would therefore be a larger issue.

The literature on parental investments is still rather small and cannot give a conclusive

answer as to whether parental investments would most likely have been compensating or

reinforcing in the setting I study. However, so far there is little evidence of reinforcing

parental behavior in developed countries (Almond and Currie 2011). For my sample,

compensating parental behavior seems more likely than reinforcing parental behavior, so

that rather than overstating the true effects of the two shocks I consider, my analysis could

have understated their impact.

There are several other possible explanations for the lack of significant interaction effects

in my analysis. Maybe the most likely explanation is the lack of significant impacts of

the two shocks on their own. Since Bütikofer et al. (2017) find an effect of well-child

visits using a sample that includes cohorts born after 1945, future research should include

influenza data for these cohorts in order to get further in analyzing whether the returns to

mother and child health care centers are affected by exposure to maternal influenza.35 In

addition, further research should look at labor earnings and governmental transfers sepa-

rately by including more detailed earnings measures. Since my earnings measures include

both types of earnings, the estimated impact of influenza on earnings could be attenuated

by influenza exposure leading to increased governmental transfers (see Schwandt 2017).

Lastly, further research should attempt to control for first-trimester abortions as well as

premature births in order to improve the precision of the analysis.

35Beyond the scope of this thesis, but very interesting, is the question of why well-child visits seem to affect
some cohorts more than others.
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7 Conclusion

A large literature documents that early-life shocks is important for the production of hu-

man capital. However, we do not know much about how different shocks interact. In

theoretical work, the idea of dynamic complementarities has been put forward, implying

that the effect of a positive shock is larger for individuals with a higher baseline level

of skills. In this setting, universal interventions may in reality serve to strengthen initial

differences. The policy relevance of understanding whether dynamic complementarities

exist can therefore hardly be underestimated, but no clear answer has yet emerged from

the literature.

I utilize two arguably exogenous sources of variation in infant health in Norway between

1935 and 1945 to shed light on how the shocks interacted. The first shock is fetal exposure

to seasonal influenza, which has been shown to negatively affect long-term health and

labor market outcomes. The second shock is access to well-child visits, which is known to

improve similar outcomes. Specifically, I ask whether fetal exposure to influenza reduces

the long-term returns to mother and child health care centers.

Using detailed individual-level registry data, I find little evidence of influenza affecting

the educational or labor market returns to well-child visits. However, the lack of signif-

icant interaction effects could stem from the two shocks not significantly affecting the

outcomes of interest in the period I study. Future research should therefore collect more

detailed data, and data for a longer period of time, in order to understand whether the

returns to mother and child health care centers are lower for infants who were exposed to

maternal influenza.
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Appendix

A1 Tables

Table A1: Summary Statistics: County-Specific Influenza Morbidity

Observations Mean Std. dev. Min Max
Akershus 1,980 1.881 3.171 0.000 29.307
Aust-Agder 1,716 1.365 3.658 0.000 76.293
Bergen 132 1.093 3.783 0.000 40.687
Buskerud 1,980 2.322 4.460 0.000 52.813
Finnmark 1,848 0.980 3.041 0.000 62.252
Hedmark 3,036 1.342 3.379 0.000 93.110
Hordaland 3,300 1.339 9.191 0.000 330.530
Møre og Romsdal 4,092 1.057 2.216 0.000 33.353
Nord-Trøndelag 3,036 1.565 4.183 0.000 120.393
Nordland 5,940 1.483 3.572 0.000 106.100
Oppland 3,432 1.392 2.785 0.000 31.826
Oslo 132 0.889 1.698 0.000 12.835
Rogaland 2,112 1.495 2.920 0.000 44.044
Sogn og Fjordane 3,168 1.155 2.706 0.000 53.150
Sør-Trøndelag 2,904 1.008 2.496 0.000 38.187
Telemark 2,376 1.921 3.514 0.000 69.041
Troms 2,376 1.170 2.874 0.000 62.781
Vest-Agder 1,848 1.167 3.071 0.000 41.955
Vestfold 1,584 2.274 5.598 0.000 118.320
Østfold 2,112 1.695 3.601 0.000 45.285

Notes: This table presents the number of monthly influenza observations per
1,000 inhabitants, the mean value, the standard deviation, and the minimum and
maximum values of influenza prevalence in each Norwegian county in the pe-
riod 1935-1945. The sample includes all non-missing observations for children
born between 1935 and 1945 in municipalities that got a mother and child health
care center before 1956.
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Table A2: Selection Effects over the Life Cycle

Stillbirths Infant mortality Long-run outcome missing

(1) (2) (3) (4) (5) (6)
Males Females Males Females Education Log Earnings

Flu -0.735 -0.034 3.945 4.423 0.000 0.000
(1.470) (0.858) (2.080) (2.697) (0.000) (0.000)

Observations 377 514 8,952 8,952 47,666 47,666
Adjusted R2 0.880 0.883 0.540 0.528 1.000 1.000

Notes: Each column represents a different regression of the outcome indicated by the col-
umn name on a measure of influenza exposure in the in utero period. For stillbirths and infant
mortality, influenza exposure is measured as the average influenza prevalence per 1,000 in-
habitants the infants born the given year were exposed to in utero . All specifications include
dummies for the year and medical district of birth. For missing long-run outcomes, influenza
exposure is measured as the prevalence per 1,000 inhabitants during each trimester. Only the
estimated impact of second trimester exposure to maternal influenza is reported. All specifica-
tions include gender, birth order, and dummies indicating whether the mother was unmarried
and whether the parents’ education levels and age at the time of the child’s birth were below
average, as well as the ratios of doctors to inhabitants at the time of the child’s birth and stu-
dents to teachers in the year the child was enrolled at school. Additionally, I control for co-
hort, district and mother fixed effects, as well as a district-specific linear time trend. Effects
are therefore identified as deviations from the trend. In order to estimate the effect of influenza
rates deviating from the average seasonality in the district, I include month-district fixed ef-
fects. The sample includes all non-missing observations for children born between 1935 and
1945 in municipalities that got a mother and child health care center before 1956. Robust
standard errors clustered at the level of the medical district of birth are shown in parentheses.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A3: Earnings Measures in Levels

Earnings (in levels)

(1) (2) (3)
1967-2010 Age 31-40 Age 41-50

Centers*Flu trimester 2 183.142 411.943 -1026.442
(928.593) (1045.337) (1373.454)

Observations 47,666 46,947 47,666
Adjusted R2 0.450 0.602 0.413

Notes: Each column represents a different regression of the variable in-
dicated by the column name on the influenza prevalence per 1,000 in-
habitants during each trimester, a dummy indicating access to a mother
and child health care center, and an interaction between each trimester
and the center dummy. Only the coefficient on the interaction effect for
the second trimester is reported. All specifications include gender, birth
order, and dummies indicating whether the mother was unmarried and
whether the parents’ education levels and age at the time of the child’s
birth were below average, as well as the ratios of doctors to inhabitants
at the time of the child’s birth and students to teachers in the year the
child was enrolled at school. Additionally, I control for cohort, district
and mother fixed effects, as well as a district-specific linear time trend.
Effects are therefore identified as deviations from the trend. In order to
estimate the effect of influenza rates deviating from the average season-
ality in the district, I include month-district fixed effects. The sample
includes all non-missing observations for children born between 1935
and 1945 in municipalities that got a mother and child health care cen-
ter before 1956. Robust standard errors clustered at the level of the med-
ical district of birth are shown in parentheses. * p < 0.05, ** p < 0.01,
*** p < 0.001
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Table A4: Influenza as a Single Shock

Education (margin) Log Earnings

(1) (2) (3) (4) (5)
Intensive Extensive 1967-2010 Age 31-40 Age 41-50

Flu trimester 2 0.015 0.003 0.002 -0.011 -0.011
(0.020) (0.002) (0.008) (0.008) (0.007)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.285 0.296 0.381 0.485 0.345

Notes: ‘Intensive margin’ refers to completed years of schooling. ‘Extensive margin’
refers to whether individuals took more than the mandatory level of schooling. Each
column represents a different regression of the outcome indicated by the column name
on the influenza prevalence per 1,000 inhabitants during each trimester. Only the es-
timated impact of influenza in the second trimester is reported. All specifications in-
clude gender, birth order, and dummies indicating whether the mother was unmarried
and whether the parents’ education levels and age at the time of the child’s birth were
below average, as well as the ratios of doctors to inhabitants at the time of the child’s
birth and students to teachers in the year the child was enrolled at school. Additionally,
I control for cohort, district and mother fixed effects, as well as a district-specific linear
time trend. Effects are therefore identified as deviations from the trend. In order to esti-
mate the effect of influenza rates deviating from the average seasonality in the district, I
include month-district fixed effects. The sample includes all non-missing observations
for children born between 1935 and 1945 in municipalities that got a mother and child
health care center before 1956. Robust standard errors clustered at the level of the med-
ical district of birth are shown in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table A5: Mother and Child Health Care Centers as a Single Shock

Education (margin) Log Earnings

(1) (2) (3) (4) (5)
Intensive Extensive 1967-2010 Age 31-40 Age 41-50

Centers 0.342∗ 0.044 -0.023 -0.106 -0.077
(0.144) (0.025) (0.055) (0.072) (0.072)

Observations 38,866 38,866 48,637 44,927 47,099
Adjusted R2 0.285 0.296 0.367 0.485 0.331

Notes: ‘Intensive margin’ refers to completed years of schooling. ‘Extensive margin’
refers to whether individuals took more than the mandatory level of schooling. Each
column represents a different regression of the dependent variable indicated by the
column name on a dummy variable indicating whether the medical district where the
infant was born had access to a mother and child health care center before the infant
became one year old. All specifications include gender, birth order, and dummies in-
dicating whether the mother was unmarried and whether the parents’ education levels
and age at the time of the child’s birth were below average, as well as the ratios of doc-
tors to inhabitants at the time of the child’s birth and students to teachers in the year
the child was enrolled at school. Additionally, I control for cohort, district and mother
fixed effects, as well as a district-specific linear time trend. Effects are therefore iden-
tified as deviations from the trend. In order to estimate the effect of influenza rates
deviating from the average seasonality in the district, I include month-district fixed
effects. The sample includes all non-missing observations for children born between
1935 and 1945 in municipalities that got a mother and child health care center before
1956. Robust standard errors clustered at the level of the medical district of birth are
shown in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Table A6: Removing Doctors-to-Inhabitants from the Control Variables

Education (margin) Log Earnings

(1) (2) (3) (4) (5)
Intensive Extensive 1967-2010 Age 31-40 Age 41-50

Centers 0.373∗ 0.034 -0.030 -0.117 -0.084
(0.162) (0.028) (0.071) (0.081) (0.098)

Flu trimester 1 0.062∗ 0.001 0.013 0.004 -0.004
(0.027) (0.004) (0.009) (0.015) (0.009)

Flu trimester 2 0.010 0.001 0.013 -0.014 -0.009
(0.025) (0.004) (0.011) (0.012) (0.012)

Flu trimester 3 -0.004 -0.006 -0.015 -0.005 -0.004
(0.033) (0.006) (0.010) (0.013) (0.010)

Centers*Flu trimester 1 -0.038 -0.001 0.004 0.001 0.016
(0.034) (0.004) (0.012) (0.018) (0.011)

Centers*Flu trimester 2 0.010 0.003 -0.020 0.004 -0.002
(0.034) (0.005) (0.013) (0.013) (0.013)

Centers*Flu trimester 3 0.004 0.004 0.015 0.001 -0.003
(0.033) (0.007) (0.011) (0.016) (0.011)

Observations 38,866 38,866 47,047 44,927 45,549
Adjusted R2 0.286 0.296 0.381 0.485 0.346

Notes: ‘Intensive margin’ refers to completed years of schooling. ‘Extensive margin’ refers to
whether individuals took more than the mandatory level of schooling. Each column represents a
different regression of the variable indicated by the column name on the influenza prevalence per
1,000 inhabitants during each trimester, a dummy indicating access to a mother and child health
care center, and an interaction between each trimester and the center dummy. All specifica-
tions include gender, birth order, and dummies indicating whether the mother was unmarried and
whether the parents’ education levels and age at the time of the child’s birth were below average,
as well as the ratio of students to teachers in the year the child was enrolled at school. Addition-
ally, I control for cohort, district and mother fixed effects, as well as a district-specific time trend,
which is specified as linear unless the row name indicates otherwise. Effects are therefore identi-
fied as deviations from the trend. In order to estimate the effect of influenza rates deviating from
the average seasonality in the district, I include month-district fixed effects. The sample includes
all non-missing observations for children born between 1935 and 1945 in municipalities that got
a mother and child health care center before 1956. Robust standard errors clustered at the level of
the medical district of birth are shown in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001.

63



A2 Municipalities in 1930 and 1980

When deciding how to treat municipality changes between 1934 and 1980, I have relied

on the descriptions of each change provided by Juvkam (1999). As a point of departure,

I used the Excel file provided by Statistics Norway (2017b), which builds on Juvkam

(1999). However, the file contained a rather large amount of errors. I therefore corrected

the errors I came across, verifying the corrections using Juvkam (1999), the overview of

current municipality numbers and names provided by The Norwegian Mapping Authority

(2017), as well as other changes in the Excel file. I have attempted to ensure that all

changes seem plausible after the correction.

I disregard all small border regulations, as well as all municipality mergers that are later

undone. In cases of mergers between municipalities from different medical districts, I

consider the resulting municipality as part of the medical district of the largest of the

merged municipalities. In cases where a municipality splits into multiple parts, I follow

only the largest part, unless the smaller part becomes an entirely new municipality, in

which case I note which medical district the new municipality stems from.
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