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Abstract

There is a growing body of evidence showing that negative childhood health shocks have
long term consequences in terms of health, human capital formation and labor market outcomes.
However, by altering the relative prices of child quality across siblings, these health shocks
can also affect investments in and the outcomes of healthy siblings. This paper uses the 1918
influenza pandemic to test how household resources are reallocated when there is a health shock
to one child. Using a new dataset linking census data on childhood households to health and
education data from military enlistment records, I show that families with a child in utero
during the pandemic shifted resources to older siblings of that child, leading to significantly
higher educational attainments and high school graduation rates for these older siblings. There
are no significant effects for younger siblings born after the pandemic. These results suggest that
the reallocation of household resources in response to a negative childhood health shock tended
to reinforce rather than compensate for differences in endowments across children.

1 Introduction

An increasing body of empirical evidence suggests that early childhood health has strong effects

on later life outcomes in terms of both socioeconomic status and health. Poor health as a child

can translate into lower educational attainment, lower income, higher rates of unemployment and

disability, and chronic health problems. The mechanisms underlying these links are a complicated

combination of biological effects, with childhood health shocks influencing cognitive development,

and the effects of parental investment decisions, with parents changing levels of educational
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tion Association of America and the NBER Summer Institute meetings for the Development of the American Economy
program.
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investment in a child in response to the lower human capital endowment and potentially lower

returns on human capital investment in children experiencing bad health shocks. This latter

mechanism suggests that the effects of a negative health shock for one child will not be limited

to that child alone. If parents are altering their investment decisions it is quite possible that the

investments in and outcomes of healthy siblings will also be affected.

The direction of these effects is ambiguous. Parents may substitute investment away from

a child in poor health toward healthy siblings given the higher return on investments in those

children. However, if parents have an aversion to inequality in outcomes across their children, a

poor health shock to one child may lead to a reduction in investments in healthy children relative

to investment in the unhealthy child. Understanding investment responses to a negative health

shock is therefore an empirical question.

This paper examines that question in the context of the 1918 influenza pandemic, a health

shock that had particularly severe effects on children in utero at the time of the pandemic. By

linking adult health and educational attainment information from military enlistment records

to childhood household information in the 1930 federal census, it is possible to examine how

educational investment and health outcomes differ for individuals that had a sibling exposed

to the pandemic while in utero and those individuals who did not, offering a way to determine

whether parents increased or decreased investment in healthy children in reponse to a negative

health shock for one child.

The results suggest that families altered their investments in children, shifting resources

toward their older, healthier children. Individuals achieved greater educational attainments if a

younger sibling was in utero during the pandemic and experienced small reductions in educational

attainment if an older sibling was in utero during the pandemic. The magnitudes of these effects

are quite large with older siblings receiving an additional quarter year of education if they had a

sibling in utero during the pandemic, a gain in educational attainment similar in magnitude to

the decline in educational attainment experienced by individuals in utero during the pandemic.

These findings suggest that in the case of the 1918 influenza pandemic, families’ responses to

a negative health shock to one child served to reinforce differences in endowments across their

children; while the pandemic was a burden on children exposed in utero, it was actually a benefit

to their older siblings.
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Similar patterns did not exist for parents’ investment in the health of their children, at least

as proxied by adult height. Height does exhibit a similar quantity-quality tradeoff as educational

attainment in the data, with both increased family size and lower household incomes being

associated with shorter adult heights. However, unlike the results for educational attainment,

having a sibling in utero during the pandemic led to no additional effects on adult height. While

the reallocation of family resources in response to the pandemic did impact educational outcomes

across siblings, it did not impact the net nutrition or health of siblings in a way that translated

into differences in attained height.

2 Childhood Health and Adult Outcomes

2.1 Empirical Evidence for the Relationship Between Childhood

Health and Adult Socioeconomic Status

There is a growing body of evidence suggesting that poor health early in life, particularly when

children are still in utero or infants, can have lasting consquences for health and economic

outcomes. Studies have focused on both the initial health endowment of children proxied by such

measures as birthweight, Apgar scores and gestational length as well as shocks to childhood health

coming from exposure to disease, famine or health interventions to establish the relationship

between childhood health and adult outcomes.

Behrman & Rosenzweig (2004) and Royer (2009) use differences in the birthweight of twins

to show a positive effect of fetal growth on educational attainment. Black et al. (2007) also

use twin data to link differences in birthweight to a broader set of outcomes, demonstrating a

positive relationship between birthweight and height, cognitive ability, educational attainment

and earnings. Differences in Apgar scores and gestational length between twins and other siblings

have also been shown to predict differences in high school completion and social assistance takeup

(Oreopoulos et al., 2008).

These studies all establish a strong relationship between initial health endowments of children

and adult outcomes. A related literature demonstrates that negative health shocks can be an

important source of variation in these health endowments. Work on shocks to childhood nutrition

3



caused by drought, civil war and price shocks has found that negative shocks to childhood health

lower school enrollment rates and lead to lower levels of completed schooling (Alderman et al.,

2001, 2006). Case et al. (2005) find adverse effects of chronic illness as a child on educational

attainment and socioeconomic status of individuals as adults. Public health interventions that

reduce the frequency of negative childhood health shocks have also been shown to improve

educational outcomes (see for example Miguel & Kremer (2004) examining the introduction

of deworming drugs in Kenyan schools and, closer to the population of interest in this study,

the work on hookworm and malaria eradication in the South in the early twentieth century by

Bleakley (2007, 2010)).

2.2 The Mechanisms Linking Childhood Health to Adult Out-

comes

There are a variety of mechanisms that may be responsible for these observed links between

poor health endowments or negative childhood health shocks and adult outcomes. A thorough

overview of the possible mechanisms and the empirical support for each can be found in Currie

(2009). The most obvious mechanism relates to the direct link between childhood health and fu-

ture health outcomes and the economic outcomes influenced by those health outcomes. The fetal

origins literature suggests that poor in utero health conditions can lead to chronic health prob-

lems including obesity, heart disease and diabetes (see for example Barker (1998a) and Barker

(1998b)). These health problems could have a direct impact on productivity and earnings. There

is also evidence that poor in utero and childhood health can cause cognitive impairment such

as the study of Romanian orphans by OConner et al. (2000) finding lower cognitive scores and

general developmental impairment among adoptees who faced longer periods of poor childhood

health.1

However, it is not solely through persistent health problems and developmental impairment

that childhood health can influence adult outcomes. Poor childhood health can alter the human

capital investment decisions made by parents. Thus even if a childhood health shock is temporary,

it may still have lasting effects through lower parental investments in human capital, particularly

1For an overview of work on the fetal origins hypothesis in both the epidemiology and economics literatures, see
Almond & Currie (2011).
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in terms of formal schooling. There is a large theoretical literature on the economics of the family

extending back to the work of Becker and Tomes in which human capital investment decisions

are dependent on the health endowment of children and the marginal costs of increasing a child’s

human capital stock which may itself be a function of a child’s health (Becker & Tomes, 1976;

Becker, 1991).

In the model developed by Becker and Tomes, the impact of a low health endowment could

potentially increase parental investments in that child relative to his siblings. The basic logic is

that parents’ utility is an increasing, concave function with respect to each child’s quality. Thus

the return on investment in a child’s quality will initially be relatively high for a child with a

low health endowment. If the parents are going to equalize the marginal return on investment

across all children in order to maximize utility, they will investment more in the low endowment

children and relatively less in high endowment children.

This becomes more complicated when the return on human capital investment is a function

of a child’s health endowment. If healthier children experience greater returns from human

capital investment, perhaps by being able to focus better in classes or having better school

attendance, then it will require greater human capital investment in high endowment children

relative to low endowment children to equate the marginal return on investment across children

and maximize household utility. In this case, parents’ human capital invesment decisions would

serve to reinforce health disparities across children. A child receiving a negative health shock

would receive less educational investment than his siblings.

Subsequent work on modeling household investment decisions has incorporated parents’ aver-

sion to inequality in outcomes across their children. Examples include Behrman et al. (1982),

Ejrnæs & Pörtner (2004), and Adhvaryu & Nyshadham (2011). These models allow for par-

ents to value equality of outcomes across children, leading to the possibility that even if poor

childhood health effectively increases the price of a unit of human capital, parents may choose

to invest more in their less healthy children. The work of Ejrnæs & Pörtner is particularly

interesting in the context of this paper as their model includes decisions over family size. The

degree of inequality aversion on the part of the parents influences whether they decide to have

another child after having a child with a particularly high or low health endowment. Ejrnæs &

Pörtner’s model therefore raises the possibility that it is not just the distribution of resources
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across children but also the number of children that can be affected by a negative health shock

for one child. The health shock may therefore have different impacts on children born before or

after the afflicted child. As Section 6 will show, this does turn out to be the case for the 1918

influenza pandemic.

Beyond helping to explain the ways that a child’s health can impact long run outcomes

through parents’ investment decisions, these works on the allocation of household resources

also suggest that siblings will be affected by a child’s health shock as parents either substitute

resources away from these siblings to achieve greater equality of outcomes across children or

invest more in these children because of their relatively higher rate of return on human capital

investments. It is therefore possible that the human capital investments in a child and the labor

market outcomes dependent on those investments will be significantly impacted by a health shock

to a sibling.

There is far less empirical evidence on the consequences of health shocks on investments in

healthy siblings. A major obstacle has been appropriate data. The majority of studies assessing

the impact of negative health shocks on educational investments and subsequent labor market

outcomes focus on sibling or twin data in order to control for household fixed effects. The

drawback is that twin data allows for identifying the difference in investment between siblings

when a health shock occurs but not a change in the overall level of investment across all siblings.

The alternative is to focus on a health shock that is easily observed and affects a single child in the

household. Adhvaryu & Nyshadham (2011) take this approach, using Tanzania’s distribution

of iodine substitutes to pregnant mothers as a positive shock to fetal health. Adhvaryu &

Nyshadham find that parents of children that received this positive health shock made greater

health investments in both the treated children and their siblings. This paper will follow a similar

approach to identify how educational investments across siblings responded to the influenza

pandemic of 1918.
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3 Childhood Health and the Influenza Pandemic of

1918

A major limitation to studying changes in household resource allocation across children is finding

a health shock that is both exogenous and focused on a single child. The influenza pandemic of

1918 provides one such shock. Almond (2006) and Almond & Mazumder (2005) have used the

influenza pandemic as a test of the fetal origins hypothesis, demonstrating that children exposed

to influenza while in utero suffered from significant long term effects. Children in utero during

the pandemic had lower educational attainments, higher rates of physical disability and lower

socioeconomic status relative to cohorts born before or after the pandemic. While the analysis

of Almond (2006) and Almond & Mazumder (2005) focused on the American experience, similar

effects have been demonstrated for Europe and South America (Neelsen & Stratmann, 2011;

Nelson, 2010).

The influenza pandemic of 1918 was remarkable for its severity both in terms of the number

of infected people and the mortality rate for those infected. Worldwide the pandemic claimed

approximately 50 million lives (Johnson & Mueller, 2002). In the United States, over 25 percent

of the population contracted the virus and over 600,000 Americans died. The virus spread

through the United States rapidly. After a mild wave of influenza in the late spring of 1918,

a second deadly wave began in September of 1918 in Boston and spread throughout the entire

country within a month. As shown in Figure 1, deaths from influenza rose dramatically from

September of 1918 to October of 1918, remaining high in November and then falling in the

subsequent months as the second wave dissipated.

A unique feature of the pandemic was the variation in infection and mortality rates by age.

While deaths from influenza are typically concentrated among infants and the elderly, the Spanish

flu was unique in that it targeted individuals in their twenties and thirties. Figure 2 depicts the

unusual W-shape of deaths from influenza during the pandemic compared to the traditional U-

shape. The pandemic targeted individuals of childbearing age. Beyond targeting this group as a

whole, pregnant women particularly suffered. In studies of hospitalized pregnant women during

the pandemic, death rates ranged from 23 to 71 percent and of the surviving women, 26 percent

lost their child (Barry (2005), p. 240). These statistics suggest that children in utero during the
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pandemic received a severe negative health shock due to the dramatic effects of the pandemic on

maternal health.2

The rapid and unexpected onset of the 1918 influenza pandemic, its severe effects on pregnant

women and the relatively short duration of the pandemic make the pandemic a particularly useful

health shock for studying the effects of poor childhood health on adult outcomes. The work of

Almond, Almond & Mazumder, Neelsen & Stratmann and Nelson has convincingly shown that

the health effects on children in utero during the pandemic translated into significantly worse

health, educational and socioeconomic outcomes as adults for those children relative to cohorts

born just before or after the pandemic. These findings suggest that the pandemic would be an

equally useful setting for identifying the effects of a negative health shock on siblings given its

dramatic health effects targeted at a single child within a family.

4 Data Set Construction

4.1 Data Sources

While the influenza pandemic of 1918 provides an interesting case of a major health shock

targeted at a very specific birth cohort, it presents several unique issues in terms of obtaining

relevant data. The studies of Almond and Mazumder utilize modern records to estimate the

educational and socioeconomic outcomes of individuals in utero during the pandemic. They rely

on the availability of federal census data from the 1960s, 1970s and 1980s containing educational

attainment, income and disability information as well as data on health outcomes from Survey of

Income and Program Participation data. In these modern data sets it is possible to identify those

individuals born during the pandemic and to compare their health and socioeconomic status as

adults to individuals born before or after the pandemic. While these datasets provide a wealth

of interesting adult outcomes, they do not offer any information about siblings or childhood

household characteristics, information that is crucial to the assessing how the pandemic changed

resource allocations across children.

A solution to this problem is to create a panel of historical data in which individuals are

2For a much more thorough discussion of the features of the pandemic that make it a plausibly exogenous and
unanticipated shock to fetal health, see Almond (2006).

8



observed both as children in their parents’ household and as adults. The 1930 federal census

offers an opportunity to observe individuals born in the years surrounding the pandemic as

adolescents still living with their parents. From the original census manuscripts it is possible to

identify the ages and genders of all of an individual’s siblings, information on parents including

occupations, ages and literacy, as well as basic household information such as the location of the

household and the value of the house.

Measuring adult outcomes requires an alternative data source. There are few historical data

sources from this period that contain the sort of education, income and health information that

would be of interest. The most detailed individual records come from the federal census but the

federal census did not start asking for educational attainment or income until 1940 and did not

record relevant health information until 1970 with the inclusion of disability questions. With the

72 year rule, it is not possible to match individual children from the 1930 census to the more

recent censuses utilized by Almond containing both adult educational attainment and health

data.3 An alternative is to use military enlistment records from World War II, a period in which

the individuals born in the years surrounding the 1918 pandemic were young adults.4

The National Archives and Records Administration has digitized the information from the

enlistment cards used by the United States Army during World War II. One of the main pur-

poses of the enlistment cards was for the Adjutant General’s Office to create “tables analyzing

occurrence of the various characteristics among individuals enlisted or inducted, and to provide

data for policies of demobilization” (U.S. War Department, p. 12). Consequently they con-

tained information on the education, occupations and health of enlistees relevant to assessing

the strength of the Army and efficiently assigning enlistees to various positions in the army. The

years of secondary and postsecondary education, civilian occupation, height and weight of each

enlistee were recorded along with basic demographic information such as year of birth, state of

birth and state of residence.5 With 65 percent of the males born in the five years surrounding

3The 72 year rule states that the federal government will not release personally identifiable information about an
individual until 72 years after it is collected for the decennial census. This information is necessary to link individuals
from their childhood households to their adult census records.

4While these enlistment records are from roughly the same time period as the 1940 federal census and contain similar
educational attainment data, the extra two to three years between 1940 and the typical year of enlistment actually
substantially increases the number of individuals born in the years around the 1918 influenza pandemic who can be
observed with completed educational careers.

5To assess whether the education and stature data provided in the enlistments records will show similar responses to
the pandemic as the census information recorded decades later, regressions comparable to those in Almond (2006) were
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the influenza pandemic serving in the military during World War II, these enlistment records

provide a tremendous data source for measuring adult outcomes for the population of interest.6

4.2 Matching Enlistee Records to the Federal Census

The process of matching enlistment records to census records begins by sampling the enlistment

records. First, records missing key information for the matching procedure or for the analysis are

dropped. This includes dropping any observations for which name, year of birth, state of birth,

educational attainment, or height and weight are missing. A one percent sample of the remaining

observations is taken by sorting the observations alphabetically by last name and sampling every

hundreth record.

Each individual in this sample is then searched for in the 1930 federal census. The geneology

website ancestry.com has created an electronic index of every individual in the 1930 census. This

index can searched by name, birth year, birth state, race and gender, all of which are available

from the enlistment records. If a unique match is found information on the individual’s family

is is recorded. For the first 25,000 enlistees, this matching process was done by hand. This

sample of hand matched enlistees was used to estimate the parameters of a matching algorithm

to automate the process of identifying matches and determining whether a match is unique.

This matching algorithm was then used to match the remainder of the sample. Details on the

construction of the matching algorithm and summary statistics on the reliability of the algorithm

are provided in the appendix.

Once the enlistees have been matched to the federal census several pieces of information

are recorded from the census. The household location and the names, ages and genders of the

individuals’ siblings have all been transcribed by ancestry.com and can be pulled from the search

results using a computer script. Parents’ occupations and literacy, whether the family rents or

run using the Army enlistee data to test for the effect of being in utero during the pandemic on educational attainment
and stature. Regression results are presented in Table 1. The results for educational attainment are nearly identical to
those found by Almond, with being in utero during the pandemic being associated with 0.13 fewer years of schooling
and a reduction in the probability of completing high school of 2.8 percent. The enlistment records also show that
being in utero during the pandemic impacted height and weight. Individuals in the influenza cohort were significantly
shorter than individuals born earlier or later, had lower weights and had lower body mass index values.

6The 65 percent figure is based on tabulations from using the the World War II veteran status question from the 1950
census including only individuals that answered either ‘yes’ or ‘no’ (rather than ‘N/A’). The tabulations are calculated
using the 1% census sample from the Integrated Public Use Microdata Series.
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owns their home, and house value are transcribed by hand from an image of the original census

manuscript page.

4.3 Sample Selection Bias

A major concern with this approach of linking individuals across historical data sources is sample

selection bias resulting from the probability of being successfully linked being correlated with

individual characteristics. Linking enlistees to the federal census can fail for a variety of reasons.

The simplest reasons for not finding a unique match are illegible census records or finding multiple

individuals that match an enlistee’s personal details. Neither of these reasons generates major

concerns in terms of the representativeness of the matched sample. Legibility of the census

records is a function of the enumerator’s handwriting and the image quality of the scans of

census pages, neither of which are related to the characteristics of the individual being matched.

Multiple census matches is a product of having a common name. One possible concern with this

is that people from states with larger populations will be less likely to be matched. This is easily

accounted for by controlling for state in the analysis.

The more troubling reasons for failing to match an individual relate to the accuracy of the

information they report. Particularly problematic is age misreporting. If parents misreport age to

the census enumerator or the individual misreports his age when enlisting, it will not be possible

to match the enlistment records to the census record. To the extent that misreporting age is

correlated with educational attainment or unobserved dimensions of ability, the resulting sample

will be underrepresentative of low ability individuals. These aspects of ability will certainly

influence household resource allocation decisions. Furthermore, if the effects of health shocks on

educational investments are concentrated in the lower tail of the educational distribution, there

is a concern that the affected individuals will not make it into the matched sample.

To assess the extent to which the matching process affects the composition of the sample,

Table 2 presents summary statistics for individuals who were successfully matched to the 1930

federal census and individuals who could not be matched. 48 percent of the enlistees could be

matched to the federal census, a match rate that compares favorably with other studies using

similar census linking techniques. In terms of age, year of enlistment and physical characteristics

the matched individuals are indistinguishable from the unmatched individuals. Matched indi-
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viduals are slightly more educated on average and slightly less geographically mobile than the

unmatched enlistees. A more detailed depiction of the differences in educational attainment is

given by Figure 3 showing the distribution of educational attainment for enlistees by match sta-

tus. Matched individuals are more likely to attend high school and more likely to be high school

graduates. However, the matched enlistees still cover the same overall range of educational at-

tainments as the unmatched enlistees. Even if effects of health shocks are focused on individuals

in the tails of the educational attainment distribution, these effects should be observable in the

matched sample of enlistees.

A separate concern with the sample is the reliance on military enlistment records for edu-

cational attainment and adult health outcomes. Military enlistees are not a random sample of

the population as a whole. An individual had to meet minimum physical requirements to enlist

in the military. Individuals could be rejected on the basis of height, weight, defective teeth,

poor vision, deafness, venereal disease and other conditions. Enlistees could also be rejected for

being illiterate. The set of enlistees will therefore be underrepresentative of the least healthy

individuals and potentially least educated individuals in the population, a group that may be

the most impacted by negative childhood health shocks. While this would be quite problematic

when focusing on the effects of a health shock on an individual’s own outcomes, it is less of a

concern here because the enlistment records are being used to examine the siblings of individuals

in utero during the influenza pandemic.

5 Estimation Strategy

The basic empirical approach will be to estimate adult outcomes as a function of individual and

household characterstics and an indicator variable for whether the individual had a sibling in

utero during the influenza pandemic. The basic regression equation would therefore be

Yi,j,k = X ′iβ + Z ′jγ + αFluj + µk + εi,j,k (1)

where Yi,j,k is the outcome of interest for individual i from household j living in state k. The

main outcome of interest will be educational attainment but the height and weight data will also

be used as proxies for adult health outcomes. Xi is a vector of individual characteristics which,
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depending upon the particular specification used, includes a polynomial in birth year, race,

birth order and birth order among brothers. Available information for the vector of household

characteristics, Zj , includes parental incomes, house value and family size.7 State fixed effects,

µk, are included to account for variation in average health and educational attainment across

states. Fluj is a dummy variable indicating whether there was a child in household j in utero

during the influenza pandemic.

It is the coefficient on Fluj that will pick up the effects of a negative health shock on resource

allocation across children. A positive estimate for α would indicate that parents are substituting

resources away from a child receiving a negative health shock toward healthy children. In this

case, investment decisions would serve to reinforce differences in endowments across children.

However, if α has a negative sign, it is an indication that parents reduce investments in healthy

children in response to a negative health shock for one child, suggesting that parents have an

aversion to inequality in outcomes across their children or that the health shock reduces family

resources in a way that leads to lower investments across all children.

One issue with the estimation of Equation 1 is censoring of the dependent variable. In the

case of the main variable of interest, years of educational attainment, the variable is censored

both from below and from above. Educational attainment in the Army enlistment records is

reported as years of secondary and postsecondary education up to eight years total. Individuals

with more than eight years of secondary and postsecondary education are coded as a nine in

the enlistment records. Assuming an individual enters high school after eight years of primary

schooling, the observed educational attainment Ei is a censored version of the total number of

years of education, E∗i as follows:

Ei =


0 if E∗i ≤ 8

E∗i − 8 if 8 < E∗i ≤ 16

9 if 16 < E∗i

(2)

This leads to a substantial number of observations censored from below; over 20 percent of the

7The availability of these household characteristics in the linked sample are particularly important given the findings
of Brown (2011) suggesting that families having children during the influenza pandemic were actually not representative
of the general population. In particular, these families tended to be less prosperous relative to the general population.
Controlling for household characteristics will help ensure that any estimated effects of the pandemic are being driven
by the impacts on children’s health and not by other omitted variables.
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enlistees have a zero reported for educational attainment. There is also censoring at the other

end of the educational attainment distribution although this censoring is far less problematic

as there are only 22 individuals in the matched enlistee sample with more than eight years of

secondary and postsecondary education. To account for censoring, tobit models will be used to

obtain consistent estimates of α in Equation 1.8

A second problem with the estimation of Equation 1 relates to identifying siblings in utero

during the influenza pandemic. The severe effects of the pandemic were felt during October,

November and December of 1918. Children born any time between October of 1918 and August

of 1919 were therefore potentially affected by the pandemic while in utero. The children in utero

during the entire pandemic would have been born between January and June of 1919. With

modern census data, Almond was able to identify individuals born during the first two quarters

of 1919, separating these individuals with high exposure in utero from other children born in 1919

receiving little to no in utero exposure to influenza. The 1930 census does not provide quarter

of birth or even year of birth. Instead, the 1930 census reports the age of each child as of April

1, 1930. This makes it difficult to identify exactly who was exposed to influenza while in utero.

Children exposed to influenza during their second and third trimesters will have a reported age

of 11 in the 1930 census. Children exposed during their first trimester will have a reported age of

10 in the census. ?? shows how in utero exposure varied by date of birth. The graph shows the

average monthly mortality rate for the population during the period that the child was in utero

and the relative contributions of the mortality rates during the first, second and third trimesters

to the overall average (these mortality rates are shown in Figure 1). Children born to the left of

the dashed line will have an age of 11 in the 1930 census while children born to the right of the

line will have an age of 10 in the federal census.

One possibility is to define Fluj as equal to one if a sibling has an age of either 10 or 11 in the

8Note that there is a second censoring issue related to whether the enlistee has completed his educational career.
Given that many of the enlistees are in their late teens and early twenties, it is likely that many had their educational
careers interrupted by the war. For these enlistees, the observed educational attainment should be considered an under-
estimate of their final educational attainment (or at least the family’s desired overall level of educational attainment for
the enlistee). Estimates have been run for both the complete sample of enlistees and for a restricted sample containing
only those enlistees who have completed their educational careers. An enlistee is considered to have completed his
educational career if the enlistee has been out of school for two or more years assuming that secondary school was
started at the age of 14 and all years of schooling were completed consecutively. Both regression samples yield similar
results. The results presented in the paper are based on the sample restricted to individuals with completed careers.
Results using the unrestricted sample are quite similar and are available from the author.
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1930 census. This would ensure that all children with a sibling in utero during the pandemic are

counted in the treatment group for the regressions. However, it would also count a large number

of siblings as treated even if they were born before the pandemic began or conceived after the

pandemic ended. Misclassifying these children as treated will introduce substantial measurement

error in Fluj and produce a potentially large attenuation bias for the estimated coefficient α.

An alternative is to treat only those siblings with a reported age of 11 as receiving in utero

exposure to influenza. While this excludes those siblings exposed only during the first trimester, it

has the advantage that even those children incorrectly assigned to the treatment group would have

been exposed to the pandemic as infants (unlike the 10-year-olds conceived after the pandemic).

These 11-year-olds in the 1930 census, while born before the pandemic began, would still have

potentially received a more severe health shock from the pandemic than their older siblings. As

Figure 2 shows, infants as a group did suffer severely from the pandemic. This presents a smaller

measurement error problem than using the combined 10- and 11-year-old group and for that

reason will be the preferred approach for defining Fluj .

6 Results

6.1 Main Results

To estimate Equation 1, the sample of successfully matched enlistees is restricted to males born

between the years of 1912 and 1924. The gender restriction is due to having an extremely small

number of female enlistment records that could be matched to the federal census (and that small

sample being less representative of the general population). The birth year restriction is based

on the number of enlistees in each birth cohort. These years each have over 100,000 records.

The number of records falls of significantly for the years before and after this range, leading to

concerns that the enlistees would be less representative of the population as a whole as well as

far less likely to be affected by an unhealthy sibling born in 1919.

The regression sample is further restricted to individuals who are listed as being the son of

the head of household in 1930, a restriction that eliminates roughly ten percent of the matched

enlistees. Restricting the sample to sons of heads of household simplifies the types of household

resource allocation being studied. The estimates in this section will focus on households in which
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the household head is the biological parent of both the individual in the matched enlistee sample

and any potential siblings born during the influenza pandemic. Those individuals dropped from

the sample are coming from households in which the household head is either a grandparent

or another relative of some sort or from households that are not traditional family units but

rather boarding houses, prisons or other institutions. These situations would correspond to very

different resource allocation problems and are not the focus of this study.

Table 3 presents summary statistics for the enlistees included in the regression sample. The

birth years of the enlistees are centered around the birth cohort suffering from the influenza

pandemic. The enlistees have on average three siblings. Roughly 15 percent of enlistees had a

sibling exposed to the influenza pandemic while in utero or as an infant. For slightly over half of

those individuals, it was an older sibling born during the pandemic. To allow for the possibility

that parents alter their investment decisions for younger children in a different manner than for

older children, the regressions will include separate indictors for having a younger sibling born

during the pandemic and for having an older sibling born during the pandemic.

The results of estimating Equation 1 using years of secondary and postsecondary education as

the dependent variable are given in Table 4. Columns (1) and (2) restrict the sample of enlistees to

those not in utero during the pandemic and therefore not subject to the health shock. Columns

(3) and (4) include these enlistees in utero during the pandemic with an additional indicator

variable to account for any direct effects of being in utero during the pandemic on educational

outcomes. Columns (1) and (3) treat all siblings identically while columns (2) and (4) allow the

affect of a sibling to vary with the gender of that sibling.

The marginal effect of having a sibling born during the pandemic is notable for its magnitude

but also how it differs depending on whether it was a younger or older sibling. The effect of

having an additional sibling in general is large and negative whether that additional sibling is

younger or older. This is consistent with the existing literature on quantity-quality tradeoffs for

children. What is suprising is that the effect of having a sibling born during the pandemic has a

different sign depending whether the sibling is younger or older. While a negative health shock

to an older sibling leads to a statistically insignificant reduction in educational investments, a

similar shock to a younger sibling, whether that younger sibling is male or female, actually leads

to a large increase in educational attainment.
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The magnitudes of these effects are substantial. The increase in educational attainment

associated with having a younger sibling born during the pandemic is over a quarter of a year.

This is actually a larger effect than the marginal effect of being born during the pandemic on

one’s own educational attainment as estimated by Almond (2006) with modern census data and

replicated using the set of all enlistee records in Table 1.9 These results underscore how significant

the reallocation of household resources is when a child receives a negative health shock. Focusing

solely on the outcomes of the unhealthy child ignores equally large effects experienced by that

child’s siblings.

Given the substantial number of enlistees with either zero years of secondary education or

exactly four years of high school, it seems reasonable to also consider treating educational attain-

ment as a choice between attending high school or not or a choice between completing high school

or not. With this is mind, an alternative set of regressions is estimated using binary outcomes

as the dependent variable rather than years of education. Table 5 presents estimates of a logit

model in which the dependent variable is an indicator for whether the enlistee graduated high

school. Table 6 presents similar estimates using an indicator for whether the enlistee attended

high school as the dependent variable. Marginal effects computed using these coefficients are

presented in Table 7. Both of these sets of regressions yield similar results to the tobit estimates.

In both cases, having a greater number of older or younger siblings significantly decreases the

likelihood of either attending or graduating from high school. The same is true of having an

older sibling born during the pandemic although these coefficients are not statistically significant.

However, if an enlistee has a younger brother or sister in utero during the pandemic, the enlistee

is more likely to attend and graduate from high school.10 The magnitude of these effects is once

again quite large. Having a younger sibling in utero during the pandemic was associated with

a six percent increase in both the probability of attending and the probability of graduating

9Note that the impacts in Table 1 may underestimate the impact of the pandemic due to sample selection. For the
more modern census data, the least healthy individuals impacted by the pandemic may have died. For the enlistee
records, those least healthy individuals may have been rejected by the military. In both cases, this would lead to
an underestimate of the negative impact of being in utero during the pandemic as the regression sample would be
composed of people healthier on average than the true population of treated individuals.

10It is worth noting that years of education and high school attendance both respond similarly to having a younger
sister or brother in utero during the pandemic. However, the impact of a younger sister in utero during the pandemic
is noticeably larger in magnitude and more statistically sigificant than the impact of a younger brother in utero during
the pandemic on the likelihood of high school graduation. While the data do not have sufficient detail to unravel the
reasons behind this difference, it suggests that families’ responses to health shocks are dependent on the gender of the
child suffering the health shock.
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from high school. This reinforces the conclusion that families were shifting educational invest-

ment toward older children in response to a negative health shock to one child. These effects

are substantial: the marginal effect of having a younger sibling in utero during the pandemic is

roughly equal to the marginal effect of a twenty percent increase the household head’s income

on attending on graduating high school.

While limited in scope, there is basic adult health information in the enlistment records in

the form of height and weight that can be used to test for similar effects of the reallocation of

household resources on the health outcomes of siblings when one child receives a health shock.

As a product of net nutrition over the course of childhood, adult height can serve as a proxy of

childhood health conditions potentially influenced by parents’ resource allocation decisions. The

weight information in the enlistment records also allows for measuring body mass index, offering

a measure of health that is influenced by adult health behaviors and less sensitive to parental

investment decisions.11

The results of estimating Equation 1 using these health measures as the dependent variables

are given in Table 8 and Table 9. The height regressions suggest quantity-quality tradeoffs

similar to those found for educational attainment: an additional sibling whether younger or

older is associated with a substantial reduction in height suggesting that health investments in

each child decline as family size increases. Also consistent with the education estimates, an

increase in household head’s income is associated with a significant increase in adult height.

These large and significant coefficients suggest that height may be able to pick up differences

in health investments across siblings. However, there are no statistically significant effects of

having a sibling in utero during the pandemic on an enlistee’s own height. The body mass index

results do not produce any coefficients on the sibling variables that are either large in magnitude

or statistically significant. This is unsurprising given that body mass index, unlike height, is as

much a product adult health behaviors as childhood health investments. These results for the

basic health measures suggest that health investements across children were far less sensitive to

11As identified by Ferrie et al. (2011), the weight field on the enlistment cards was actually used to record scores on
the Army General Classification Test (AGCT), a test of general mental acuity, for a brief period of time between March
and June of 1943. Individuals enlisting during this period are therefore dropped from the regressions using weight or
body mass index as a dependent variable. The AGCT scores themselves would be an interesting outcome but the short
time span over which they were recorded leaves an insufficient number of observations to work with. There are only
137 individuals in the linked sample that have AGCT scores rather than weight information.
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a childhood health shock than educational investments.

6.2 Robustness Checks

The results from the educational attainment regressions present strong evidence that reallocation

of educational resources was taking place in response to a health shock to a child. However, there

are potential concerns about whether this is a proper way to interpret the coefficient on the flu

sibling variable. A primary concern is that although a substantial number of people including

pregnant mothers were infected with influenza in 1918, the majority of the population was not

infected meaning that many of those siblings being counted as part of the influenza cohort did

not actually receive a negative health shock. The flu sibling variable is therefore measured with

error and the coefficient on the variable will suffer from an attenuation bias, suggesting that if

anything the marginal effect of a sibling’s negative health shock on an individual’s own education

may be substantially larger than the point estimates in the previous section.

A more troubling possibility is that the coefficients on the flu sibling variable are picking

up the effects of something other than having a sibling in poor health. In particular, for those

individuals with a younger sibling in utero during the pandemic, the variable may be picking

up an effect related to being of high school age at the start of the Great Depression while for

those individuals born after the pandemic the variable would be picking up effects related to

being of high school age at the end of the Great Depression. Similarly, one might worry that the

coefficients are picking up differential effects of World War I or the major changes in American

educational institutions taking place during this time period. The possibility that the younger

versus older sibling coefficients are picking up a dimension of changing conditions across cohorts

rather than a single health shock require careful consideration. Two different sets of estimates

are provided in the appendix to attempt to rule out these types of concerns.

The first approach is to more flexibly control for year of birth. All of the regressions are

rerun including birth year fixed effects rather than simply a cubic in birth year (results are given

in Table 14, Table 15 and Table 16 of the appendix). These birth year fixed effects will absorb

any systematic differences across birth cohorts related to differences in economic conditions or

educational institutions across different cohorts. The inclusion of these birth cohort fixed effects

does not change any of the findings in any substantial way. The coefficients on the younger flu

19



sibling variables remain positive, large and statistically significant across all of the specifications.

A second approach involves constructing placebo treatment groups by redefining the birth

year for the flu cohort. By shifting the birth year for the flu cohort it is possible to test whether the

flu cohort variable is picking up effects specific to those individuals in utero during the pandemic

or whether the older and younger flu sibling coefficients are the product of a more mechanical

relationship that would arise for any specific sibling cohort included in the regressions. In the

appendix, all of the regressions are rerun shifting the birth year for the flu cohort by two years

in either direction.12 The coefficients on the sibling in utero during the pandemic variables

are summarized in Table 10 with complete regression results provided in the appendix. When

shifting the influenza year either ahead or back by two years, the large effects of having a younger

sibling in utero during the pandemic completely disappear. The coefficient magnitudes drop by

an order of magnitude and become statistically indistinguishable from zero.13 These robustness

checks suggest that the results are not being driven by general time trends or a mechanical

relationship arising from controlling for a specific sibling birth cohort, bolstering the conclusion

that the earlier estimates are capturing the effects of an unhealthy sibling.

7 Conclusions

The influenza pandemic of 1918 provides a unique opportunity to examine the effects of a negative

health shock for one child on the outcomes of his or her siblings. The pandemic was an enormous,

unanticipated health shock that was particularly severe for women of childbearing age leading to

substantially compromised health for children in utero during the pandemic. The results from

this newly linked dataset suggest that parents altered their investments across all children in

response to that shock.

The investments were not altered in the same way for all children. The positive effect on

educational attainment of having a younger sibling born during the pandemic and the negative

12Two years is used rather than one to ensure that there are no actual influenza children in the placebo group. Both
the fact that the influenza exposure does not match up perfectly with the 1919 birth year and the possibility of age
misreporting in the census could lead to a one-year shift leaving many children actually exposed to influenza in utero
in the placebo influenza cohort.

13There is one regression in which marginal effect of having an older sibling in the placebo cohort is statistically
significant (Table 17, Column 6). However, one coefficient significant at the five percent level out of the 24 placebo
influenza cohort coefficients can most likely be attributed to Type I error.
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effect on educational attainment of having an older sibling born during the pandemic suggest

that parents were substituting resources for educational investment away from younger children

toward their older children in response to the health shock. The results for the effects on height

do not reveal a similar reallocation across children in terms of investments in health though this

may be a product of height being insufficiently sensitive to changes in health investments.

The magnitudes of these effects are quite large and of the same order of magnitude as the

effects of being in utero during the pandemic on an individual’s own educational outcomes. These

findings highlight the importance of considering the effects of early childhood health interventions

on not just the treated child but on siblings as well. The experience of the influenza pandemic

reveals that a health shock to one child can have major consequences for the distribution of

resources across other siblings and the overall equality of outcomes within a family. Families’

responses to the influenza pandemic served to reinforce differences in endowments across children,

turning the burden of disease for one child into a benefit for his older siblings.
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8 Tables and Figures
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Figure 1: Deaths per 1,000 people by month, 1918-1919. Source: Vital Statistics Rates in the United
States, 1900-1940 Table 2.
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Figure 2: Deaths from influenza or pneumonia per 100,000 people by age group. Source: Vital
Statistics Rates in the United States, 1900-1940 Table 14.
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Table 1: Departure of 1919 male birth cohort outcomes from 1912-22 trend using modern census data
and World War II enlistee data

Outcome 1960 Census 1970 Census 1980 Census
High school graduate -0.021*** -0.020*** -0.014*** -0.028***

(0.005) (0.003) (0.003) (0.001)
Years of education -0.150*** -0.176*** -0.117*** -0.132***

(0.038) (0.023) (0.019) (0.002)
Never attended high school -- -- -- 0.017***

-- -- -- (0.001)
Height -- -- -- -0.035***

-- -- -- (0.007)
Weight -- -- -- -0.371***

-- -- -- (0.040)
Body Mass Index -- -- -- -0.034***

-- -- -- (0.006)
Observations 114,031 308,785 471,803 2,744,642

Results from Almond (2006) Results using 
enlistee records

Robust standard errors are given in parentheses.  * significant at 10%, ** significant at 5%, *** significant at 1%
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Figure 3: Distribution of educational attainment for enlistees by match outcome.
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Table 2: Summary statistics for enlistees by match outcome

Matched to 
federal census

Not matched to 
federal census

Number of individuals 13,173 14,139
Year of birth 1918.8 1918.7

(3.2) (3.2)
Year of enlistment 1941.8 1941.8

(0.8) (0.9)
Height 68.4 68.3

(2.7) (2.8)
Weight 150.2 149.9

(21.3) (21.7)
Body mass index 22.5 22.5

(2.9) (3.0)
3.0 2.8

(2.2) (2.3)
Percentage who are white 94.4% 90.1%
Percentage who migrated to a 
different state

13.5% 25.0%

Percentage who are sons of the 
household head

90.1% --

Years of secondary and post-
secondary schooling
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Table 3: Summary statistics enlistees in the regression sample

Variable Mean
Standard 
deviation

Year of birth 1918.8 3.2
Height (inches) 68.4 2.7
Weight (pounds) 150.2 22.5
Body mass index 22.5 2.9
Years of secondary and post-secondary 
education 3.0 2.2
Number of people in household 6.4 2.3
Number of siblings 3.0 2.2
Number of brothers 1.6 1.5
Number of older siblings 1.5 1.6
Number of older brothers 0.8 1.1
Household head's income (1950 dollars) 2364.2 1136.5
Percentage living with father
Percentage living with mother
Percentage with an older sibling born in 
1919
Percentage with a younger sibling born in 
1919
Percentage with an older brother born in 
1919
Percentage with a younger brother born in 
1919

8.2%

6.9%

4.1%

3.4%

94.5%
97.5%
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Table 4: Tobit estimates of the effects of sibling health on educational attainment, years of secondary
and postsecondary schooling as dependent variable.

Years of education

Has older sibling born in 1919 (1=yes) -0.016 -0.050
(0.111) (0.112)

Has younger sibling born in 1919 (1=yes) 0.300*** 0.277**
(0.114) (0.109)

Number of older siblings -0.174*** -0.172***
(0.021) (0.019)

Number of younger siblings -0.363*** -0.357***
(0.020) (0.018)

Black (1=yes) -1.223*** -1.223*** -1.103*** -1.103***
(0.222) (0.223) (0.236) (0.237)

Household head’s log income 1.671*** 1.672*** 1.628*** 1.629***
(0.126) (0.126) (0.118) (0.118)

Father present (1=yes) -0.329** -0.329** -0.270 -0.269
(0.157) (0.158) (0.167) (0.167)

Mother present (1=yes) 0.676*** 0.677*** 0.681*** 0.683***
(0.165) (0.166) (0.157) (0.158)

Has older brother born in 1919 (1=yes) -0.089 -0.117
(0.151) (0.147)

Has older sister born in 1919 (1=yes) 0.059 0.017
(0.139) (0.140)

Has younger brother born in 1919 (1=yes) 0.263* 0.248*
(0.147) (0.138)

Has younger sister born in 1919 (1=yes) 0.335** 0.306*
(0.165) (0.162)

Number of older brothers -0.171*** -0.171***
(0.029) (0.027)

Number of older sisters -0.177*** -0.172***
(0.036) (0.031)

Number of younger brothers -0.369*** -0.367***
(0.033) (0.029)

Number of younger sisters -0.357*** -0.346***
(0.027) (0.022)

Born in 1919 (1=yes) 0.096 0.097
(0.086) (0.086)

N 8,647 8,647 9,759 9,759

* p < 0.1; ** p < 0.05; *** p < 0.01

Robust standard errors clustered by birth state in parentheses, All regressions include a cubic in birth year and birth

state fixed effects.
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Table 5: Logit estimates of the effects of sibling health on educational attainment, graduated high
school as dependent variable (1=graduated HS).

High school grad

Has older sibling born in 1919 (1=yes) -0.113 -0.139
(0.104) (0.105)

Has younger sibling born in 1919 (1=yes) 0.249*** 0.239***
(0.085) (0.085)

Number of older siblings -0.134*** -0.126***
(0.021) (0.017)

Number of younger siblings -0.268*** -0.268***
(0.019) (0.018)

Black (1=yes) -1.094*** -1.094*** -0.927*** -0.928***
(0.173) (0.173) (0.168) (0.169)

Household head’s log income 1.015*** 1.016*** 0.991*** 0.992***
(0.096) (0.096) (0.089) (0.089)

Father present (1=yes) -0.012 -0.012 0.055 0.056
(0.176) (0.176) (0.174) (0.174)

Mother present (1=yes) 0.543*** 0.545*** 0.586*** 0.588***
(0.119) (0.121) (0.126) (0.127)

Has older brother born in 1919 (1=yes) -0.205 -0.214
(0.154) (0.150)

Has older sister born in 1919 (1=yes) -0.016 -0.063
(0.116) (0.118)

Has younger brother born in 1919 (1=yes) 0.163 0.164
(0.100) (0.104)

Has younger sister born in 1919 (1=yes) 0.330*** 0.312***
(0.114) (0.110)

Number of older brothers -0.129*** -0.123***
(0.027) (0.023)

Number of older sisters -0.141*** -0.129***
(0.031) (0.026)

Number of younger brothers -0.273*** -0.281***
(0.034) (0.032)

Number of younger sisters -0.264*** -0.254***
(0.024) (0.018)

Born in 1919 (1=yes) 0.008 0.010
(0.078) (0.078)

N 8,647 8,647 9,759 9,759

* p < 0.1; ** p < 0.05; *** p < 0.01

Robust standard errors clustered by birth state in parentheses, All regressions include a cubic in birth year and birth

state fixed effects.
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Table 6: Logit estimates of the effects of sibling health on educational attainment, attended high
school as dependent variable (1=attended HS).

Attended high school

Has older sibling born in 1919 (1=yes) 0.001 -0.027
(0.096) (0.098)

Has younger sibling born in 1919 (1=yes) 0.392*** 0.370***
(0.105) (0.102)

Number of older siblings -0.126*** -0.125***
(0.018) (0.017)

Number of younger siblings -0.245*** -0.239***
(0.016) (0.015)

Black (1=yes) -0.758*** -0.758*** -0.715*** -0.716***
(0.141) (0.142) (0.157) (0.158)

Household head’s log income 1.413*** 1.418*** 1.389*** 1.392***
(0.088) (0.089) (0.086) (0.085)

Father present (1=yes) -0.490*** -0.491*** -0.441*** -0.443***
(0.141) (0.139) (0.164) (0.163)

Mother present (1=yes) 0.397*** 0.397*** 0.399*** 0.399***
(0.145) (0.145) (0.138) (0.138)

Has older brother born in 1919 (1=yes) -0.105 -0.129
(0.136) (0.133)

Has older sister born in 1919 (1=yes) 0.117 0.080
(0.126) (0.129)

Has younger brother born in 1919 (1=yes) 0.375*** 0.356***
(0.126) (0.112)

Has younger sister born in 1919 (1=yes) 0.407** 0.382**
(0.167) (0.164)

Number of older brothers -0.105*** -0.112***
(0.029) (0.028)

Number of older sisters -0.152*** -0.142***
(0.033) (0.031)

Number of younger brothers -0.246*** -0.239***
(0.025) (0.022)

Number of younger sisters -0.244*** -0.240***
(0.025) (0.021)

Born in 1919 (1=yes) 0.177** 0.178**
(0.081) (0.082)

N 8,639 8,639 9,759 9,759

* p < 0.1; ** p < 0.05; *** p < 0.01

Robust standard errors clustered by birth state in parentheses, All regressions include a cubic in birth year and birth

state fixed effects.
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Table 7: Marginal effects (dP (y=1)
dx

) of siblings on educational outcomes based on logit regressions.

Dependent variable:
Graduated high 

school
Attended high 

school
Mean of dependent variable: 0.5236 0.7923
Has older sibling born in 1919 -0.0277 0.0002

(0.0254) (0.0165)
Has younger sibling born in 1919 0.0621 0.0612

(0.0213) (0.0149)
Number of older siblings -0.0331 -0.0216

(0.0052) (0.0030)
Number of younger siblings -0.0663 -0.0420

(0.0047) (0.0027)
Household head's log income 0.2508 0.2427

(0.0236) (0.0141)
Marginal effects based on the logit regressions in Table 4, column 1 and Table 5 
column 1.  Marginal effects are evaluated at the means of the independent 
variables.  Standard errors given in parentheses.
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Table 8: OLS estimates of the effects of sibling health on health, adult height in inches as dependent
variable.

Height (inches)

Has older sibling born in 1919 (1=yes) 0.028 0.042
(0.110) (0.107)

Has younger sibling born in 1919 (1=yes) 0.069 0.057
(0.091) (0.092)

Number of older siblings -0.073** -0.075**
(0.028) (0.030)

Number of younger siblings -0.131*** -0.121***
(0.026) (0.024)

Black (1=yes) -0.527** -0.533** -0.585*** -0.589***
(0.224) (0.223) (0.204) (0.204)

Household head’s log income 0.190* 0.190* 0.141 0.141
(0.102) (0.101) (0.091) (0.091)

Father present (1=yes) 0.233 0.232 0.258 0.259
(0.227) (0.228) (0.205) (0.205)

Mother present (1=yes) 0.491** 0.482** 0.524** 0.519**
(0.228) (0.231) (0.214) (0.217)

Has older brother born in 1919 (1=yes) 0.042 0.025
(0.155) (0.156)

Has older sister born in 1919 (1=yes) 0.009 0.056
(0.147) (0.130)

Has younger brother born in 1919 (1=yes) 0.156 0.161
(0.150) (0.143)

Has younger sister born in 1919 (1=yes) -0.006 -0.041
(0.155) (0.154)

Number of older brothers -0.091** -0.090**
(0.039) (0.042)

Number of older sisters -0.051 -0.057
(0.037) (0.035)

Number of younger brothers -0.078* -0.078**
(0.043) (0.038)

Number of younger sisters -0.187*** -0.166***
(0.030) (0.028)

Born in 1919 (1=yes) -0.146* -0.150*
(0.075) (0.076)

R2 0.05 0.05 0.05 0.05
N 8,647 8,647 9,759 9,759

* p < 0.1; ** p < 0.05; *** p < 0.01

Robust standard errors clustered by birth state in parentheses, All regressions include a cubic in birth year and birth

state fixed effects.
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Table 9: OLS estimates of the effects of sibling health on health, body mass index as dependent
variable.

Body mass index

Has older sibling born in 1919 (1=yes) 0.080 0.073
(0.093) (0.100)

Has younger sibling born in 1919 (1=yes) -0.040 -0.049
(0.090) (0.097)

Number of older siblings -0.022 -0.017
(0.016) (0.016)

Number of younger siblings -0.026 -0.021
(0.018) (0.017)

Black (1=yes) 0.420*** 0.425*** 0.475*** 0.479***
(0.133) (0.135) (0.158) (0.160)

Household head’s log income 0.006 0.007 -0.016 -0.014
(0.114) (0.113) (0.103) (0.102)

Father present (1=yes) 0.179 0.179 0.183 0.181
(0.212) (0.210) (0.190) (0.188)

Mother present (1=yes) 0.231 0.233 0.157 0.159
(0.145) (0.144) (0.154) (0.154)

Has older brother born in 1919 (1=yes) 0.131 0.132
(0.118) (0.119)

Has older sister born in 1919 (1=yes) 0.041 0.023
(0.139) (0.141)

Has younger brother born in 1919 (1=yes) -0.057 -0.064
(0.126) (0.133)

Has younger sister born in 1919 (1=yes) -0.028 -0.040
(0.117) (0.120)

Number of older brothers 0.007 0.010
(0.026) (0.025)

Number of older sisters -0.059** -0.050**
(0.027) (0.024)

Number of younger brothers -0.048* -0.046*
(0.026) (0.025)

Number of younger sisters -0.003 0.006
(0.027) (0.025)

Born in 1919 (1=yes) -0.067 -0.063
(0.100) (0.101)

R2 0.05 0.05 0.04 0.05
N 8,528 8,528 9,629 9,629

* p < 0.1; ** p < 0.05; *** p < 0.01

Robust standard errors clustered by birth state in parentheses, All regressions include a cubic in birth year and birth

state fixed effects.
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Table 10: Coefficients from falsification tests using placebo influenza cohorts.

1917 1919 1921

0.012 -0.016 -0.130
(0.105) (0.111) (0.172)
-0.051 0.300*** -0.022
(0.161) (0.114) (0.088)

-0.021 -0.113 -0.159

(0.083) (0.104) (0.114)

-0.100 0.249*** -0.028

(0.098) (0.085) (0.063)

0.016 0.001 -0.218
(0.096) (0.096) (0.169)
-0.019 0.392*** -0.035
(0.122) (0.105) (0.079)

Younger sibling born in flu 
cohort (1=yes)

Panel A: Tobit coefficients, years of secondary and postsecondary education as 
dependent variable

Panel B: Logit coefficients, graduated high school as dependent variable

Panel C: Logit coefficients, graduated high school as dependent variable

Influenza cohort defined as being born in:

Robust standard errors clustered by birth state in parentheses, * significant at 10%; 
** significant at 5%; *** significant at 1%.  Regressions follow the same 
specifications as columns 1 of Table 3, Table 4 and Table 5 for Panels A, B and C, 
respectively.

Older sibling born in flu cohort 
(1=yes)

Younger sibling born in flu 
cohort (1=yes)

Older sibling born in flu cohort 
(1=yes)

Younger sibling born in flu 
cohort (1=yes)

Older sibling born in flu cohort 
(1=yes)
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A Matching Enlistment Records to the Federal Cen-

sus

The process of matching individuals from the enlistment records to the federal census was done

by hand for an initial sample roughly 20,000 observations. This initial sample used to create an

algorithm to automate the matching for the remainder of the sample. This appendex provides

a discussion of the criteria by which matches can be evaluated and details of the matching

algorithm.

Individuals can be searched for in an online index of the 1930 federal census on the basis of

name, year of birth, state of residence, state of birth, gender and race. In practice, gender and race

prove less useful for matching than one would initially expect. Unlike the other characteristics,

these two variables are each recorded in the census using a single character: gender is recorded

as either “M” or “F” for male or female, race is typically recorded as either “W” or “N” for

white or negro. The difficulty this presents is that having only a single character makes poor

handwriting far more problematic. Unlike name or state, there is no context to help decipher

handwriting. Consequently, incorrect information for race or gender in the electronic index is

not uncommon. If you include race and gender in the search criteria, an otherwise exact match

with a incorrectly transcribed race or gender will appear after individuals with noticeably worse

matches for name or birth year who have the correct race or gender. For this reason, race and

gender are not included as search criteria (although they can still be used to choose between

multiple potential matches).

This leaves name, birth year, birth state and state of residence as the search criteria. The

enlistment records provide birth state and state of residence at the time of enlistment. Assuming

that the state of residence at the time of enlistment is the same as the state of residence in 1930

is rather restrictive. Consequently, only state of birth is used in the search of the federal census.

Thus the final set of search criteria are name, birth year and birth state. When these search

criteria are entered in ancestry.com, the site returns a list of potential matches ordered from the

best match to the worst match. The matching criteria are not strictly enforced. Some results

may have slightly different names, some may have slightly different birth years and some may

have a different birth state. The purpose of the matching algorithm is to determine whether
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there is a sufficiently close match among these search results and, if so, whether that match is

unique.

The first step in finding the match results is to use a web script to scrape the information

for the top five census results. The information about each result that can be scraped includes

the full name of the individual in the census, the first names of the individual’s parents, the

city, county and state of residence in 1930, birth year, birth state, relation to the head of the

household, and the url for the webpage containing the complete transcribed information and a

link image of the census manuscript page for the individual. Given these variables, each match

can be assessed on how closely the first name matches the first name in the enlistment records,

how closely the last names match, how close the birth year is, whether the birth state matches

the birth state in the enlistment records, and whether the state of residence in 1930 matches

the birth state in the enlistment records. Assessing whether the states match or whether the

birth years match is straightforward. Whether the states match can be captured by a simple

binary variable indicating yes or no. How well the birth year matches can measured simply by

the difference in birth years between the enlistment records and the federal census.14 Assessing

how closely names match is more difficult.

There are two approaches taken for measuring how well the names match. The first is a very

coarse measure based on the Phonex algorithm designed to determine whether two words are

phonetically equivalent. The Phonex algorithm incorporates principles from both the Soundex

and Metaphone methods of name matching. An overview of the algorithm and its performance

relative to other approached to coding names phonetically is provided by Lait & Randell (1996).

The Phonex algorithm is used to convert the first name and the last name into their respective

Phonex codes and compare these codes to the codes for each of the search results to determine

whether the names are phonetically equivalent.

This approach provides an easy way to eliminate matches that are clearly incorrect names.

However, it cannot distinguish between names that have similar structures but are clearly dif-

ferent. Consider the examples provided in Table 11 of pairs of last names that produce the

14It should be noted that while ancestry.com returns the birth year in the search results, the actual information
provided in the census is the individual’s age at the time of the census (April 1st, 1930). What ancestry.com is
reporting as the birth year is simply 1930 minus this age. This imputed birth year may be off by one year depending
whether the individual’s birthday falls before or after April 1st.
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Table 11: Last names coded using the Phonex algorithm.

Name A Name B Phonex Code A Phonex Code B

Damerau-
Levenshtein 

Distance between A 
and B

Harland Olin A450 A450 5
Armando Herman A500 A500 4
Francis Franklin F652 F652 4
Garland Glenn G450 G450 5
Michael Mitchell M240 M240 3
Thomas Thurman T500 T500 5
Fielding Feilding F350 F350 1
Winfield Winford W513 W513 4

same Phonex code. While the Phonex algorithm provides an efficient way to quickly elimi-

nate drastically different names, it will not help identify slight mispellings or otherwise small

differences between names. This leads to the second measure for whether names match, the

DamerauLevenshtein distance.

The Damerau-Levenshtein distance is a measure of the distance between two strings based

on the number of operations it requires to transform one string into the other. The allowed

operations are the addition of a character, the substraction of a character, the replacement of

a character with another character, and the transposition of two characters. The Damerau-

Levenshtein distance in the minimum number of these four operations required to get from one

string to the other. These distances are also shown in Table 11. While the Damerau-Levenshtein

difference itself is a useful measure of how close two strings are to one another, it does not

take into account the overall length of the string. Two four-letter names that differ by two

characters are assigned the same distance from one another as two ten-letter names that differ

by two characters. To take into account the distance between two names relative to their overall

length, I also construct a normalized version of the Damerau-Levenshtein difference equal to the

Damerau-Levenshtein distance divided by the average lenght of the two names.

The final set of variables that can be used to identify matches are summarized in ??. To
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evaluate matches, I construct a numerical score of the form

θ(Xi,j) = β1X
1
i,j + β2X

2
i,j + ...+ βkX

k
i,j (3)

where θ(Xi,j) is the match score for census search result j for enlistee i based on the k different

matching variables. To estimate the appropriate coefficients to use when constructing this score,

I use the set of observations matched hand for which there was a unique match found. Letting

yi,j be a indicator variable equal to one if census search result j is determined to be a match for

individual i and zero if it is not a match, every enlistee in this set of hand matched observations

for which a unique match is found satisfies the following property:

5∑
j=1

yi,j = 1 (4)

This property suggests a very natural way to estimate the parameters for θ(Xi,j). Essentially,

this is a situation where there is a multinomial discrete choice model in which the regressors

vary across alternatives (the five different census search results) but the coefficients do not. By

restricting the sample to those individuals with one and only one unique match, this can be

modeled as a conditional logit model:

yi,j =
eθ(Xi,j)∑5
l=1 e

θ(Xi,l)
s.t.

5∑
j=1

yi,j = 1 (5)

The estimated coefficients from this model provide the function

θ̂(Xi,j) = β̂1X
1
i,j + ...+ β̂kX

k
i,j (6)

that can be used to calculate match scores for all of the observations in the sample. The

conditional logit regression results based used to construct θ̂(Xi,j) are give in Table 13.

The final step is to use the cases of multiple matches and no matches to establish cutoffs for the

match score above which a census search result can be considered a match. Let zi(Xi,1, ..., Xi,5)
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be an indicator variable for the matching outcome of enlistee i:

zi(Xi,1, ..., Xi,5) =


0 if there are zero matches

1 if there is a unique match

2 if there are multiple matches

(7)

Letting θ represent the score cutoff above which a census search result is considered a match and

ordering the five census search results from highest score to lowest score, zi can be expressed as:

zi(Xi,1, ..., Xi,5) =


0 if θ̂(Xi,1) < θ

1 if θ̂(Xi,1) ≥ θ and θ̂(Xi,2) < θ

2 if θ̂(Xi,1) ≥ θ and θ̂(Xi,2) ≥ θ

(8)

Since zi is observed in the hand-matched data, the full set of hand-matched data can be used

to estimate the value of θ based on preferences over the types of matching errors. Choosing a

higher value for θ will reduce the probability of declaring census search results matches when

in fact they are not and the probability of declaring multiple matches when there is actually a

unique match. However, the penalty for choosing a higher value of θ to reduce false matches is

a lower probability of identifying a unique match when one exists.

Figure 5 and Figure 6 show the tradeoffs associated with different levels for θ. At low levels

of the cutoff, increasing the cutoff increases the number of correctly identified unique matches in

the hand-matched data rises but so does the number of false unique matches (observations that

actually have either multiple matches or no matches). However, for cutoff values above −1, the

number of correctly identified unique matches continues to rise with θ while the number of false

matches begins to decline. The ratio of correct unique matches to false unique matches continues

to rise up to a cutoff value of 3.9 where the ratio reaches 4.6.
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Figure 5: Correct and false unique matches by threshold for match score.
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Figure 6: False matches by type by threshold for match score.
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Table 12: Variables for evaluating matches between enlistment and census records.

Variable Definition Type

Birth state
Equal to 1 if birth state in census matches birth 
state in enlistment record, 0 otherwise

Binary

Residence state A
Equal to 1 if state of residence in census matches 
state of residence in enlistment record, 0 otherwise

Binary

Residence state B
Equal to 1 if state of residence in census matches 
birth state in enlistment record, 0 otherwise

Binary

Age difference
Absolute value of difference between enlistment 
record birth year and imputed census birth year 
(1930 - census age)

Discrete

Age difference squared Square of the variable above Discrete

Phonex first name
Equal to 1 if census first name and enlistment record 
first name have identical phonex codes, 0 otherwise

Binary

Phonex last name
Equal to 1 if census last name and enlistment record 
last name have identical phonex codes, 0 otherwise

Binary

Damerau-Levenshtein first 
name

Number of operations required to transform census 
first name into enlistment record first name

Discrete

Damerau-Levenshtein last 
name

Number of operations required to transform census 
last name into enlistment record last name

Discrete

Normalized D-L first name
Damerau-Levenshtein first name distance divided by 
the average length of the first names

Continuous

Normalized D-L last name
Damerau-Levenshtein last name distance divided by 
the average length of the last names

Continuous
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Table 13: Conditional logit results to estimate parameters for the match score using the set of hand-
matched enlistees with a unique census match.

Coefficient
Variable mean in 
regression sample

(standard error) (standard deviation)
Absolute value of difference in age -1.6127*** 2.0462

(0.0425) (2.7338)
Difference in age squared 0.0185*** 11.6603

(0.0005) (126.2093)
First name phonex match (1=yes) -0.6652* 0.5500

(0.3454) (0.4975)
Last name phonex match (1=yes) -0.1350 0.9063

(0.3541) (0.2914)
Normalized first name Damerau-Levenshtein distance -9.9404*** 0.3671

(0.5368) (0.4089)
Normalized first name Damerau-Levenshtein distance 4.3198*** 0.0079
     x First name phonex match (0.7393) (0.0560)
Normalized last name Damerau-Levenshtein distance -6.6829*** 0.0798

(0.7415) (0.2042)
Normalized last name Damerau-Levenshtein distance -5.7693*** 0.0307
     x Last name phonex match (0.9339) (0.2042)
Census birth state matches enlistment 1.3759*** 0.7075
     birth state (1=yes) (0.1288) (0.4549)
Census residence state matches enlistment 2.9010*** 0.6937
     birth state (1=yes) (0.1429) (0.4610)
Census residence state matches enlistment 2.1052*** 0.6245
     residence state (1=yes) (0.1293) (0.4842)
Observations 51814
Pseudo R-squared 0.8971
* significant at 10%; ** significant at 5%; *** significant at 1%
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Table 14: Tobit estimates of the effects of sibling health on educational attainment with birth year
fixed effects, years of secondary and postsecondary schooling as dependent variable.

Years of education

Has older sibling born in 1919 (1=yes) -0.033
(0.109)

Has younger sibling born in 1919 (1=yes) 0.264**
(0.116)

Number of older siblings -0.172***
(0.021)

Number of younger siblings -0.361***
(0.020)

Black (1=yes) -1.214*** -1.095***
(0.224) (0.238)

Household head’s log income 1.668*** 1.626***
(0.126) (0.118)

Father present (1=yes) -0.339** -0.278*
(0.159) (0.167)

Mother present (1=yes) 0.665*** 0.673***
(0.165) (0.159)

Has older brother born in 1919 (1=yes) -0.135
(0.143)

Has older sister born in 1919 (1=yes) 0.000
(0.140)

Has younger brother born in 1919 (1=yes) 0.211
(0.136)

Has younger sister born in 1919 (1=yes) 0.272
(0.167)

Number of older brothers -0.169***
(0.027)

Number of older sisters -0.171***
(0.031)

Number of younger brothers -0.365***
(0.030)

Number of younger sisters -0.346***
(0.022)

N 8,647 9,759

* p < 0.1; ** p < 0.05; *** p < 0.01

Robust standard errors clustered by birth state in parentheses, All regressions include birth state and birth year fixed

effects.

46



Table 15: Logit estimates of the effects of sibling health on educational attainment with birth year
fixed effects.

High school grad Attended high school

Has older sibling born in 1919 (1=yes) -0.146 -0.014
(0.100) (0.096)

Has younger sibling born in 1919 (1=yes) 0.216** 0.354***
(0.087) (0.109)

Number of older siblings -0.132*** -0.125***
(0.021) (0.018)

Number of younger siblings -0.267*** -0.243***
(0.019) (0.016)

Black (1=yes) -1.091*** -0.924*** -0.756*** -0.714***
(0.176) (0.171) (0.143) (0.159)

Household head’s log income 1.020*** 0.996*** 1.414*** 1.393***
(0.097) (0.090) (0.089) (0.086)

Father present (1=yes) -0.023 0.046 -0.491*** -0.444***
(0.178) (0.176) (0.142) (0.165)

Mother present (1=yes) 0.537*** 0.582*** 0.395*** 0.397***
(0.122) (0.129) (0.147) (0.140)

Has older brother born in 1919 (1=yes) -0.251* -0.146
(0.142) (0.131)

Has older sister born in 1919 (1=yes) -0.091 0.069
(0.119) (0.129)

Has younger brother born in 1919 (1=yes) 0.129 0.318***
(0.105) (0.112)

Has younger sister born in 1919 (1=yes) 0.283** 0.346**
(0.112) (0.170)

Number of older brothers -0.121*** -0.111***
(0.024) (0.027)

Number of older sisters -0.128*** -0.142***
(0.026) (0.031)

Number of younger brothers -0.278*** -0.237***
(0.032) (0.022)

Number of younger sisters -0.254*** -0.240***
(0.018) (0.021)

N 8,636 9,748 8,639 9,759

* p < 0.1; ** p < 0.05; *** p < 0.01

Robust standard errors clustered by birth state in parentheses, All regressions include birth state and birth year fixed

effects.
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