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Abstract

This paper examines the long-term economic impact of in uteroand postnatal exposure to
malaria using historical data from the United States. Recent research shows that
individuals who were exposed to early-life health shocks have worse outcomes as adults,
all else being equal. Because malaria has an acute impact on in uteroand postnatal

health conditions, such exposure may have significant economic effects over the life
cycle. To test this conjecture, I match adults in the 1960 Decennial Census to the malaria
death rate in their state-year of birth. Because malaria death rates are potentially
correlated with important omitted variables and measured with error, | employ a novel
identification strategy that uses variation in interactedhot and rainy weather conditions to
instrument for malaria exposure. The IV estimates indicate that adults exposed to malaria
around the time of birth had significantly lower levels of educational attainment.
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I. Introduction

The argument that early-life health conditions can have a lasting effect on an individual's
human capital and economic capabilities is intuitive: Early-life health conditions affect health
later in life; and health (throughout one's life) is an important human capital input and
determinant of economic capabilities.! Despite the logic of this argument, the extentto which
early-life health can have lasting effects remains unclear given the paucity of research on the
subject. To help clarify the importance of early-life health conditions, this paper examines the
long-term economic consequences of in uteroand postnatal exposure to malaria. Exposure to
malaria during this narrow timeframe has an acute impact on health;? as such, understanding the
consequences of such exposure will offer important insights into the significance of early-life
health conditions over the life cycle.

To estimate the long-term effects of malaria exposure during the in uteroand postnatal
periods, I use historical data from the United States (c. 1900-1936) and an instrumental variables
identification strategy. In particular, | estimate whether individuals born in (more) malarial
state-years have worse outcomes, as adults, all else equal. My research design matches adults in
the 1960 Decennial Census with the malaria death rate (per 100,000 inhabitants) in their
respective state-year of birth. In order to address the real possibility that malaria death rates are
correlated with important omitted variables and measured with error, | employ a novel
identification strategy, which uses variation in interactedhot and rainy weather conditions to
instrument for the malaria death rate during a cohort's year of birth.

This paper focuses on the United States, as opposed to a developing country, because of

the accessibility and completeness of malaria data. Specifically, from historical National Center

! Almond et al (2005), Almond (2006), and Black et al (2007) provide evidence in support of this argument.
2 Stillbirth, infant and maternal mortality, and low birth weight are all common consequences of in uteroand
postnatal exposure to malaria (World Health Organization, 2007).



for Health Statistics (NCHS) Vital Statistics documents | have compiled (previously unused)
data on malaria deaths broken out by year and state for the early 20" century. Using historical
population estimates from the Census to construct malaria death rates from the NCHS death
counts, | construct a proxy for exposure to malaria for each state over time.

Using the U.S. experience to explore the effects of malaria is sensible because the disease
was a serious public-health problem through the early-20th century.® For example, malaria
caused ten deaths per 100,000 inhabitants in the South per year on average, (while the disease
caused less than one death per 100,000 inhabitants in the Non-South per year on average.)
Moreover, Southern states like Arkansas, Florida, and Mississippi had more than 40 malaria
deaths per 100,000 inhabitants (per year) at some point during the early 20th century, which is
comparable to many developing countries afflicted with malaria today; for example, according to
2002 estimates from the World Health Organization, Kenya had a malaria death rate of 57.2 (per
100,000 inhabitants.) Also, given malaria’s low fatality rate, (i.e. one in every 200 to one in
every 400 died from contracting malaria),* the disease could have infected as many as one in
every 25 Southerners per year on average, and as many as one in every six people in the most-
impacted states and years.

In addition to adding to the emerging early-life health literature, this paper makes two
important contributions: First, | develop a novel identification strategy that utilizes interacted hot
and rainy, or malaria "ideal", weather conditions as an instrument for malaria exposure over time
(In contrast, previous papers examining the long-term effects of malaria usually rely on cross-
sectional variation in malaria incidence to identify the disease's causal impact.) Because I rely

on weather conditions that are specific to the transmission of malaria, I can control for several

¥ Other recent research also uses the U.S. experience to examine the effects of malaria exposure; see Bleakley
(2003), Bleakley (2006), and Hong (2007).
* Humphreys (2001)



other weather conditions as a test of my exclusion restriction. For example, I include controls for
hot weather conditions and rainy weather conditions individually and hot and rainy weather
conditions that are "ideal" for agriculture (but not necessarily ideal for malaria). The
development of this identification strategy is one of the key contributions of this paper to the
literature because identifying the causal impact of malaria exposure in any context (e.g. worker
productivity, school attendance) has important implications for economic development efforts.”

Second, this paper is the first to explicitly examine the long-term consequences from in
uteroand postnatal exposure to malaria.® Consequently, results from my analysis could have
specific policy implications for protecting pregnant women and infants in developing countries
today (e.g. subsidizing insecticide-treated bed nets).

My research focuses on the effects from exposure to malaria during the year of birth (i.e.
the general in uteroand/or postnatal timeframe) as opposed to other years of childhood, because
the disease’s impact i s mocentractiagonaldrizatemyagdsnd t hi
harmful because the parasite destroys red blood cells when it reproduces in a human host's
bloodstream, thereby depriving the body's tissues of oxygen and nutrients. However, for those
exposed during the in uteroand postnatal periods, the consequences of exposure to this disease
are more severe because lowered immunity enables the parasite to reproduce more easily, which
leads to the destruction of relatively more red blood cells.’

To determine the long-term importance of malaria exposure during the in uteroand

postnatal periods, 1 first examine the relationship between exposure around the time of birth and

> Recent works developed parallel (and unknown) to me have also contributed in this regard. See Hong (2007) and
Burlando (2007).

® There are other recent papers that examine the long-term economic effects from malaria exposure during the
general timeframe of "childhood". See Bleakley (2003), Lucas (2005), Bleakley (2006), and Hong (2007).

" In the appendix of this paper, | examine the effects of exposure during other years of childhood. These estimates,
while imprecise, are not inconsistent with the hypothesis that exposure earlier in life has more significant
consequences.



long-term economic outcomes using a simple ordinary least squares (OLS) framework. That is, |
test whether adults in the 1960 Census who were born between 1900 and 1936 have worse
outcomes (e.g. educational attainment, income) if they were born in a (more) malarial state-year,
all else equal. The OLS methodology, however, provides only an estimate of the correlation
between malaria and economic outcome because variation in malaria death rates is most likely
tied with omitted variables that also affect adult outcomes. For example, malnutrition, crowded
housing, and poorly irrigated farms promoted the spread of malaria in the South.® Because these
conditions reflect low socioeconomic conditions, the OLS estimate of malaria's impact could be
biased upwards.

Because of data constraints it also is necessary to rely on malaria death rates as a proxy
for malaria exposure at birth. If some malaria deaths are recorded inaccurately® there would be
measurement error associated with identifying malaria's causal impact, which could bias the OLS
estimates downward.™® In sum, both the potential for upward and downward biases exist if OLS
is employed, and it is unclear which bias will be larger in magnitude prima facie.

To address these biases | rely on an instrumental variables (IV) identification strategy to
estimate malaria's causal impact. Specifically, | use shifts in the interactionof hot and rainy (or
malaria "ideal") weather conditions as the instrument and identifying source of variation.

The malaria-weather relationship exists because of the weather's effects on the anopheles
mosquito, the vector for the malaria parasite. The female anophelegontracts the parasite when

it takes a blood meal from an infected human host. The malaria parasite then develops in the

® Humphreys (2001).

® Troesken (2004) presents evidence to support this measurement error concern. He notes that a number of poor
Southerners died without an attending physician, and as such, their death certificates were completed using second-
hand evidence from witnesses to their death. In addition, Troesken points out that malaria deaths were sometimes
misclassified as typhoid fever deaths, and vice versa, because some of the symptoms are similar (e.g. high fevers).
191 the fatality rate from contracting malaria varies across states or over time, then there may exist non-classical
measurement error.



mosquito's stomach, a process called sporogeny. Thereafter the mosquito can infect a new
human host when it feeds again. There are several mechanisms whereby weather affects the
malaria life cycle. First, the daily survival rate for the anopheles mosquito falls to zero when
temperatures surpass 104.0°F.* Second, sporogeny halts if average daily temperatures fall
below a certain threshold:; this varies depending on the strain of malaria.**> Above this
temperature threshold sporogeny speeds up, although the rate of increase diminishes significantly
when temperatures are above 71.6°F.** Third, mosquito larvae need standing water, and
consequently rainfall, in order to survive to adulthood. Fourth, the mosquito larval duration, or
the amount of time needed to reach adulthood, decreases as temperatures rise.***®

My IV identification strategy makes use of the fact that days with malaria "ideal”
temperatures and days with rainfall must occur in temporal proximity in order for there to be a
suitable malaria environment. To construct my instrument, I first calculate the following two
variables individually at the daily level: 1) the 30-day moving average of a dummy variable
equaling one if the daily mean temperature is in the "ideal"” range (71.6°F-104.0°F), and 2) the
30-day moving average of total daily precipitation.'® I then interactthese two moving averages
at the daily level to create my "hot and rainy" weather variable. Finally, | aggregate the "hot and

rainy" weather variable across days and weather stations for each state and year.

The weather variables were derived from historical National Climatic Data Center

! Craig etal (1999), Teklehaimanot et al, (2004)

12 There were two main strains of malaria in the U.S.: falciparumand vivax (Humphreys, 2001). Falciparum
requires temperatures above 60.8°F (16°C) (Craig et al, 1999), while sporogeny can occur at temperatures as low as
48.2°F (9°C) for vivax(Humphreys, 2001).

3 For example, falciparumsporogeny lasts 111 days at 60.8°F (16°C), 28 days at 64.4°F (18°C), and only 7.9 days
at 71.6°F (22°C). (Teklehaimanot et al 2004, and Craig et al, 1999)

“ For example, larval duration is 47 days when temperatures are 60.8°F, 31 days at 64.4°F, but only 18 days when
temperatures are 71.6°F. (Teklehaimanot et al, 2004, and Craig et al, 1999)

1> Several epidemiological studies have shown that hot and rainy weather conditions significantly impact the
incidence of malaria: Craig etal (1999), Bouma (2003), Craig etal (2004), Zhou etal (2004), and Teklehaimanot et
al (2004). These studies typically use data from African countries.

18 Although I use the terms "rainfall" and “precipitation” interchangeably throughout, precipitation actually includes
snow, hail, sleet, or mist as well.



(NCDC) weather data. The original NCDC data has daily precipitation and daily minimum and
maximum temperatures for approximately 900 weather stations per year on average for the
whole U.S., and about 20 weather stations per state per year on average. For my purposes, |
construct state-level weather variables from the original NCDC data using a population weighted
average of the weather stations in or around a given state.

The first-stage results indicate that hot and rainy weather conditions are a strong predictor
of malaria death rates during the early 20" century (i.e. the F-statistic equals 9.0). In general, the
magnitudes of the coefficients on the interacted hot and rainy weather variables are large. For
example, within the South, a one standard deviation increase in hot and rainy weather increases
the malaria death rate by around 1.67 deaths per 100,000 inhabitants; this increase represents
approximately 15 percent of the average malaria death rate in the South.

The OLS estimates indicate that variation in malaria death rates during the in uteroand
postnatal periods may have had little or no relationship with long-term economic outcomes (like
years of schooling or log income), after controlling for state of birth fixed effects, year of birth
fixed effects, and state-specific quadratic time trends."’

The IV estimates show that in uteroand postnatal exposure to malaria reduced average
years of schooling by approximately 0.23 years (significant at the five percent level) for the
average Southern birth cohort, after controlling for state of birth fixed effects, year of birth fixed
effects, and state-specific quadratic time trends. The magnitude of this estimate suggests in utero
and postnatal exposure to malaria can account for around 15 percent of the difference in average
years of schooling between the South and Non-South during the early 20" century.*® Although

my IV estimate for log income is also negative, it is quite imprecise. For example, the core IV

" When restricting the sample to very "hot and rainy" states or blacks only, the OLS estimates are negative and
statistically significant at the five percent level for years of schooling.
'8 The Non-South had approximately 1.7 more years of schooling more than the South on average.



estimate for log income indicates that a malaria death rate of ten would correspond to an eight
percent reduction in income; but the p-value on the coefficient is approximately 0.62. Also, the
years-of-schooling and log-income estimates are qualitatively similar for whites, blacks, males,
and females.

Because of the inclusion of state of birth fixed effects, year of birth fixed effects, and
state-specific quadratic time trends, my identification strategy relies on within-state variation in
hot and rainy weather conditions that deviate from any within-state trend or annual variation that
occurs for the whole of the United States. If this variation in hot and rainy weather is correlated
with unobservable variables that affect long-term economic outcomes, then estimates of malaria's
long-term impact will be biased. For example, within-state variation in hot and rainy weather
conditions may be correlated with agriculture output or extreme weather events (e.g. floods or
droughts), which could affect birth conditions and consequently, long-term outcomes.

Given my identification strategy, | can control for these omitted variables two separate
ways: First, because I rely on the interaction of hot and rainy weather conditions, | can test the
robustness of my findings by controlling for hot conditions and rainy conditions, individually.
Second, | can control for other interacted hot and rainy weather conditions, using different
temperature ranges for "hot" weather, while still identifying the causal impact of malaria
exposure; specifically, I can control for rainfall interacted with agriculture-ideal temperatures
(i.e. between 46.4°F and 89.6°F) as done in Deschenes et al (2006)."° Although there is some
loss of precision, the results do not qualitatively change with the addition of these controls.

As another robustness check, | estimate a reduced form model for those cohorts born

during the 1937 through 1956 period, when malaria in the South was largely eradicated, using

19 Deschenes et al (2006) also propose using a wider temperature range, i.e. between 46.4°F and 93.2°F, interacted
with rainfall to predict agricultural output. Using this wider temperature range does not affect my results.



the 1980 Census. This test allows me to discern whether malaria "ideal™ weather itself has an
impact on adult outcomes through other mechanisms than malaria. There was significant
migration from rural malarial areas to urban areas (and from South to North) during this period
as well as an expansion in social and crop insurance programs which may weaken the validity of
this test. Nonetheless, these reduced form results suggest that malaria "ideal™ weather conditions
had no negative impact on the cohorts born between 1937 and 1956.

| perform several additional checks of my results. | vary sample years and states, fixed
effects, and the construction of my instrument. The qualitative conclusions are unchanged. In
addition, I examine the effect of in uteroand postnatal exposure on other economic outcomes.
The IV estimates indicate that exposure significantly reduced the probability of attaining four,
eight, or twelve years of education, while there is no indication that exposure affected the
probability of attaining 16 years of education. These results are consistent with the fact that
malaria affected the low end of the socioeconomic spectrum. In general, the IV estimates for
other long-term economic outcomes (e.g. log wages, poverty status, hours/weeks worked last
year) are imprecise. For example, the p-value on the log wages estimate is 0.42. Also, | verify
that malaria exposure did not significantly impact cohort size in order to assuage concerns that
my results suffer from selection bias (i.e. only relatively "strong" children survive exposure).

Finally, I examine the impact from exposure during the second, third, fourth, and fifth
years of life as well (see Appendix.) Although statistical imprecision prohibits making strong
conclusions, impacts appear to be concentrated in the first few years of life. In addition, there is

no clear evidence against the core specification.

I1. Relevant Literature

My paper contributes to the literature on the long-term effects of early-life health



conditions.?® Because malaria has a large physiological impact on in uteroand postnatal health,
the long-term effects of malaria exposure over the life cycle may be measurable.

The current paper is, to my knowledge, the first to examine the long-term economic
effects from in uteroand postnatal exposure to malaria. There are several recent papers,
however, that address the long-term effects of malaria exposure. Bleakley (2003), Lucas (2005),
and Bleakley (2006) utilize malaria eradication efforts in various countries to examine the long-
term impact from exposure to malaria during childhood. In general, these three studies show that
the decline of malaria led to long-term economic gains for those children living in once-malaria
areas.”’ Also, Bleakley (2003), Lucas (2005), and Bleakley (2006) use similar identification
strategies; that is, they utilize variation in pre-treatment malaria exposure rates to identify those
cohorts who most stood to gain from malaria eradication efforts. Although they present some
evidence to the contrary, this type of strategy may be affected by omitted variables (i.e.
unobservable influences on trends in long-term outcomes). Furthermore, there may be
measurement error associated with the pre-treatment measures of malaria incidence. My
approach, by using variation in hot and rainy weather in an IV framework, utilizes an entirely
different identification strategy.

A paper similar to my work is Hong (2007).?* Hong uses historical weather records and

2 For example, Almond (2003) tests the long-term impact of in uteroexposure to the 1918 influenza epidemic in the
U.S. and finds large negative long-term consequences from such exposure. Almond, Chay, and Lee (2005) and
Black, Devereux, and Salvanes (2007) examine the effect of poor fetal health on adult outcomes using differences in
twins' birth weights and adult outcomes; the former study finds small negative long-term effects, while the latter
study finds large negative long-term effects.

21 Bleakley (2003) shows that the decline of malaria in the U.S. led to moderate gains in both school attendance and
long-term educational attainment for children living in once-malarial counties. Lucas (2005) examines the effects of
malaria eradication campaigns in Paraguay, Sri Lanka, and Trinidad in the mid 20™ century and finds that impacted
children also made moderate gains in schooling. Bleakley (2006) illustrates that malaria eradication efforts in the
U.S., Brazil, Colombia, and Mexico had several long-term benefits for children living in once-malarial areas. He
finds that the eradication of malaria led to increases in income, literacy, and returns to schooling for those adults
who lived in once-malarial areas during childhood.

22 Burlando (2007) is a work-in-progress that also shares similarities with my research design. The work here was
done in parallel to Hong (2007) and Burlando (2007) and the ideas developed independently.



Union Army fort health statistics in the United States to predict the relationship between weather
and malaria. Then, using a cross-section of predictedmalaria incidence at the county level, he
demonstrates that there were significant long-term health and economic repercussions from
being exposed to malaria earlier in life.

While there are some topical similarities between Hong and my work, i.e. we both use
weather to identify the impact of malaria in the United States, there are several methodological
differences worth noting that make our work complementary. First, Hong relies on a single
cross-section of predicted malaria incidence across counties, while | use a repeated cross section
at the state-level. Although my work uses a coarser geographiaunit than Hong, by relying on a
repeated cross-section I can control for potential omitted variables by including state fixed
effects. Furthermore, Hong's estimates rely, in large part, on variation in mean temperatures.? |
focus on the interactionbetween hot and rainy weather to predict malaria incidence, allowing me
to control for non-interacted weather conditions that could be biasing Hong's results. Finally,

Hong uses monthly weather data, while I have daily weather data.

I11. Empirical Methodology
A. Ordinary LeastSquareg"OLS')

To test the long-term economic impact of in uteroand postnatal exposure to malaria, |
first estimate the following OLS model:
(1) adultoutcom@ =b Ama liao Agt @A 2t ajtr A yre Big
where adultoutcomes average adult outcome (years of schooling, income, wage, employment,
etc.) for birth cohort i that was born in state j and year t, malaria* is the probability that a birth in

state j and year t was exposed to malaria, stateis a state of birth fixed effect, statetrends a state-

% Hong also includes rainfall during temperate months, or months with mean average temperatures above 59°F, in
his core specifications; however, the parameter estimate on this variable is not statistically significant.

10



specific quadratic time trend, yearis a year of birth fixed effect, and Uis an error term.

State fixed effects are included in order to control for unobservable state characteristics
that also impact adult outcomes. Year effects are included to control for any unobservable
changes in birth conditions that occur from year-to-year that may be correlated with changes in
the incidence of malaria. The state-specific time trends are included to control for any spurious
time-series correlation between the incidence of malaria and adult outcomes within a given state.
Despite the inclusion of these controls, malaria* may be correlated with important
unobservables, which would bias b. For example, within-state variation in overall public health
conditions could affect both malaria* and adultoutcome

In addition to the potential for omitted variable bias, estimating (1) is problematic
because malaria* is not observable. Ideally, the number of reported malaria cases in state j and
year t would act as a close proxy for malaria*; unfortunately, this data is unavailable for the
United States by state and year. Malaria death rates are available by state and year, however.
Substituting malaria, the malaria death rate, for malaria* we have:

1) adultoutcomg =b A ma jt+oorAsgt @A £t ajtr & A yre apd

Like malaria*, malariamay be correlated with omitted variables that also affect adult outcomes,
which would bias estimates of b. There is also an added concern with malaria: assuming that
malariais a noisy proxy for malaria*, estimates of b will be biased downward by measurement
error. Given the omitted variable bias and measurement error associated with estimating b in

(1", an instrumental variables methodology seems more appropriate than OLS.

B. InstrumentaNariables("IV") usinghot andrainy weatherconditions
In order to address the biases in OLS mentioned above, I rely on an IV identification

strategy that exploits two key facets of the malaria-weather relationship (as discussed in the

11



epidemiological literature): first, average daily temperatures between 71.6°F and 104.0°F are
ideal for malaria transmission;** and second, mosquito larvae require standing water, and
consequently rainfall, in order to survive to adulthood.?®

Given bothideal temperature days and rainfall are necessary for malaria to thrive, the
interaction between the two should predict malaria incidence better than ideal temperature days
and rainfall individually. In short, if temperatures are not ideal additional rainfall will have no
additive impact on the incidence of malaria because the less-than-ideal temperatures will inhibit
the spread of malaria outright. Likewise, more days with malaria-ideal temperatures will have
no effect on malaria incidence if there is insufficient rainfall to create standing water where the
mosquitoes can lay their larvae.

However, using differences in hot and rainy conditions acrossstates to predict malaria
death rates may not provide unbiased estimates because of bias from omitted variables; for
example, states within the South, which are usually hot and rainy, are also states with relatively
more poverty. As such, a specification that relies on within-state variation in hot and rainy
weather conditions seems appropriate.

Also, | allow for the fact that within-state variation in hot and rainy weather that occurs in
states with usually low levelsof hot and rainy weather will have little or no effect on the malaria
death rate. Because "low" states have unsuitable malaria-weather conditions most years, these
states will have low levels of human hosts carrying the malaria parasites. Consequently,
additional mosquitoes (brought about by extremely hot and rainy weather one year, for example)

will have little or no effect on the malaria death rate because there are few (or no) malaria

 Falciparumcan be transmitted between 60.8°F and 71.6°F degrees, and vivaxcan be transmitted as low as 48.2°F
(Humphreys, 2001). However, at least for falciparum Craig etal (1999) point out that transmission is difficult in
this range; as such, they argue that temperatures above 71.6°F degrees present "suitable™ weather conditions. My
results are qualitatively similar when using 60.8°F as the lower bound for malaria-ideal temperature days.

% Craig etal (1999), and Teklehaimanot etal (2004)

12



parasites for the mosquitoes to acquire, and then transmit. To better account for this fact, I allow
the effects of hot and rainy weather to vary depending on whether a state is a generally "high"
hot and rainy state or a "low" hot and rainy state.

In sum, | propose the general first-stage specification to be of the form:

(2) malariat = di- hot*raint x high+ 2-chot*raint (+ 1:hof + 2-holzjt + 34raint +

| #rainft+ s;pghot*raini+ e-pghot*rairfit ) + y As tUsAtsetjat e Ayw, ad

where malariais the malaria death rate for the population of state j in year t, hot*rain is "hot and
rainy weather" ideal for malaria (defined below), highis an indicator variable for whether the
state is a "high™ hot and rainy state (defined below), hotis the percentage of days with malaria-
ideal temperatures (i.e. between 71.6°F and 104.0°F), rain is the average daily rainfall (in 1/100
inches), aghot*rain is "hot and rainy weather" ideal for agriculture (defined below), stateis a
state fixed effect, statetrends a state-specific quadratic time trend, yearis an unrestricted year
fixed effect, and v is an error term.

To construct the variable hot*rain, I first calculate (for each weather station and day)
individual 30-day moving averages of the following two variables: 1) a dummy variable equaling
one if the daily mean temperature is between 71.6°F and 104.0°F, and 2) total daily rainfall. 1
then interact these two moving averages at the station-day level. (In other words, hot and rainy
weather needs to occur within 30 days of each other to affect the malaria death rate.?®) Finally, |
aggregate these daily interactions across weather stations and days for each state and year. Or

more formally:

. @Sjit wD 29 holsjra—1  raingjrda-—i
© hotraing, = 3,1 Tt (SF2, el KISl x gy

where hottakes a value of 1 if the mean temperature is between 71.6°F and 104.0°F and rain is

% The results are robust to varying the moving-average number of days to 15 or 45.

13



the amount of precipitation (in 1/100 inches) at weather station s of state j, in day d-I of year t.*’
D is the total number of days (i.e. 365 or 366) in year t. S is the number of reporting weather
stations in or within 100 miles of state j and year t. For purposes of interpretation the variable
hot*rain is normalized based on the mean and standard deviation in the South. By normalizing,
based on Southern values, the first-stage parameters are easier to interpret because malaria is
essentially a Southern phenomenon. Also, | weight all weather station observations by ¥, the
1920 county-state population within 100 miles of the weather station.

In order to allow the effects of hot*rain to vary by "high" and "low" states, in equation
(2) I interact the variable hot*rain with an indicator variable, high, which takes the value 1 for
those states that have an average of value of hot*rain above -1 during the 1900-1936 period. As
I will show below, using -1 as the cutoff does well to split up the malarial and non-malarial
states.?® (In general, the "high" hot*rain states are mostly Southern states.)®®

Finally, in some specifications I include hotand rain as individual controls as well as
aghotrain, or interacted hot and rainy weather ideal for agricultural temperatures. | construct
aghot*rain using equation (3) above, except | substitute aghot an indicator variable for days
with mean temperatures between 46.4°F and 89.6°F, for hot*®® Also, I allow hot, rain, and
aghot*rainto affect malariaat varying levels, respectively, by including quadratic terms.

Using (2), I instrument for malaria death rates in equation (1"). This mitigates both the

2" Mean temperature is determined by taking the average of the maximum and minimum temperature for that day.
8 As a robustness check, | vary the cutoff for defining "high" states; my results are robust to these modifications.

# "High" hot*rain states include: Alabama, Arkansas, District of Columbia, Florida, Georgia, Kansas (Midwest
region), Kentucky, Louisiana, Maryland, Mississippi, Missouri (Midwest region), North Carolina, Oklahoma, South
Carolina, Tennessee, Texas, and Virginia. Note that the Southern states of Delaware and West Virginia are "low"
hot*rain states.

% This temperature range follows Deschenes et al (2006).
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omitted variable bias and the measurement error associated with actual malaria deaths, malaria.*

C. Conceptualssues

There are several conceptual issues with this identification strategy. First, | cannot
discern the specific mechanism through which birth cohorts are affected by malaria. That is, |
may be measuring to some degree the effects of being born in a state where, say, their parents (or
neighbors) were infected.*® Additionally, there may be residual peer effects from growing up
with individuals who contracted malaria around the time of birth. Given data limitations, it
seems implausible to separate these different mechanisms. As such, my estimates are best
interpreted as the sum of the direct and the indirect cost of "exposure™ to malaria around the time
of birth.

Second, my core identification strategy does not distinguish between in uteroand
postnatal exposure because the identifying variation is at the year-of-birth level. To disentangle
the separate effects of in uteroand postnatal exposure, | estimate my core specification on each
of the four different quarters of birth separately. However, these results should be interpreted
with caution given the fact that birth conditions may differ significantly across quarters of birth
irrespective of malaria exposure.®

Third, the sample consists of both malarial and non-malarial states. By including all
states, | am able to increase my sample size to more precisely estimate the year-of-birth fixed
effects while absorbing relatively less of the identifying variation. As a check on my results, |

present estimates for the sample of states with average values of hot*rain in the "high" range.

%! Because this model is identified by within-state variation | cannot include time-invariant geographic factors in the
first-stage specification, e.g. elevation (Burlando, 2007) or proximity to water (Hong, 2007), without interacting
those factors with some other time-varying variable.

% For example, parental income may be affected by malaria exposure, which could indirectly affect birth conditions.
% Costa and Lahey (2005) show that second and third quarter births experienced relatively worse long-term health
outcomes.
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Although less precise, the results are similar when restricting to the "high" states.

Fourth, there is some concern that estimates of malaria's impact will be affected by
selection bias because physically weaker fetuses and infants will die from malaria exposure, and
consequently, exit the sample. Given data limitations, overcoming this concern is challenging.
Furthermore, this selection effect would bias my result to zero because more economically
capable people would be left in the sample. To explore the scope of the selection effect, |
estimate the effect of malaria exposure on the log of the birth cohort size. There is little evidence
to support the concern that malaria exposure affected cohort sizes.

Fifth, the geographic unit of observation is at the state level. Because weather (and
malaria) conditions vary significantly within a state's borders, | discard useful information with
this approach. However, because malaria deaths are not available at the county level, nor are
county of birth identifiers available in the 1960 Census, using finer geographic areas is not
possible.

Finally, I find that hot and rainy weather has a persistent effect on the incidence of
malaria (see Appendix.) As such, my IV estimates may be biased (upwards) by the effects of
exposure during the rest of early childhood. To account for this potential bias, I include
exposure to malaria during the second, third, fourth, and fifth years of life as regressors in
equation (1"). My estimates lose precision with the addition of these variables, however, | cannot

rule out my core specification.

IV. Data
The data on malaria mortalities was compiled using various volumes of the Mortality
Statisticsof the United Statedrom the National Center for Health Statistics archives. Malaria

mortalities were reported at the state-year level from 1900 through 1941. Using historical
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population estimates from the Census | construct malaria death rates by dividing the malaria
mortality counts by the state-year population (in 100,000's).

Although annual malaria data is available through 1941, I restrict my sample to the
period from 1900 through 1936 because malaria's prevalence declined significantly starting in
1937 for reasons unrelated to my identification strategy.**

Furthermore, malaria deaths are not available for all state-years from 1900 through 1936
because states began reporting mortality statistics for the first time at different points over this
period.*® To make maximum use of available data, both the OLS and IV specifications use an
unbalanced panel of state-years. As a check on my results, | estimate a reduced-form model on
the balanced panel of states covering years 1900 to 1936.

Daily minimum and maximum ground temperature and daily precipitation, by weather
station, were obtained from the National Climatic Data Center. In order to be consistent with the
annual malaria data, | construct state-year weather variables from the daily weather-station data.
To do this, | first create annualized weather-station data from the daily data. Then, I create state-
level weather data from the annual weather-station data by taking a population weighted average
of the weather stations in (or within 100 miles of) a given state.*® Unlike the malaria deaths data,
| have weather data for all state-years from 1900-1936.%

Data on adult outcomes was compiled using the 1960 Decennial Census. | create state

and year of birth cohort cell averages for those born between 1900 and 1936, or those who are

¥ According to Humphreys (2001) there was a mix of factors that lead to the demise of malaria; among other things,
she cites urbanization, the Tennessee Valley Authority and their economic development efforts, and a general
reduction in poverty as the major determinants of malaria's eradication.

% A list of when states began reporting malaria deaths can be found in Appendix Table I.

% Weights are county population estimates from the 1920 Census.

%7 | use an unbalanced panel of weather stations. This makes use of all the available data, and potentially improves
the precision of my estimates. There were approximately 900 weather stations nationwide each year on average, and
about 20 weather stations per state and year on average.
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about 24 to 60 years of age at the time of the 1960 Census.® Adult outcomes | examine include:
years of schooling, attained four years of education, attained eight years of education, attained
twelve years of education, attained 16 years of education, log income, log earnings,* worked
full-time weeks (50 plus weeks during the year) last year, and worked full-time hours (35 plus
hours per week) last year. The cohort cells are merged with the malaria and weather data by

state and year of birth.

V. Descriptive Evidence and First Stage Results

During the early 20" century malaria was a serious public health problem for U.S. that
was particular to the American South. The South experienced ten malaria deaths per 100,000
inhabitants per year during the early 20th century, while the Non-South averaged less than one
death per 100,000 inhabitants (see Table 1). Given malaria's fatality rate, (i.e. one malaria death
is associated with approximately 200 to 400 infections), the disease could have infected as many
as one in every 25 Southerners, compared to only one in every 250 non-Southerners.*® However,
malaria was not a serious health problem for all states within the South. As Figures la and Ib
illustrate, Delaware, Maryland, Kentucky, and the Virginias' malaria death rates were close to
zero during the entire early-20th century; conversely, Arkansas, Florida, and Mississippi had an
average 25 malaria deaths per 100,000 inhabitants.

In addition to the large cross-state differences in malaria death rates, Figures la and Ib
suggest there is also ample within-state variation in the malaria death rate over time (in the
"high™” malaria states). For example, Alabama, Arkansas, Florida, and Mississippi had malaria

death rates that nearly doubled over a one or two-year period. Furthermore, according to Figures

% | exclude races other than white or black.

% In practice, I first set income to zero if it is reported as negative; | then take the log of income plus one and the log
wages plus one in order to include all observations.

“0 Humphreys (2001)
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la and Ib much of the within-state variation in malaria death rates is correlated across states; that
is, the relative spikes, dips, and overall trends in the malaria death rate occur concurrently for the
malarial states within the South. This suggests that region-level factors may be able to explain
much of the time series variation in malaria death rates. Economic conditions and weather are
likely candidates because both are highly correlated within geographic regions.*

Economic conditions may help explain the difference in malaria death rate levels between
the South and Non-South; malaria was (and remains) a "poor person's” disease, and the South
was relatively poorer than the Non-South. However, economic conditions cannot explain much
of the variation in malaria deaths within the South over time. Figures la and Ib show that malaria
surged during a time of relative economic prosperity (1927), declined again after the onset of the
Great Depression (1929), and surged again during the Great Depression (1933). Furthermore,
these spikes and drops are sizeable: for example, malaria deaths nearly doubled in Florida in
1927 and Mississippi in 1933. Based on this evidence, it seems unlikely that economic
conditions can substantively explain much of the within-state variation in malaria deaths.

As an additional illustration of this point, Figure lla shows a scatterplot of the malaria
death rate and per capita income for each state-year from 1929 through 1936.** Figure Ilb
presents a scatterplot of the year-to-year changes in the malaria death rate and the year-to-year
changes in income per capita. Consistent with above, state-years with higher malaria death rates
were also state-years with lower per capita incomes (Figure I1a); however, within-state variation

in malaria does not correlate well with within-state variation in per capita income (Figure I1b).

*Also, malaria death rates were generally declining in all Southern states over this period. This downward trend in
malaria death rates is correlated with general improvements in public health and socioeconomic conditions as well
as a concerted effort to eradicate malaria in the South. (Humphreys, 2001) In order to control for any spurious
time-series correlation between these health improvements and hot and rainy weather, | include state-specific
quadratic time trends in my core specification. Also, I restrict my sample to the years between 1900 and 1936
because malaria death rates in the South began approaching zero starting in 1937.

%2 per capita income data comes from the Bureau of Economic Analysis and is not available for years prior to 1929.
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Hot and rainy weather, unlike economic conditions, can explain boththe cross-region and
within-South variation in malaria death rates. Table I presents summary weather statistics for the
South and Non-South, respectively. On average, the South had more than twice as many days in
the "ideal" temperature range (71.6°F-104.0°F) and approximately 20 percent more rainfall each
day compared to the Non-South. More importantly, the average value of hot*rain is much larger
in the South than the Non-South (0.00 versus -1.55) because the relative abundance of "ideal"
temperature days in the South occurred concurrently with rainy weather.*®

Figure Illa and Il1b present the time series variation in the variable hot*rain and malaria
death rates for each state in the South. These figures point out that malaria deaths are
concentrated in areas with higher average levels of hot*rain, and changes in hot*rain in places
with lower average levels of hot*rain have little or no effect on the malaria death rate. More
importantly, Figures Illa and I1Ib illustrate that changes in malaria death rates closely mirror the
changes in hot*rain in Southern states with "high" levels of hot*rain. For example, the 1927
spike in malaria death rates matches up almost perfectly with the 1927 spike in hot*rain in
Florida and South Carolina; and both these states have usually "high" levels of hot*rain (i.e. an
average value above -1). Provided that changes in hot and rainy weather are not correlated with
some omitted variable that also affects malaria death rates, these figures imply that hot*rain
causally impacts the incidence of malaria. Consequently, using an IV strategy to estimate the
long-term effects of malaria exposure seems promising.

Also, Figures Illa and I11b suggest that hot*rain may affect malaria with some lag.

Although my core specification does not include lagged values of hot*rain, I control for one- and

* That is, from July through September almost 83 percent of the days were between 71.6°F and 104.0°F, and during
these months there was an average 0.136 inches of rainfall per day in the South. In contrast, the Non-South had only
43 percent of days between 71.6°F and 104.0°F and only 0.110 inches of daily rainfall during the third quarter on
average. Also, recall that I normalize the variable hot*rain based on the mean and standard deviation in the South.
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two-year lagged values of hot*rain and hot*rain interacted with highas a robustness check of
my results. The qualitative first-stage results are unchanged with the inclusion of these controls.
(See Appendix.)

As mentioned above, Figures Illa and I11b illustrate that variation in hot*rain that occurs
in states with "low" levels of hot*rain has little or no impact on the malaria death rate. To show
this more clearly, Figures IVVa and Vb present unadjusted and regression adjusted scatterplots,
respectively, of the state-year observations for malaria death rates and hot*rain separately for
"low" and "high" hot*rain states. As Figures I\VVa and IVb illustrate, the relationship between
malaria death rates and hot*rain is positive and roughly linear for "high" states, while there is
little correlation for "low" states.

Table Il presents OLS estimates of the malaria-hot*rain relationship for the state-years
1900 through 1936 . The core specification, presented in column (1), includes state and year
fixed effects, as well as a state-specific quadratic time trend. Results from column (1) indicate
that hot*rain is a strong predictor of the malaria death rate (i.e. the F statistic equals 9.0).
Furthermore, the coefficient on hot*rain x highis positive and statistically significant at the one
percent level. The magnitude of the effect of hot*rain in "high" states is large relative to the
average malaria death rate in the South. According to these estimates, each standard deviation in
hot*rain in "high" states increases the malaria death rate by approximately 1.67 deaths per
100,000 inhabitants (1.50 plus 0.17), or about 15 percent of the average malaria death rate in the
South. As expected, variation in hot*rain in "low" states, has no statistically distinguishable
effect on the malaria death rate.

In addition, I estimate specifications with individual controls for quadratic hot (column
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2), quadratic rain (column 3), and both quadratic hotand quadratic rain (column 4).** 1 also
include quadratic aghot*rain (column 5). The coefficient on hot*rain x high does not
substantively change with the inclusion of any of these controls, and it remains statistically
significant at or around the one percent level. Also, the coefficients on the individual hot, rain,
and aghot*rain controls are, in general, statistically insignificant and small in magnitude.®
Adding all these weather controls simultaneously reduces the magnitude of the coefficient on
hot*rain x highand causes it to be no longer statistically significant (column 6).

Finally, I estimate the effects of hot*rain on the malaria death rate for "high" hot*rain
states only (column 7) and "low" hot*rain states only (column 8). The estimated coefficients

are similar to the core specification (column 1).

V1. Effects on Long-Term Economic Outcomes

In much of recent history, Southerners have been economically worse off than the rest of
the United States, and the 1900-1936 birth cohorts are no exception. Table Il presents summary
statistics, from the 1960 Census, for the unrestricted sample of cohorts born between 1900 and
1936 in the South and Non-South, respectively. Southerners had 9.45 years of schooling while
Non-Southerners had approximately 11.17 years of schooling, on average. High school
completion rates were around 37 percent and 56 percent for the South and Non-South,
respectively. In addition, adult income and earnings were around 25 percent lower for the
Southern birth cohorts. These facts point out the importance of identifying factors (such as
weather changes) that exogenously shift the risk of malaria exposure.

Although I will examine malaria’s effect on a variety of outcomes below, my focus is on

* Recall that hotis the percentagef days with a mean temperature in the malaria "ideal” range and rain is the
averagedaily rainfall in a state-year. | do not normalize these variables because they are easily interpretable as is.
*® Higher values of hot may have an effect on the malaria death rate; however, the coefficients are not precisely
estimated. Moreover, a 10 percentage point increase in hot, malaria "ideal™ temperatures, would only increase the
malaria death rate by at most 0.5 deaths per 100,000 inhabitants.
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years of schooling and log income at present.*® In order to estimate the magnitude of the
correlation between malaria death rates and long-term adult outcomes, | estimate equation (1')
via OLS; the results for years of schooling and log income are presented in Panel Aand Panel B
respectively, of Table IV. The results from the core OLS specification (column 1) indicate that
there is little or no correlation between malaria death rates and years of schooling, after
controlling for state of birth fixed effects, year of birth fixed effects, and state-specific quadratic
time trends. There is no statistically distinguishable effect on log income as well. However, as
mentioned above, the OLS estimates may not provide a reliable estimate of the causal impact of
malaria exposure.

The core IV results are presented in column (2) of Table IV. The estimated coefficient
on the malaria death rate is negative and statistically significant at the five percent level for years
of schooling. The magnitude of the coefficient implies that the malaria exposure associated with
ten malaria deaths per 100,000 inhabitants, the average malaria death rate in the South, causally
reduced average years of schooling by approximately 0.23 years (ten times -0.023).*” The
magnitude of this effect represents approximately 15 percent of the difference in years of
schooling between the South and Non-South birth cohorts over this period. Furthermore,
because the IV estimates are larger than the OLS,*® measurement error may be biasing the OLS
results more than any omitted variables.

The 1V estimate for log income is statistically insignificant and quite imprecise, despite

being large and negative. Even though the column (2) estimate suggests that the malaria

“® Note that the expected effect of malaria exposure on years of schooling is ambiguous. Improved health raises
both the returns to schooling (e.g. increases in work-life expectancy) and the opportunity cost of schooling (e.g.
healthier individuals make better laborers.)

7 Assuming a case-fatality ratio of 400, one case of malaria would translate into around 5.75 fewer years of
schooling (0.0023 /400 x 100,000 = 5.75). (Recall that the malaria death rate is per 100,000 inhabitants.)

*® The OLS and IV estimates are statistically different at the five percent level using a standard T-test.
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exposure (associated with a death rate of ten) causally reduced income by approximately eight
percent, | cannot rule out an equally large positiveeffect on income.

In addition, I estimate my core specification on the sample of states with "high" average
values of hot*rain (columns 3 and 4) and states with "low" average values of hot*rain (columns
5and 6).* For the "high" hot*rain states the OLS estimate for years of schooling is now
negative and statistically significant at the five percent level; the IV estimate is similar to the all-
states IV estimate, and nearly statistically significant at the ten percent level (i.e. the p-value
equals 0.101). Moreover, the OLS parameter remains smaller in magnitude than the 1V
estimates. The OLS and IV estimates for log income, as with the all-states sample, are not
statistically significant. For the "low" hot*rain states neither the OLS estimates nor the IV
estimates are statistically significant for years of schooling or log income.

In general, my years-of-schooling result is consistent with previous malaria studies. For
example, Bleakley (2003) finds that the averagecost of one year of exposure during childhood
reduced schooling levels by approximately 0.05 years in the United States; my estimate is about
four times larger, suggesting that exposure during the in uteroand postnatal period may be more
important than exposure during the "average" childhood year.>® Also, Lucas (2006) finds that a
ten percentage point reduction in malaria during childhoodincreased years of schooling by about
0.10 years in Paraguay, Sri Lanka, and Trinidad; a ten percentage point reduction in malaria in
the South, according to my estimates, would equate to approximately 0.02 more years of

schooling, or about one fifth of Lucas' estimate.

* Recall that "high" hot*rain states are those with average values of hot*rain over -1 for the 1900-1936 period.
Conversely, "low" hot*rain states are those with average values of hot*rain below -1.

*0 Bleakley (2003) found that a malarial childhood through age 16 reduced earningsby approximately 15 percent.
Given the imprecision of my wage and income estimates, | cannot discern to what extent in uteroand postnatal
exposure can account for Bleakley's findings.

24



VI1. Robustness Checks
A. Controlling for omittedweatherconditions

There is some concern that hot*rain is correlated with omitted weather conditions that
affect adult outcomes through mechanisms other than malaria (e.g. floods, droughts, agricultural
output). Given my identification strategy, individual hot weather conditions, individual rainy
weather conditions, and agriculture-ideal hot and rainy weather conditions can be included as
controls, while still allowing me to identify the effects of malaria exposure. Specifically, |
control for quadratic hot, quadratic rain, and quadratic aghot*rain>' Table V presents these
robustness checks for my IV estimates. Although there is sometimes much loss of precision, the

qualitative results are unchanged with the inclusion of these controls.*

B. Theeffectsof hotandrainy weatherpostmalaria prevalence

As an additional robustness check, | estimate a reduced form model for those born
between 1937 and 1956, a period when malaria was largely eradicated, using the 1980 Census.>®
If hot*rain impacts birth conditions through other mechanisms than malaria, then there might be
a negative correlation between hot*rain and adult outcomes after 1937.>* Table VI presents the
estimated impact of hot*rain for all states (column 1), "high™ hot*rain states (column 2), and
"low" hot*rain states (column 3). The estimated effects of changes in hot*rain x highand

hot*rain are statistically insignificant across all three samples, and generally small, for both

*L| also add a linear control for percentage of days with temperatures above 104.0°F (these temperatures represent
"unsuitable" malaria conditions). The results are qualitatively similar when | include this control. In addition, |
interact these weather controls with high. In general, there is great loss of precision when allowing the weather
controls to have different slopes in "high" hot*rain states. (Results not reported.)

*2 These estimates suggest that additional rainfall has a positive effect at low levels, and a negative effect at high
levels. However, one standard deviation in rain at high levels is correlated with only a small reduction in income
(i.e. about one percent).

>3 1980 was the last Decennial Census where quarter of birth was reported, and consequently, year of birth could be
derived. As such, testing the long-term effect of hot*rain on younger birth cohorts is not possible.

% As mentioned above, urbanization, migration, and the increase in social and crop insurance programs subsequent
to 1937 weakens the validity of this test.
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years of schooling and log income. | cannot rule out that hot and rainy weather had a somewhat

sizeable effect on adult outcomes, however, given the imprecision of my estimates.

C. Laggedhot*rain

As mentioned above, Figures Illa and I1b illustrate that hot*rain affects malaria death
rates with some lag. For example, for Florida a drop in hot*rain appears to precede the 1929-
1930 decline in the malaria death rate by one year (Figure 111a).® Therefore, to control for
potentially omitted variables I include one- and two-year lagged hot*rain x highand hot*rain as
controlsin equation (2). The years-of-schooling result is robust to the inclusion of these lagged
variables as controls When | add these lagged variables as instrumentghe IV estimate for years
of schooling diminishes in magnitude and is no longer statistically significant; however, | cannot
reject my core estimates. (Results not reported)

Furthermore, because hot and rainy weather has a persistent effect on the incidence of
malaria, my core estimates may be biased (upwards) by exposure later in childhood. | include
exposure to malaria during the second, third, fourth, and fifth years of life as additional
regressors in equation (1) in order to mitigate this omitted variables bias (See Appendix for a
more detailed discussion). Although statistically imprecise, these estimates are mostly consistent

with my core specification.

VI11. Sensitivity Checks
A. Reducedrorm Estimate

Unlike the malaria data, the weather data is complete for all state-years during the 1900-

*® There is epidemiological intuition to support this finding. Mosquitoes can survive over the winter in hibernation,
although the malaria parasite rarely survives in the mosquito (Humphreys, 2001). As such, hot and rainy weather
conditions will affect this year's mosquito population, which will in turn affect next year's mosquito population and
the propensity for malaria to be transmitted. In addition, because the malaria parasite can survive in humans for
long periods of time (Humphreys, 2001), more people with malaria this year will also mean more malaria hosts next
year.
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1936 period. As such, I am able to estimate reduced form models with hot*rain as a regressor on
a balanced panel of all state-years as a check on my results. (See the odd numbered columns in
Table VII.) Although the estimates are somewhat imprecise, the balanced-panel reduced form
estimates are similar to my core-sample reduced form results.*

Also, I examine whether the effects of hot and rainy weather vary over time. Given
malaria incidence was declining during the early 20th century (see Figures la and Ib), the
negative effects of hot and rainy weather may have diminished over time as well. To test this
hypothesis, | interact hot*rain x high and hot*rain with a linear time trend, i.e. the cohort's birth
year. (See the even numbered columns in Table VII.)

There is limited evidence to suggest that hot and rainy weather had a diminishing effect
on years of schooling; the coefficient on hot*rain x high x birth year is positive in columns (2)
and (4), the all-states sample, but negative in column (6), the "high" states sample.>” For log
income, the reduced form evidence suggests that the effects of exposure to hot and rainy weather
was significantly worseningover time in the "high" hot and rainy states. One interpretation of
this result is that elder cohorts may have been able to mitigate income losses from malaria
exposure as they aged. Interestingly, theeffectsof exposure on | og i ncome
rainy states was improving over time according to my estimates. The fact that malaria was
nearly eradicated from the Non-South during the early part of the 20th century (c. 1920) may

help explain this result.>®>°

*¢As with my IV results above, the reduced form results for log income are statistically insignificant. However,
when | restrict my sample to cohorts born between 1910 and 1936 or | control for quadratic aghot*rain the effect of
hot and rainy weather on log income is large, negative, and statistically significant. (Results not reported.)

> If the coefficient on hot*rain x high x birth year is positive (negative), then the effects of exposure to hot and
rainy weather are improving (worsening) over time.

%8 For example, there were over six malaria deaths per 100,000 inhabitants in Michigan in 1900; in 1920, the malaria
death rate in Michigan was 0.2.

% Alternatively, urbanization may have reduced the importance of exposure to the weather elements over time in
"low" states.
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B. Differentinstrumentsfixed effects sampleyears(results not reported)

| check the sensitivity of my results to different first-stage specifications. | vary the
cutoff for defining "high™ hot*rain states. | alter the moving-average interaction days in
equation (3) to 15 days and 45 days, respectively. | redefine “ideal™ malaria temperature days as
days with temperatures between 60.8°F and 104.0°F.%° In order to allow for the fact that rainfall
may have diminishing returns, | use log rainfall in place of total rainfall.®* In addition, I test the
robustness of my results to dropping the state specific time trends. | restrict the sample years to
the 1900-1930 birth cohorts, and 1910-1936 birth cohorts to verify that my results are not

sensitive to the choice of start or end year. The results are unaffected by these modifications.

IX. Different samples and other outcomes
A. Different samples

Table VIII presents the OLS and IV estimates when restricting the sample to whites,
blacks, males, and females, respectively. Although the IV estimates for the sample of blacks and
females, respectively, are less precise, the results are qualitatively similar across all the different
samples for years of schooling. For log income, the estimate for males is lower, but more
precise, than the estimates for whites, blacks, or females. Using the estimate for males, | am able

to bound the estimated effect of exposure on log-income to plus or minus 15 percent.®?

B. Exposure @ quarterof birth (in uterovs.postnatalexposure)

In order to gain some intuition on the differential effects of in uteroand postnatal

% Malaria can exist in this temperature range; however, this range is less "ideal" because sporogeny is slower and
mosquito larval duration is longer. (Craig et al 1999, and Teklehaimanot et al 2004)

% |og rainfall may be a better proxy for "standing water" because additional rainfall might increase the level of
“standing water” at a diminishing rate.

82 The improved precision is to be expected given considerably more males have positive income than females.
(Recall that I include zeroes when constructing log income.)
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exposure, | estimate the core specification by quarter of birth, (while still using annual variation
in malaria exposure).®® As the summary statistics from Table | indicate, the majority of malaria
deaths and hot*rain occur during the third quarter of the calendar year. As such, those born in
the first and second quarters would be exposed primarily during the postnatal period, third
quarter births would be exposed both during the in uteroand the postnatal periods, and fourth
quarter births would be exposed during the in uteroperiod. The results for the four quarter-of-
birth samples are presented in Table IX. | find that the effects on years of schooling are largest
for the first quarter sample, and the effects on log income are largest for the second quarter
sample; these results provide some evidence that postnatal exposure has the most importance for
long-term economic well-being. However this result should be interpreted with caution because
the estimates in Table 1X are somewhat imprecise and birth conditions may differ, irrespective of

malaria exposure, across quarters.®*

C. OtherOutcomes

The 1V results, presented in Table X, indicate that malaria reduced the probability of
attaining four years of education, eight years of education, or twelve years of education.*® The
estimated effect on the probability of attaining 16 years of schooling is statistically insignificant.
As such, these results are consistent with evidence that malaria impacted more economically

disadvantaged segments of the population.

% Given the NCHS reports monthly malaria deaths (from 1910 through 1936), using quarter by state variation in
malaria death rates and hot and rainy weather to distinguish the effects of in uteroexposure from the effects of
postnatal exposure is possible. However, because malaria death rates are correlated within-year and across-years
(see Appendix), using quarter by state variation is problematic; with this approach there is less identifying variation
and there are real concerns over omitted variables and model misspecification.

® Costa et al (2003)

® For example, average malaria death rates in the South could explain a 3.6 percentage point decrease in the
probability of attaining a 12" grade education. Given the average probability of attaining a 12" grade education in
the South was aEproximater 37 percent, the effect of exposure represents about 10 percent of the number people
who attain a 12" grade education.
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Although the coefficient signs are consistent with the hypothesis that malaria exposure
has a negative impact on long-term outcomes, the coefficients on other long-term outcomes are
all statistically insignificant.

Finally, I find that malaria exposure around the time of birth is not a significant predictor
of log cohort size, although the confidence interval is large. This assuages concerns that my
results are biased by a selection effect, i.e. only relatively strong children survive the effects of

exposure, which changes the composition of the birth cohort.

X. Conclusion

Using historical data from the United States (c. 1900-1936) and a novel identification
strategy, this paper estimates the long-term effects from exposure to malaria during the crucial in
uteroand postnatal periods. | conclude, after instrumenting malaria exposure with malaria-ideal
weather, that individuals born in more malarial state-years had significantly lower levels of
educational attainment as adults. Although my estimates also indicate that malaria exposure has
a negative impact on one's earning potential later in life, these estimates are quite imprecise.
Importantly, my core results are robust to including controls for hot weather, rainy weather, and
agriculture-ideal weather. In sum, | estimate that in uteroand postnatal exposure to malaria can
explain around 15 percent of the difference in educational attainment between those born in the
South and those born in the Non-South during the early 20th century. The magnitude of this
effect suggests there are significant economic ramifications over the life cycle from adverse

early-life health conditions.
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Appendix: The long-term effects of malaria exposure throughout early childhood

Here 1 extend the model to examine the long-term effects from exposure to malaria after
the in uteroand postnatal periods. Specifically, | examine the impact from exposure during the
second, third, fourth, and fifth years of life.*® To my knowledge this is the first analysis to test
the relative importance of malaria exposure at different points in timeuring early childhood. As
such, results here may be used to help evaluate age-specific health initiatives.

In addition, this analysis provides an important robustness check on my results above.
Because hot and rainy weather has a persistent effect on the incidence of malaria, exposure
during the in uteroand postnatal periods may be correlated with exposure during the rest of early
childhood. If exposure during early childhood (and after the in uteroand postnatal periods) has a
negative impact on long-term outcomes, my core estimates may be biased upwards. By
including exposure to malaria during the second, third, fourth, and fifth years of life as regressors
I will be able to mitigate this omitted variables bias. However, given the regressors of interest
are serially correlated the estimates are likely to be more imprecise than those presented above.

I n order to control for the weather’'s pers
the relationship between hot*rain and malariaas follows:
(A1) malariait = do-hot*rainit (X high)+ di-hot*rainj-1 (x high) +

ck-hot*raint2(x high) + y Ajst &As tjat e Ay ad

where | allow hot*rain (and hot*rain x high) in years t, t-1, and t-2 to impact malariain year t.
In other words, | allow hot and rainy weather to affect the malaria death rate for up to two years
in the future.®” (Recall that hot*rain is normalized based on the mean and standard deviation in
the Southern states.) All other variables are defined the same as in equation (2) above.

Next, using equation (A.1), I instrument each of the five malaria variables in equation
(A.2) below:
(A.2) adult outcomg = bi-malarigr + 2-nalarigi+1 + 3-nalarigr+2 + 4-nalarigt+3 +

bs-malarigi+a + 0 Asjt afi Astjat Ay ewnd

where the malaria death rate, malaria, in years t, t+1, t+2, t+3, and t+4, are included as
regressors for those cohorts born in year t.%8 That is, | examine the effects from exposure to
malaria in each of the first five years of life. All other variables are defined the same as in
equation (1" above.

Although my core sample above is comprised of cohorts born between 1900 and 1936,
here 1 only include those cohorts born between 1900 and 1932 in my second-stage analysis. In
other words, | exclude those cohorts who were less than 5 years of age when malaria death rates

®) focus on malaria’s impact from the time of birth thi

suggests that the physiological impact of malaria is the greatest during this timeframe.

®7 | find that hot and rainy weather has little effect on the malaria death rate past 2 years. (Results not reported.)
% Note that | do not control for exposure from age 5 onward. Given | find that hot and rainy weather conditions
affect the malaria death rate up to two years in the future, b4 and bs are potentially biased by the effects of being
exposed to malaria at age 5 and age 6. This concern notwithstanding, the results are not substantively affected by
the inclusion of additional years of exposure. Additionally, the results are not substantively affected by including
malaria exposure in the year prior to the year of birth.
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sharply declined in 1937.% This restriction reduces my sample of state-year observations by
approximately 20 percent (1,147 state-year observations to 930 state-year observations), likely
reducing the precision of my estimates further.

The first-stage results, in Table A.1l, demonstrate that hot and rainy weather does have a
persistent effect on the malaria death rate for up to two years (column 3). In fact, the magnitude
of the coefficients on the hot*rain x highin year t-1 is similar to the magnitude of hot*rain x
highin year t; and both are significant at the one-percent level. Also, the coefficient on high
hot*rain x highin year t, although slightly larger in magnitude, is not statistically different from
my core estimates (column 1). This similarity suggests that my core first-stage estimates are not
significantly biased by omitting previous years' hot*rain. The estimated coefficient on high
hot*rain x highin year t-2, while positive and statistically significant at the ten-percent level, is
approximately half the magnitude of the estimated coefficient on hot*rain x highin year t.”° As
expected, variation in hot*rain in "low" states for years t, t-1, and t-2 has no statistically
discernable effect on the malaria death rate in year t.”*

Table A.111 presents the OLS and IV estimates of malaria's impact on years of schooling
and log income, respectively, by year(s) of exposure using (A.1), with hot*rain and two-years'
lagged hot*rain, to instrument for the malaria death rate.

First, | examine the effects from exposure to malaria in each of the first five years of
early childhood separately(columns 1 through 10). In general, both the OLS and IV results are
statistically insignificant across these different specifications. (The log income-IV estimate is
significant at the ten-percent level for exposure to malaria three years after the year of birth,
t+3.) Although my years-of-schooling estimate is no longer statistically significant and my log
income estimate is now positive for exposure during the year of birth (column 2), | cannot reject
equality between my core estimates above and those presented here.”? Furthermore, for both
years of schooling and log income | cannot reject that exposure at the time of birth has a
statistically different effect from exposure during the subsequent four years of life. However,
these single year of exposure specifications are biased both by previous years' and future years'
exposure to malaria. In the case of my IV estimates, this bias occurs because | instrument
malariawith present and lagged weather, and present and lagged weather are predictors of both
future and past malaria exposure rates.

To control for potential biases in the single-year-of-exposure analysis, | estimate the
long-term effects of exposure in year t (the year of birth), while also including exposure in year
t+1, t+2, t+3, t+4, respectively (columns 11 though 18, Table A.II1). In general, the results are

% | also drop all state-year cohorts who have missing malaria variables in any of the first five years of life (e.g.
Even though Georgia began reporting in 1923, | drop Georgia birth cohorts who were born from 1923 through 1927
because Georgia is missing malaria death rates from 1925 through 1927.)

" | am unaware of any epidemiological study to have documented the correlation of hot and rainy weather and
malaria death rates across years to which | can compare these estimates.

™ As a check on my results, | verify that hot*rain in year t+1, or hot and rainy weather that occurs one year
subsequent, does in fact have no statistically discernable effect on the malaria death rate in year t.

2 When | controlfor lagged hot*rain in (A.2), the coefficient for years-of-schooling becomes statistically
significant at the five-percent level.
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consistent with those presented in columns (1) through (9) of Table A.Ill. That is, the effect of
exposure in year t is negative for years of schooling and positive for log income, neither being
statistically significant.

Finally, I include malaria exposure in years t, t+1, t+2, t+3, and t+4 simultaneously as
regressors (columns 19 and 20). Like columns (1) through (9), the OLS coefficients are
generally negative for both years of schooling and log income. Furthermore, the OLS estimate
on exposure in year t+1 is significantly correlated with worse educational attainment and the
coefficient on exposure in year t+2 is significantly correlated with lower adult income. Unlike
OLS, in no instance are the 1V estimates statistically significant at conventional levels.
Moreover, the IV estimates are quite imprecise; using the column (20) estimates | can not reject
that exposure to ten malaria deaths per 100,000 inhabitants at any year during early childhood
caused an increase or a decrease of 0.2 years of schooling. As such, | can not verify or rule out
my core result that malaria exposure at the time of birthreduces average years of schooling by
approximately 0.2 after controlling for subsequent years of exposure.

As a robustness check of these results, | recreate Table A.111 using equation (2) as my
first-stage specification. In other words, | exclude lagged weather variables from my first-stage.
These results are presented in Table A.IV. There are three differences worth noting between
Table A.lll and Table A.1V. First, the single-year IV results for exposure in year t is now
statistically significant for years of schooling (as would be expected given this specification is
nearly identical to my core specification above.) Second, for log income the single-year IV
estimate in year t+2 is now statistically significant at the five-percent level, as opposed to
exposure in year t+3. Third, the IV estimates for years of schooling are almost all negative when
I include all malaria regressors (column 20).

In sum, although statistical imprecision rules out strong conclusions, impacts appear to be
concentrated in the first few years of life; in particular, there is no strong evidence against my
core specification.
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Table |
Summary weather and malaria statistics (1900-1936)

South Non-South

Mean Std. dev. Mean Std. dev.
Annual
Malana death rate (per 100,000 inhabitants) 10.22 (10.3) 0.87 (19)
Daily mean temperature 6194 (47) 50.53 (4.0)
Days with "ideal" temperatures 0.35 (0.09) 0.15 (0.06)
Daily precipatation (in 1/100 inches) 12.78 (2.93) 10.00 (2.76)
hotFrain 0.00 (1.00) -1.55 (0.45)
January-March
Malaria death rate 08 (0.9) 0.1 (0.2)
Daily mean temperature 474 (6.7) 31.8 (7.0)
Days with "ideal" temperatures 0.02 (0.03) 0.00 (0.00)
Daily precipitation 12.68 (4.87) 8.79 (4.12)
hot*rain -0.85 (0.04) -0.87 (0.00)
April-June
Malaria death rate 1.7 (1.8) 0.1 (03)
Daily mean temperature 691 (41) 58.8 (3.6)
Days with "ideal" temperatures 0.45 (0.16) 0.15 (0.10)
Daily precipitation 13.54 (4.10) 10.93 (3.87)
hot*rain -0.09 (0.48) -0.71 (0.13)
Tuly-September
Malaria death rate 47 (4.8) 0.3 (0.8)
Daily mean temperature 779 (3.5) 697 (3.4)
Days with "ideal" temperatures 0.83 (0.14) 0.43 (0.16)
Daily precipitation 13.59 (4.70) 10.96 (4.41)
hot*rain 1.36 (0.87) 0.09 (0.51)
October-November
Malaria death rate 32 3.4) 0.2 (0.5)
Daily mean temperature 538 (5.5) 420 (5.3)
Days with "ideal" temperatures 0.09 (0.08) 0.01 (0.01)
Daily precipitation 11.01 (4.18) 8.89 (4.14)
hot*rain -0.48 (0.32) -0.80 (0.07)

Days with "ideal" temperatures are defined as days with a mean temperature between 71.6°F and 104.0°F. The unit of
observation is state-year. The summary weather statistics were derived from the all-states sample; there are 629 and 1,184 observations
for the South and Non-South, respectively, in the all-states sample. The annual malaria death rates come from the unbalanced panel of
states that reported malaria deaths over this period; there are 318 and 829 observations for the South and Non-South, respectively, when
restricting to the malaria deaths reporting states. Monthly malaria statistics from the NCHS were used to compute the average quarterly
malaria death rate. These statistics were not available for 1930 or years prior to 1910. All calculations are weighted by the number of
census observations in the state-year cohort.



Table 1l
First-stage estimates (1900-1936)
Dependent variable: malaria death rate per 100,000 inhabitants

Added controls

Different samples

hot, ho®,
rain, rain?,
Core hot, hot, aghot*rain, aghot*rain, "High" "Low"
specification hot, hot rain, rain? rain, rain 2 aghot*rainz aghot*rain2 hot*rain states hot*rain states
©) 2 ®) 4) ©) (6) ) (8)
hot*rain x high 1.4979 1.2079 1.5277 1.2780 1.5208 0.9770 1.4725 -
(0.5476)*** (0.5496)** (0.5802)** (0.5798)** (0.6954)** (0.7234) (0.4486)***
hot*rain 0.1654 0.4277 -0.1028 0.0475 -0.2392 -0.1169 - 0.2189
(0.3469) (0.3479) (0.3548) (0.3595) (0.4266) (0.4976) (0.1613)
Added controls
hot -13.4673 -10.4104 -10.2613
(6.8767)* (6.2027)* (5.4420)*
hot? 28.9138 28.9805 32.4552
(21.2851) (20.3594) (18.3201)*
rain 0.1665 0.1708 0.3925
(0.1398) (0.1507) (0.3097)
rain 2 -0.0023 -0.0019 -0.0151
(0.0066) (0.0066) (0.0116)
aghot*rain 0.4243 0.7049
(0.3014) (0.4575)
aghot*rain2 0.0093 0.182
(0.1331) (0.2268)
F-statistic (hot*rain, hot*rain x high) 9.0 9.1 7.7 6.4 4.8 1.8 10.8 1.8
P-value (hot*rain, hot*rain x high) 0.001 0.000 0.001 0.003 0.013 0.184 0.005 0.185
State-year observations 1,147 1,147 1,147 1,147 1,147 1,147 337 810

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state. All regressions are weighted by the number of census observations in the state-year
cohort and include state and year fixed effects, and state-specific quadratic time trends.
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Table 111
Cohort summary statistics (1900-1936 birth cohorts, 1960 Census)

South Non-South

Mean Std. dev. Mean Std. dev.
Female 0.51 (0.03) 0.51 (0.03)
Black 0.23 (0.13) 0.02 (0.02)
Years of schooling 9.45 (1.04) 11.17 (0.80)
Attained at least 4 years of schooling 0.94 (0.04) 0.99 (0.01)
Attained at least 8 years of schooling 0.71 (0.12) 0.92 (0.06)
Attained at least 12 years of schooling 0.37 (0.11) 0.56 (0.13)
Attained at least 16 years of schooling 0.07 (0.02) 0.10 (0.03)
Total income 17,947 (3,025) 24,150 (3,681)
Wage income 14,596 (2,406) 19,606 (2,684)
Worked 50+ weeks last year 0.43 (0.05) 0.47 (0.05)
Worked 35+ hours per week last year 0.52 (0.05) 0.55 (0.04)
Married 0.80 (0.05) 0.82 (0.06)

Income and wages are in 2006 dollars. The summary statistics were derived from the all-states sample (i.e. not restricted to malaria
deaths reporting states.) There are 629 and 1,184 observations for the South and Non-South, respectively. Calculations are weighted by the

number of census observations in the state-year ¢

ohort.

Table IV
Second-stage estimates (1900-1936 birth cohorts, 1960 Census)

Core sample "High" hot*rain states "Low" hot*rain states
(@) (@) @) 4) (®) (6)
OLS I\ OLS v OLS 1\
Panel A
Independent variable: Dependent variable: years of schooling
Malaria death rate -0.0035 -0.023 -0.0075 -0.0281 0.0328 0.0399
(0.0030) (0.0093)** (0.0033)** (0.0162) (0.0247) (0.1571)
Panel B
Dependent variable: log income
Malaria death rate -0.0006 -0.0081 -0.0011 -0.0197 -0.0327 0.2249
(0.0042) (0.0161) (0.0051) (0.0237) (0.0283) (0.2418)
First-stage F-statistic 9.0 10.8 1.8
State-year observations 1,147 337 810

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions are
weighted by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic time
trends. The IV estimates use hot*rain x high and hot*rain to instrument for the malaria death rate.
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Table V
Second stage estimates with controls for omitted weather conditions (1900-1936 birth cohorts, 1960 Census)

IV estimates only

hot, hot, hot, hot,
rain, rain 2, rain, rain 2,
hot, ho#?,  aghot*rain,  aghot*rain, hot, hot, aghot*rain,  aghot*rain,
Added controls hot, hot rain, rain2 rain,rain2 aghot*rain2  aghot*rain2 hot, ho# rain, rain2 rain,rain2 aghot*rain?2  aghot*rain?
@) 2 ®) 4) (%) (@) 2 ®3) 4) (5)
Panel A Panel B
Dependent variable: years of schooling Dependent variable: log income
Malaria death rate -0.0184 -0.0275 -0.0195 -0.0315 -0.0153 -0.0081 -0.0096 -0.0145 -0.0114 -0.0687
(0.0089)** (0.0140)* (0.0151) (0.0218) (0.0333) (0.0173)  (0.0192) (0.0242) (0.0258) (0.0539)
Control variables
hot 0.6752 0.6884 0.7383 -0.1912 -0.0918 -0.7698
(0.5331) (0.5466) (0.6502) (0.7890) (0.8062) (1.2695)
hot? -2.1774 -2.1521 -2.2897 0.6593 0.8772 3.1483
(1.1265)* (1.2168)* (1.7330) (1.6218) (1.9066) (3.6152)
rain 0.0085 0.0053 -0.0169 0.0292 0.0327 0.0936
(0.0116) (0.0138) (0.0302) (0.0139)**  (0.0159)** (0.0451)**
rain 2 -0.0002 -0.0002 0.0003 -0.0010 -0.0011 -0.0036
(0.0005) (0.0005) (0.0011) (0.0005)**  (0.0005)** (0.0017)**
aghot*rain 0.0178 0.0235 0.0082 0.0849
(0.0251) (0.0456) (0.0299) (0.0820)
aghot*rain? -0.0030 -0.0082 -0.0029 0.0352
(0.0067) (0.0138) (0.0075) (0.0254)
First stage F-statistic 9.1 7.7 6.4 4.8 1.8 9.1 7.7 6.4 4.8 1.8

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions are weighted by the number of census observations in the
state-year cohort and include state and year fixed effects, and state-specific quadratic time trends. hot*rain x high and hot*rain are used to instrument for malaria death rates. There are 1,147 state-

year observations.
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Table VI

Reduced form estimates post-malaria eradication (1937-1956 birth cohorts, 1980 Census)

"High" "Low" "High" "Low"
All states  hot*rain states hot*rain states All states hot*rain states hot*rain states
1) (2 3 (€] (2 3
Panel A Panel B

Dependent variable: years of schooling

Dependent variable: log income

hot*rain x high -0.0103 0.0227 - 0.0655 0.0232 -
(0.0385) (0.0288) (0.0501) (0.0436)
hot*rain 0.0078 - 0.0251 -0.0337 - -0.0546
(0.0296) (0.0291) (0.0392) (0.0390)
Joint p-value (hot*rain x high, hot*rain) 0.960 0.443 0.394 0.431 0.602 0.171
State-year observations 980 340 640 980 340 640
Table VII

Reduced form estimates pre-malaria eradication (1900-1936 birth cohorts, 1960 Census)

Malaria deaths reporting

"High" hot*rain states

"Low" hot*rain states

states All states (balanced) (balanced) (balanced)
1) 2 ©) 4) () (6) 0] )
Panel A
Dependent variable: years of schooling
hot*rain x high -0.0689 -16.8339 -0.0643 -5.9822 -0.0151 4.5467 - -
(0.0324)** (8.8329)*  (0.0330)* (6.4266) (0.0192) (3.5382)
hot*rain 0.0320 10.8290 0.0377 7.6113 - - 0.0149 3.0149
(0.0336) (5.9356)* (0.0293) (5.4550) (0.0303) (4.7646)
hot*rain x high x birth year 0.0087 0.0031 -0.0024 -
(0.0046)* (0.0034) (0.0018)
hot*rain x birth year -0.0056 -0.0040 - -0.0016
(0.0031)* (0.0028) (0.0025)
Joint p-value 0.032 0.018 0.134 0.092 0.443 0.246 0.626 0.624
Panel B
Dependent variable: log income
hot*rain x high -0.0374 22.0343 -0.0431 25.8349 -0.0333 6.2371 - -
(0.0431) (12.3377)*  (0.0364)  (8.5068)*** (0.0280) (3.4474)*
hot*rain 0.0249 -12.0451 0.0088 -20.8854 - - 0.0425 -15.2770
(0.0415) (9.2920) (0.0304)  (8.5868)** (0.0398) (8.9291)*
hot*rain x high x birth year -0.0115 -0.0135 -0.0033 -
(0.0064)* (0.0044)*** (0.0018)*
hot*rain x birth year 0.0063 0.0109 - 0.0080
(0.0048) (0.0045)** (0.0047)*
Joint p-value 0.677 0.473 0.414 0.007 0.251 0.056 0.294 0.147
State-year observations 1,147 1,813 629 1,184

Table VI and VII notes* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All
regressions are weighted by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic

time trends.
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Table VIII

Different samples (1900-1936 birth cohorts, 1960 Census)
Independent variable: malaria death rate

Table IX
Different quarters of birth (1900-1936 birth cohorts, 1960 Census)
Independent variable: malaria death rate

Core sample "High" hot*rain states "Low" hot*rain states Core sample "High" hot*rain states "Low" hot*rain states
OLS \Y OLS \4 OLS \Y OLS 1\ OLS \" OLS I\
Panel A Panel A
Sample: Dependent variable: years of schooling Sample: Dependent variable: years of schooling
Whites -0.0017 -0.0199 -0.0054 -0.0181 0.0331 0.0185 1st quarter -0.0065 -0.0674 -0.0112 -0.0788 0.0837 -0.1358
(0.0029) (0.0098)** (0.0031) (0.0137) (0.0230) (0.1599) births (0.0078) (0.0389)* (0.0087) (0.0631) (0.0302)*** (0.3034)
Blacks -0.0105 -0.0366 -0.0122 -0.0176 -0.0011 2.7553 2nd quarter -0.0012 0.0035 -0.007 -0.0058 -0.0031 0.0021
(0.0042)** (0.0336) (0.0049)** (0.0467) (0.2876) (2.7970) births (0.0048) (0.0349) (0.0050) (0.0483) (0.0564) (0.2700)
Males -0.0033 -0.0278 -0.0096 -0.0215 0.0465 -0.0469 3rd quarter -0.0012 -0.0148 0.0003 -0.0072 -0.0069 -0.117
(0.0032) (0.0113)** (0.0031)***  (0.0165) (0.0272)* (0.2633) births (0.0042) (0.0171) (0.0048) (0.0235) (0.0632) (0.2830)
Females -0.0037 -0.0189 -0.0055 -0.0326 0.0216 0.1337 4th quarter -0.0064 -0.0133 -0.0135 -0.0204 0.0654 0.5065
(0.0057) (0.0140) (0.0062) (0.0237) (0.0397) (0.1756) births (0.0074) (0.0252) (0.0087) (0.0367) (0.0325)* (0.2836)*
Panel B Panel B
Dependent variable: log income Dependent variable: log income
Whites -0.0026 -0.0104 -0.0024 -0.0225 -0.036 0.2296 1st quarter -0.0007 0.0102 0.0032 0.0576 0.0462 0.725
(0.0049) (0.0227) (0.0059) (0.0286) (0.0283) (0.2439) births (0.0106) (0.0463) (0.0112) (0.0445) (0.0385) (0.3949)*
Blacks 0.0022 -0.0259 0.0021 -0.0145 0.233 -0.6148 2nd quarter -0.0065 -0.0649 -0.0095 -0.1117 -0.0125 -0.6516
(0.0062) (0.0302) (0.0069) (0.0396) (0.2602) (1.7577) births (0.0091) (0.0338)* (0.0118) (0.0525)** (0.0565) (0.6156)
Males 0.0018 -0.001 0.0018 -0.0023 -0.0256 -0.0326 3rd quarter -0.001 0.0137 -0.003 -0.0206 -0.105 0.36
(0.0029) (0.0071) (0.0030) (0.0095) (0.0154) (0.1250) births (0.0063) (0.0286) (0.0067) (0.0331) (0.0575)* (0.5939)
Females 0.0003 -0.0283 -0.0001 -0.0469 -0.0553 -0.0223 4th quarter 0.0047 0.0088 0.003 -0.0117 -0.0618 0.4915
(0.0062) (0.0255) (0.0058) (0.0398) (0.0353) (0.2652) births (0.0069) (0.0414) (0.0086) (0.0623) (0.0676) (0.5299)

observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic time trends. The IV estimates use hot*rain x highand hot*rain to instrument for the malaria death rate.

Table VIII and IX notes* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions are weighted by the number of census

41



Table X

Different outcomes(1900-1936 birth cohorts, 1960 Census)
Independent variable: malaria death rate

Core sample "High" hot*rain states "Low" hot*rain states
OLS v OLS v OLS [\
Outcome:
Attained 4 years 0.0000 -0.0012 0.0000 -0.0014 -0.0003 -0.0010
of education (0.0002) (0.0004)*** (0.0002) (0.0007)* (0.0005) (0.0044)
Attained 8 years 0.0001 -0.0048 -0.0001 -0.0065 -0.0005 0.0161
of education (0.0004) (0.0015)*** (0.0005)  (0.0027)** (0.0021) (0.0128)
Attained 12 years -0.0009 -0.0036 -0.0013 -0.0040 0.0049 -0.0138
of education (0.0005)* (0.0017)** (0.0005)**  (0.0022)* (0.0038) (0.0292)
Attained 16 years 0.0000 0.0017 -0.0003 0.0022 0.0012 -0.0015
of education (0.0002) (0.0012) (0.0002) (0.0019) (0.0023) (0.0175)
Log wages 0.0000 -0.0188 0.0001 -0.0422 -0.0373 0.3763
(0.0042) (0.0229) (0.0054) (0.0344) (0.0333) (0.3020)
Below 150% of 0.0002 0.0012 0.0004 0.0020 -0.0005 0.0023
poverty level (0.0004) (0.0023) (0.0005) (0.0037) (0.0030) (0.0213)
Worked full-time -0.0006 -0.0027 -0.0005 -0.0044 -0.0022 0.0208
weeks last year (0.0007) (0.0030) (0.0008) (0.0042) (0.0031) (0.0263)
Worked full-time -0.0002 -0.0028 0.0000 -0.0035 0.0021 0.0052
hours last year (0.0005) (0.0023) (0.0006) (0.0032) (0.0043) (0.0168)
Log cohort size 0.0000 0.0071 -0.0002 -0.0020 0.0132 -0.0302
(0.0015) (0.0057) (0.0016) (0.0069) (0.0096) (0.0592)

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions

are weighted by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific
quadratic time trends. The IV estimates use hot*rain x highand hot*rain to instrument for the malaria death rate. There are 1,147 state-

year observations.
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Appendix Table A.l
Malaria deaths reporting states

State Region Entered sample
1  Connecticut Northeast 1900
2 District of Columbia South 1900
3 Indiana Midwest 1900
4  Maine Northeast 1900
5  Massachusetts Northeast 1900
6  Michigan Midwest 1900
7 New Hampshire Northeast 1900
8  New Jersey Northeast 1900
9 New York Northeast 1900
10 Rhode Island Northeast 1900
11 Vermont Northeast 1900
12 California West 1906
13 Colorado West 1906
14 Maryland South 1906
15 Pennsylvania Northeast 1906
16 South Dakota* Midwest 1906
17 Washington West 1908
18 Wisconsin Midwest 1908
19 Ohio Midwest 1909
20 Minnesota Midwest 1910
21 Montana West 1910
22 North Carolina South 1910
23 Utah West 1910
24 Kentucky South 1911
25 Missouri Midwest 1911
26  Virginia South 1913
27 Kansas Midwest 1914
28 South Carolina South 1916
29 Tennessee South 1917
30 Illinois Midwest 1918
31 Louisiana South 1918
32 Oregon West 1918
33 Delaware South 1919
34  Florida South 1919
35 Mississippi South 1919
36 Nebraska Midwest 1920
37 Georgia* South 1922
38 Idaho West 1922
39  Wyoming West 1922
40 lowa Midwest 1923
41  North Dakota Midwest 1924
42  Alabama South 1925
43 West Virginia South 1925
44 Arizona West 1926
45  Arkansas South 1927
46  Oklahoma South 1928
47 Nevada West 1929
48 New Mexico West 1929
49 Texas South 1933

*South Dakota reported malaria deaths from 1906 through 1909, but did not report again until 1930. Georgia did not
report malaria deaths from 1925 through 1927.



Appendix Table A.1l
First-stage estimates (1900-1936)
Dependent variable: malaria death rate per 100,000 inhabitants

with hot*rain lagged

core two years
specification one year (preferred)  three years
@) ) ®) (4)

hot*rain x high 1.4954 1.8638 2.2052 2.0806
(0.5472)*** (0.6429)***  (0.7622)***  (0.7507)***

hot*rain 0.1644 0.0240 -0.0201 -0.0239

(0.3465) (0.3971) (0.4147) (0.4173)

hot*rain x high (lagged one year) 1.7366 1.9700 1.8086
(0.4642)***  (0.5502)*** (0.6002)***

hot*rain (lagged one year) 0.2084 0.0896 0.0880

(0.3197) (0.3632) (0.3539)

hot*rain x high (lagged two years) 1.1368 0.9834

(0.5887)* (0.6051)

hot*rain (lagged two years) 0.0425 0.1042

(0.2325) (0.2268)

hot*rain x high (lagged three years) -0.6273

(0.5189)

hot*rain (lagged three years) 0.0924

(0.1568)

F-statistic on all hot*rain variables 9.0 7.0 5.6 5.8

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state. All regressions are weighted
by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic time trends.

There are 1,147 state-year observations.



Appendix Table A.1lI

Second-stage estimates (1900-1932 birth cohorts, 1960 Census)
Explanatory variables: malaria death rate(s)
Instruments: hot*rain (x high) lagged 0, 1, and 2 years

1 2 (©)) 4 (5) (6) M ® C)] (10)
oLS v OLS 1Y% OLS v OLS v oLS v
Panel A
Dependent variable: years of schooling
Year of exposure
t (year of birth) -0.0047  -0.0124
(0.0050)  (0.0119)
t+1 -0.0056  -0.0116
(0.0035)  (0.0087)
t+2 0.0020 0.0075
(0.0088)  (0.0128)
t+3 0.0004 0.0129
(0.0047)  (0.0107)
t+4 -0.0026 0.0050
(0.0047)  (0.0078)
Panel B
Dependent variable: log income
Year of exposure
t (year of birth) -0.0040 0.0165
(0.0053)  (0.0180)
t+1 -0.0041  0.0050
(0.0056)  (0.0201)
t+2 -0.0061  -0.0217
(0.0046)  (0.0154)
t+3 -0.0023  -0.0313
(0.0049)  (0.0156)**
t+4 -0.0046  -0.0132
(0.0089)  (0.0116)

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions are
weighted by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic time
trends. There are 893 state-year observations.
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Appendix Table A.ll1 cont.

Second-stage estimates (1900-1932 birth cohorts, 1960 Census)

Explanatory variables: malaria death rate(s)

Instruments: hot*rain (x high) lagged 0, 1, and 2 years

(11) (12 (13) (14) (15) (16) an (18) (19) (20)
oLS v oLS \% oLS v oLS v oLS [\
Panel A
Dependent variable: years of schooling
Year of exposure

t (year of birth) -0.0033  -0.0100  -0.0045  -0.0158  -0.0055  -0.0046  -0.0054  -0.0092  -0.0044  0.0063
(0.0052)  (0.0130)  (0.0067)  (0.0144)  (0.0051)  (0.0137)  (0.0055)  (0.0120)  (0.0078)  (0.0175)
t+1 -0.0047  -0.0070 -0.0085  -0.0001
(0.0036)  (0.0089) (0.0046)*  (0.0202)
t+2 0.0007  -0.0027 0.0006  0.0158
(0.0096)  (0.0137) (0.0111)  (0.0278)
t+3 -0.0018  0.0085 -0.0026  0.0067
(0.0050)  (0.0105) (0.0067)  (0.0165)
t+4 -0.0035  0.0044  -0.0065  0.0133
(0.0049)  (0.0067)  (0.0074)  (0.0205)

Joint p-value 0.25 0.37 0.61 0.48 0.56 0.53 0.62 0.37 0.26 0.74

Panel B
Dependent variable: log income
Year of exposure

t (year of birth) -0.0030  0.0171  -0.0067  0.0039  -0.0063  -0.0034  -0.0051 00210  -0.0090  -0.0078
(0.0052)  (0.0177)  (0.0060)  (0.0317)  (0.0067)  (0.0189)  (0.0053)  (0.0162)  (0.0066)  (0.0234)
t+1 -0.0033  -0.0016 -0.0067  -0.0193
(0.0056)  (0.0215) (0.0060)  (0.0414)
t+2 -0.0081  -0.0192 -0.0104  -0.0282
(0.0048)*  (0.0242) (0.0050)**  (0.0361)
t+3 -0.0049  -0.0265 -0.0029  -0.0197
(0.0057)  (0.0206) (0.0037)  (0.0259)
t+4 -0.0054  -0.0024  -0.0112  -0.0281
(0.0087)  (0.0115)  (0.0074)  (0.0396)

Joint p-value 0.67 0.63 0.24 0.28 0.61 0.37 0.57 0.43 0.06 0.55

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions are
weighted by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic time
trends. There are 893 state-year observations.
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Appendix Table A.1V

Second-stage estimates (1900-1932 birth cohorts, 1960 Census)
Explanatory variables: malaria death rate(s)

Instruments: hot*rain (x high) lagged 0 years

1 2 (©)) 4 (5) (6) M ® C)] (10)
oLS v OLS 1Y% OLS v OLS v oLS v
Panel A
Dependent variable: years of schooling
Year of exposure
t (year of birth) -0.0047  -0.0333
(0.0050)  (0.0159)**
t+1 -0.0056  0.0097
(0.0035)  (0.0161)
t+2 0.0020 0.0143
(0.0088)  (0.0184)
t+3 0.0004 0.0056
(0.0047)  (0.0111)
t+4 -0.0026  -0.0010
(0.0047)  (0.0122)
Panel B
Dependent variable: log income
Year of exposure
t (year of birth) -0.0040 0.0114
(0.0053)  (0.0251)
t+1 -0.0041  -0.0056
(0.0056)  (0.0235)
t+2 -0.0061  -0.0328
(0.0046)  (0.0162)**
t+3 -0.0023  -0.0207
(0.0049)  (0.0248)
t+4 -0.0046 0.0012
(0.0089)  (0.0133)

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions are
weighted by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic time
trends. There are 893 state-year observations.
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Appendix Table A.l1V cont.

Second-stage estimates (1900-1932 birth cohorts, 1960 Census)

Explanatory variables: malaria death rate(s)
Instruments: hot*rain (x high) lagged 0 years

(11) (12) (13) (14) (15) (16) 17 (18) (19) (20)
oLS v oLS \% oLS v oLS v oLS [\
Panel A
Dependent variable: years of schooling
Year of exposure

t (year of birth) -0.0033  -0.0253  -0.0045  -0.0389  -0.0055  -0.0198  -0.0054  -0.0322  -0.0044  -0.0134
(0.0052) (0.0115)** (0.0067) (0.0166)** (0.0051)  (0.0364)  (0.0055)  (0.0234)  (0.0078)  (0.0241)
t+1 -0.0047  -0.0092 -0.0085  -0.0310
(0.0036)  (0.0101) (0.0046)*  (0.0559)
t+2 0.0007  -0.0110 0.0006  -0.0004
(0.0096)  (0.0253) (0.0111)  (0.0352)
t+3 -0.0018  0.0051 -0.0026  -0.0011
(0.0050)  (0.0284) (0.0067)  (0.0189)
t+4 -0.0035  -0.0043  -0.0065  -0.0191
(0.0049)  (0.0184)  (0.0074)  (0.0556)

Joint p-value 0.25 0.08 0.61 0.05 0.56 0.27 0.62 0.17 0.26 0.42

Panel B
Dependent variable: log income
Year of exposure

t (year of birth) -0.0030  0.0100  -0.0067  0.0106  -0.0063  -0.0092  -0.0051 00172  -0.0090  -0.0155
(0.0052)  (0.0195)  (0.0060)  (0.0275)  (0.0067)  (0.0401)  (0.0053)  (0.0310)  (0.0066)  (0.0308)
t+1 -0.0033  0.0010 -0.0067  -0.0302
(0.0056)  (0.0202) (0.0060)  (0.0573)
t+2 -0.0081  -0.0270 -0.0104  -0.0368
(0.0048)*  (0.0232) (0.0050)**  (0.0406)
t+3 -0.0049  -0.0227 -0.0029  -0.0246
(0.0057)  (0.0351) (0.0037)  (0.0317)
t+4 -0.0054  0.0069  -0.0112  -0.0416
(0.0087)  (0.0191)  (0.0074)  (0.0521)

Joint p-value 0.67 0.87 0.24 0.13 0.61 0.73 0.57 0.86 0.06 0.64

* significant at 10%; ** significant at 5%; *** significant at 1%. Standard errors are clustered on state of birth. All regressions are
weighted by the number of census observations in the state-year cohort and include state and year fixed effects, and state-specific quadratic time
trends. There are 893 state-year observations.
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malaria death rate (per 100,000)

Figure la

Malaria death rates, by state
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Note:Georgia did not report malaria deaths from 1925 through 1927.
Figure Ib
Malaria death rates, by state
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Figure lla
Malaria death rates and per capita income (1929-1936)
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Figure llb
Change in malaria death rates and changes in per capita income (1929-1936)
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Figure lla and llb rotes: State per capita income figures were obtained from the Bureau of
Economic Analysis; this data is not available for years prior to 1929. Observations are weighted by historical
state-year population estimates from the Census.
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malaria death rate (per 100,000)

Figure Illa
Malaria death rate vs. hot*rain, by state
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Figure 111b
Malaria death rate vs. hot*rain, by state
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Figure llla andFigure IlIb notes: The vertical line is drawn at the year 1936.
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Figure IVa
Malaria death rates vs. hot*rain (1900-1936)
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Note: The fitted lines are weighted-estimates based on the number of census observation in the state-year cohort.
The unit of observation is state by year.

Figure IVb
Malaria death rates vs. hot*rain, regression adjusted (1900-1936)
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Note: Adjusted values are the residual terms from regressing the variable on a set of year fixed effects, state fixed

effects, and state-specific quadratic time trends. The fitted lines are weighted-estimates based on the number of census
observation in the state-year cohort. The unit of observation is state by year.



