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Abstract

The impact of global climate change on health is not well understood. Besides the direct
channel of increasing temperatures, there is a potentially more harmful one: through an
increase in extreme weather incidents. We offer the first evidence on the effect of natural
disasters on pregnancy outcomes. Elevated stress levels associated with extreme events
increase the probability of a preterm birth. Preterm infants are more likely to be of low birth
weight and are at increased risk of health problems later, implying even larger long run
societal costs. Results confirm that exposure to extreme events increases the risk of preterm
births.
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1. Introduction

There is a growing economics literature on the effects of global warming on mortality
(Deschenes and Moretti, 2007; Deschenes and Greenstone, 2007). These studies focus on the
impact of increases in average temperatures or elevated temperature variability on concurrent
mortality rates. However, global warming is also likely to influence the variability of weather,
and the incidence of extreme weather events such as floods, landslides, severe storms and winter
weather”. Besides the obvious direct effects through physical damage, these events may have

more subtle, but equally important consequences for health.

This paper investigates the effects of exposure to extreme weather or weather-related events on
pregnancy outcomes in the US between 1968 and 1988. Preterm births, defined as births before
the 37" week of gestation, are one of the major health problems in industrialized societies. They
are the leading cause of infant mortality and are associated with substantial neurocognitive,
pulmonary, and ophthalmologic problems later in life. Death rates among extremely pre-term
infants (less than 31 weeks of gestation) are 170 times higher than among full term babies. Close
to thirteen percent of all births in the US in 2006 were preterm. Moreover, care for premature
babies is one of the most expensive items in medical care. A recent March of Dimes report
estimates that the average cost of care for a premature baby is 49 000 USD, as compared to 4551
USD for an uncomplicated full term birth infant. The costs of prematurity are almost five times
higher than for any other complication of birth and delivery, resulting in at least 26.2 billion USD

in societal costs each year (March of Dimes, 2008).

Previous research in medicine and sociology has shown that stress during pregnancy is associated
with preterm births and inferior infant health outcomes (see e.g. Lauderdale, 2006; Dole et al,
2003; Collins et al, 2004). The obvious identification problem is one of omitted variable bias:
mothers who report higher levels of stress may have other unobserved qualities which influence
both stress levels and prematurity. Sudden events that exogenously increased the level of stress in
mothers are rare. Exposure to natural disasters causes elevated levels of stress and anxiety in
affected individuals (Shore et al (1986), Maida et al (1989)). Thus, it presents a “natural

experiment” for the effects of increased maternal stress on pregnancy outcomes.

* The effect of global warming on hurricane formation and strength is not well understood.



I find that exposure to extreme-weather related events in the 9 months before delivery
increases the incidence of preterm births by 1.3 percent in the affected counties. The mean
gestational age is close to half a week shorter, and the incidence of low birth weight increases.
However, these results mask large differences in the effects of exposure at different times during
the pregnancy. The timing of exposure matters — mothers affected in the second trimester of
pregnancy suffer the largest negative impact. Similarly, gestational age and low birth weight are
mostly affected by disasters happening in the second trimester of pregnancy. The duration of
exposure, as well as the severity of the event also affect the chances of suboptimal pregnancy

outcomes.

The rest of the paper is organized as follows. The next section summarizes the background and
the previous literature on global warming, extreme weather events, and health. Section 3
describes the data and section 4 outlines the econometric strategy. The results of the empirical

estimations are presented in Section 5. The last section concludes.

2. Background and previous literature
2.1 Climate change and health

There is little doubt that the global climate has changed in the last twenty years. In itself, a steady
trend towards higher mean temperatures is likely to have significant health effects. A rarely
examined but potentially more threatening channel through which climate change can affect
welfare is through weather variability and the incidence of extreme weather and weather-induced

events. Climate variability is expected to increase in a warmer world (McMichael et al, 2006).

Potentially, global climate change can affect interannual variability in the climate system, such as
El Nino, which strongly influences disaster probabilities (van Aalst, 2006). Even though
meteorological modeling and prediction of some types of extreme weather events, such as
hurricanes and tornadoes, is highly inaccurate, statistics show that the number of people
adversely affected by El Nino related events has increased greatly over the last three decades

(Bouma et al, 1997). The 2003 heat wave in Europe, the recent inland floods in Great Britain,



Central Europe, and the US, and the harsh hurricane seasons in the Atlantic have attracted
considerable attention and even though it is not possible to accurately predict how often such

events will occur in the future, it is worthwhile to estimate the damage incurred to date.

The most immediate consequences of climate change are the increased number of hot days and an
intensification of the hydrological cycle, resulting in higher frequency of extreme rainfall events
while at the same time there are more droughts. The Intergovernmental Panel on Climate Change
(IPCC) also predicts increased tropical cyclone wind intensities and mean and peak precipitation
intensities, as well as increased intensity of mid-latitude storms (IPCC2001a, table SPM-1). At
least one climate model predicts that major cities in Europe and Northern America will be
exposed to more frequent and more severe heat waves in the next century (Meehl and Tebaldi,

2004).

Humans may adapt to gradual climate change by purchasing goods which mitigate the health
effects of weather changes. However, the occurrence of natural disasters is hard to predict in
advance and stresses populations beyond the limits of adaptation. While some areas are more
prone to suffer extreme weather events, e.g. their geographic location is in the frequent path of
hurricanes, it is difficult to prepare for a disaster of an unknown magnitude which may strike at
any time. Because disasters strike fast and their occurrence is unpredictable in most cases, they
create plausibly exogenous variation in stress levels which may have damaging health

consequences.

Besides the immediate and obvious harmful effects on infrastructure and the possibility of
physical injuries which may result in the loss of life, weather-induced calamities have other
“hidden” health consequences which may surface years after their incidence. Studies have shown
increased levels of stress, anxiety, and depression among victims of natural disasters (Shore et al
(1986), Maida et al (1989), Ollendick and Hoffmann (1982)). Krug et al (1999) report that in the
four years after a disaster the incidence of suicides increases by 13.8 percent, by 31 percent in
counties affected by hurricanes, and by 63 percent in the first year after earthquakes. Exposure to
moderate-scale disasters with a small number of deaths and injuries has been linked to increased

stress, especially for women. There is some evidence that a series of low-magnitude events such



as tremors during an earthquake and higher resource loss result in higher levels of psychological
distress (Freedy et al, 1994). Because extreme weather events and other natural disasters such as
earthquakes and avalanches happen suddenly and cause high levels of stress, they create

plausibly exogenous variation in the anxiety levels of the affected populations.

2.2. Stress and pregnancy outcomes

The exact biological mechanism which links increased levels of maternal stress and prematurity
is not precisely known. The medical and epidemiological literature suggest that the increased
production of neuropeptide coricotropin-releasing hormone (CRH) during periods of anxiety
plays a role in initiating labor. Women with elevated blood levels of CRH in the second trimester
or early third trimester are at a higher risk of preterm deliveries (Hobel et al. 1999; Holzman et al.
2001; McLean et al. 1999; Wadhwa et al. 1998). Maternal stress measured at different gestational
ages has been found to correlate significantly with CRH measured at the same time, and
including levels of CRH as controls has been found to mediate the relationship between maternal

stress and preterm delivery (Mancuso, 2004).

There has been a steady trend in the incidence of preterm births in the US since the 1990s. The
percentage of infants delivered at less than 37 completed weeks of gestation has climbed 20
percent since 1990. Most of this rise is attributable to the increases in late preterm births (34-36
weeks), which is up 25 percent since 1990. The singleton preterm rate also increased in 2006, to
11.1 percent. This rate has climbed 14 percent since 1990. About 25 per cent of all pre-term
births nowadays in the US are medically induced to prevent future complications for the mother
or the child. The proportion of induced births was much lower in the 60s and 70s. Pre-term births
are hard to predict and have been linked to maternal smoking, infection, and stretching of the
uterus. Lower socio-economic status, pregnancy too early or too late in the mother’s reproductive
period, and race are also significant predictors of prematurity. In 2006 11.7% of white mothers

delivered prematurely, compared to 18.5 percent of African Americans.

Studies that use exogenous variations in stress levels to estimate the effect of stress on

prematurity are rare. Lauderdale (2006) demonstrates that Arabic women in California in the



wake of 9/11 were more likely to have preterm and low birth weight babies than Arabic women
in the same period the year before. She attributes the increase in poor pregnancy outcomes to
increased stress due to perceived ethnic discrimination against distinctly Arabic populations in
the months after 9/11. Camacho (2007) uses the explosion of land mines in Colombia to test the
effects of increased exposure to terrorist attacks on pregnancy outcomes. She finds that increased
incidence of land mine explosions during pregnancy is a significant predictor of low birth weight
infants and preterm deliveries. The effects are especially pronounced if stress happens in the first

and last trimesters.

It is not well established whether maternal anxiety is particularly harmful at some periods during
pregnancy. We know little about the connection between stress generated by external stressors
such as unfavorable weather conditions and preterm deliveries. Does the number of distinct
events matter? Are short and sudden extreme weather episodes such as a tornado more damaging
that long and (more likely) anticipated ones (such as a flood)? Does the extent of damage and loss

of life matter? Are the effects of natural disasters mediated by socio-economic status?

There is a growing economics literature on the effects of climate on mortality. Deschenes and
Moretti (2007) examine the impact of extremely hot and cold days on contemporaneous and
overall mortality. While heat waves mostly affect the infirm and can be seen as “harvesting” of
later deaths earlier, extreme cold days are associated with an increase of almost 700 deaths per
day. But the economics literature offers little evidence on the effect of adverse weather conditions
during pregnancy on pregnancy outcomes such as prematurity. One strand of research has
concentrated on shocks to maternal health while the baby is in utero on the child’s outcomes later
in life (Almond, 2006, Almond et al, 2009, Almond and Mozumdar, 2007). However, these
studies do not examine the immediate effects of adverse conditions during pregnancy, which
manifest in short-term outcomes such as pre-term deliveries. Moreover, psychological distress
arising from increased anxiety does not necessarily manifest in insults to physical health such as

a decrease in the mother’s immune defense.

The closest study to this one in design is by Glynn et al (2001) who examine the effects of a

strong earthquake on stress and prematurity in pregnant women in California. They find that



exposure to stress in early gestational ages increases the reported levels of stress and decreases
gestational age at delivery. The study is important because it traces both increases in stress levels
and preterm delivery, contributing more direct evidence on the relationship between the two.
However, their sample size is small (281 women) and representative only of one county in

California.

3. Data sources and summary statistics

The infant health data were drawn from the national vital statistics, which cover the period 1968-
1988. The period is restricted until 1988 because the National Center for Health Statistics stopped
reporting the county of residence for the mothers after 1988. The Vital Statistics data are
collected from birth certificates by the states on all births which took place on the state’s territory
in each year. The data contain a great deal of detail about the birth and the conditions of the
newborn. The estimated gestation and the birth weight of the infant have been collected since the
first issue of the statistics in 1968. The county and state of residence of the mother are also
included. To maintain anonymity, exact dates of birth are not released. However, the month of

birth is recorded.

The Vital Statistics data contain two geographic identifiers — the county of birth and the county of
residence for the mother. There are two reasons why the latter is a better geographic unit of
analysis. First, dislocation due to extreme weather is not uncommon. Second, since the emphasis
is on the effects of events which happened during the pregnancy, it is important what happened in
the mother’s county of residence, not in the county where the birth took place. A potential
problem is that mothers who were dislocated due to a natural disaster may report their present
county of residence rather than the location where they resided at the time of the adverse event.
However, this is more likely to happen if the mothers permanently relocate, and the decision to
completely abandon one’s permanent residential location is not immediate. Moreover, studies
show that most the residents who are forced to leave their houses move internally within the same
county or state. For example, internal migration after hurricane Andrew (1990) was mostly

within the same county (76%), the neighboring county (9%) or elsewhere in Florida (9.2%). The



majority of moves were short lived — 67% of those who moved returned to their residences within
12 weeks. Yet a non-trivial 8.2% took more than a year to come back (Smith and McCarty,
1996). In the wake of hurricane Katrina, with the exception of New Orleans county, between 80

and 90 per cent of dislocated residents moved elsewhere within the same county (US Census

Bureau, 2006).

Table 1 reports summary statistics for the infant health data. Twenty percent of expectant mothers
were affected by a natural disaster for each of the 9 months before delivery. In total, 70% of
mothers in the period 1968-1988 were exposed to an extreme weather event during the 9 months
before delivery. There are very small differences in demographic characteristics and outcomes
among mothers affected by any disaster and those who were not. The prevalence of older (over
35 years of age) mothers similar in the two groups while minority mothers form a higher

proportion in counties affected by any disaster.

One way to measure the extent of the disaster’s impact is by the number of fatalities. The second
part of Table 1 shows comparisons in means between mothers affected by an extreme event
which resulted in at least one fatality and the rest. Only one sixth of mothers were exposed to
disasters which resulted in fatalities. The differences are stronger between those affected by a
fatal disaster and those who were not. Mothers residing in counties which were affected by a fatal
disaster during the 9 months before the month of birth are more likely to have delivered

prematurely, to have low birth weight babies and to be African American.

Table 1: Means of key variables in the vital statistics data

All registered disasters

Adverse event during | No adverse event
pregnancy during pregnancy

N mothers 36591951 9276024

Mean prematurity .09 .09

Mean gestational age | 39.4 39.4

(weeks)

Mean lbw .067 .0649

Teen mother .14 .14

Mother over 35 .043 .04

Black race .15 .136




Disasters with 1+ fatalities

N mothers 8953867 36914108
Mean prematurity .10 .09

Mean gestational age | 39.3 39.4
(weeks)

Mean lbw .071 .065
Teen mother .14 .14
Mother over 35 .044 .04
Black race .20 .14

The infant health data were collapsed on the month-year-county of residence cell and merged
with the natural disasters data. Disasters occurring in the county of residence of the mother in the
month of birth and the nine months before the delivery were linked to the birth. So for example, a
birth in May 1968 was linked to all natural disasters occurring in the county of residence of the
mother between August 1967 and May 1968. This is necessary because several different
measures of exposure to extreme events were constructed. First, an indicator variable equal to
one if there were any extreme events in the county of residence of the mother in the nth month
before delivery (0<=n<=9). Second, a count variable for the total number of disasters in the
county/month cell. Several different events may strike the same county during a month. For
example, a tornado and several severe storms in one month are not very unusual in Midwestern
states in spring/summer. Third, the average duration of disasters on the in the county/month cell
was calculated using data on individual disasters. Fourth, only disasters resulting in one of more
fatalities were considered. Finally, the total amount of property damage, injuries and fatalities

were aggregated on the county/month cell.

The natural disasters data contain information on the incidence and duration of a calamity. They
were obtained from the Spatial Hazard Events and Losses Database for the United States
(SHELDUS) version 6.2. SHELDUS is a county-level hazard data set for the U.S. for 18
different natural hazard events types such as thunderstorms, hurricanes, floods, wildfires, and
tornados. For each event the database includes the beginning date, location (county and state),
property losses, crop losses, injuries, and fatalities that affected the county. Table 2 reports the

types and counts of different disasters included in the database over the period 1968-1988.



The definition of a natural disaster in this paper follows the definition of the National Climatic
Data Center, which provided most of the data in the SHELDUS database. The data contained in
SHELDUS were derived from several existing national data sources such as National Climatic
Data Center's monthly Storm Data publications and NCDC's Tsunami Event Database. For the
period between 1960 and 1995 only those events that generated more than $50,000 1960 USD in
damages or at least one death were included in SHELDUS. This means that as time progresses,
relatively smaller disasters are included in the dataset. At the same time, the average number of
people killed in a disaster decreases over time as infrastructure and disaster warning technologies
improve. Figure 1 shows the number of counties affected by natural calamities between 1967 and
1986. There does not appear to be a clear indication of increased reporting over time such as an
upward trend in the number of affected counties. I present a number of different approaches to

control for these changes in disaster reporting in the empirical models.

Over the period 1968-1986 the largest number of calamities in a county-year happened in
counties in Kansas and Mississippi in 1971 and in Kansas in 1972. Eleven different events
classifiable as natural disasters hit those counties. The state which suffered the worst in human
lives lost in a single year was Kentucky, which lost over 290 lives to adverse weather events in

1971.

Table 2: Descriptive statistics of the SHELDUS natural disasters data for the period 1968-1988

Type of disaster N fatal disaster Number of unique
incidents disaster incidents

Avalanche 3 8

Coastal weather 12 32

Heat waves 33 78

Tornados 63 599

Floods 233 1068

Fog 11 18

Winter weather 375 1115

Severe Storms 240 1612

Hurricanes 20 72

Earthquakes 5 15

Landslides 2 15

Hail 48 1151

Wild fires 7 14

Strong winds 152 991

Other disasters 496 1788

10



Average property damage 203000 USD

Mean N fatalities 0.25

Mean duration 1.2 days

A natural disaster can affect more than one county and make several landfalls over time. For
example, hurricane Katrina first crossed over Florida as a category 1 hurricane, and only 5 days
later made its famous landfall in New Orleans as a category 3 hurricane. To account for the
different ways of reporting disasters I present two types of disaster statistics. The number of
unique disasters are counted as the number of unique events which affected a county in the
continental US. Different incidents involving the same disaster were counted separately if they
took place over different time periods. Under this methodology, Katrina’s landfall in Louisiana
will be counted as one disaster, and Katrina’s landfall over Florida as another. The second
method is to count the total number of affected counties by any given disaster, where each county
is counted separately. This is equivalent to defining a disaster on the county level, where a flood

affecting two neighboring counties will be considered two separate disasters.

A large number of natural disasters strike the US every year and they affect a large proportion of
the population. Figure 1 A presents the disasters data in two formats: the total number of unique
disasters which happened in a calendar year and the number of counties affected by those
disasters. The dotted lines in both plots show the same trends but restricted to fatal disasters only.
There is a discernible upward trend in the number of extreme events between 1968 and 1988 and
the fluctuations associates with El Nino are clearly visible. Despite the increase in disaster count,
the number of affected counties appears to have declined, suggesting a more short-lived and

geographically contained impact.

Figure 1 A: Number of affected counties by natural disasters and unique counts of disasters,
1968-1986
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count per year

Figure 1B : Incidence of disasters by disaster type
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Figure 1B shows the incidence of disasters by disaster types. There are clear upward trends in the
incidence of floodings, tornados, heat waves, and extreme winter weather episodes. Wild fires
and hurricanes also seems to have become more common. The number of fatalities associated
with heat waves and winter weather also show a steady increase through the 80s, perhaps giving
an early warning of what came later in the 90s and 2000s. These figures are based on basic means
and show a clear trend which suggests changes in the incidence and severity of extreme weather
events in starting in the 1980s.

Figure 2 shows the average number of injuries and the number of fatalities resulting from natural
disasters in the period 1968-1988. After a spike in the early 1970s, there is little variation in the

number of injuries per year. The number of fatalities also stays almost constant from year to year.

Figure 2: Average number of injuries per county due to natural disasters 1968-1988
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4. Econometric Strategy

The identification strategy relies on the unpredictability of the timing of extreme weather events.
While some locations are more prone to disasters, the exact time when the adverse event happens
is not known in advance. To control for increased exposure to extreme events due to geography, I
include county fixed effects in the baseline specification. Yearly variations in weather are taken
out by year fixed effects. Some moths are more prone to disastrous weather. For example,
hurricane season covers the period September — November. Month dummies and month*year
dummies are included in the empirical estimation.

Several outcomes are particularly interesting. First, disasters increase stress levels and stress in
pregnant women has been linked to premature deliveries. The first set of outcomes is based on
the average incidence of prematurity for mothers exposed to weather-related and other calamities
during the nine months before delivery compared to those who were not.

The empirical model is:

Outcomein = B * Disaster, + C+M +T + &€

imt

Where outcomein is one of the outcomes of interest described above for mothers residing in
county 1 in month m of year t, Disasterin 1s a dummy variable taking the value 1 if there was a
natural disaster in the county during the nine months before the birth, C is a county-level fixed
effect, M is a month of delivery dummy and T is a year of delivery fixed effect. The preferred

specification across all models includes month*year and county*year fixed effects.

15



Next, I examine whether there are “key periods” during the pregnancy when exposure to an

extreme weather event is more likely to result in prematurity. The model becomes:

imt

0
Outcomeim = z B, * Disaster, + C+ M +T + €
=9

Where f; are coefficients for months 0 to -9 before delivery, and disaster; is an indicator an

extreme weather event in the j month before delivery. I also include specifications which control
for the number of disasters, to capture the effect of repeated exposure to stress within the jth
month of pregnancy.

More severe natural disasters may cause larger increases in prematurity. To test this hypothesis I
use two of the measures of severity available in the SHELDUS database — the number of

fatalities and the amount of property damage.

imt

0
Outcomeip = z 7, *Severity, +C+M +T + €

=9

Where Severity;; i1s the number of fatalities due to an extreme weather event in the jth month
before delivery or the sum of property damage in the county due to a disaster inflicted in the jth

month before delivery.

The duration of the extreme event may also be important. However, it is not clear what is the
mechanism. A flash flood may last a day but cause extreme stress, while a heat wave may last a
week but with proper warning may not be as disruptive. To investigate how the duration of the

extreme conditions affects the probability of premature births, I formulate the following models:

imt

0
Outcomeim = z B, * Disaster _duration; +C+M +T +¢&
j=9

5. Results

5.1. Basic estimation

16



Table 3 reports the results from estimations of the average effect of exposure to a natural disaster
during pregnancy on prematurity, gestational age and the incidence of low birth weight. The
model in column 1 controls for month and year of birth fixed effects, as well as county fixed
effects. In the second column I add year-month fixed effects, which control for all common
unobserved factors which could influence mothers who gave birth in each month of each year in
the US. The final column adds county-year fixed effects, controlling for all common factors
affecting all mothers in the same county-year cell.

Mothers who were exposed to an extreme weather event had a 0.1 percentage points
higher chance of a preterm delivery than those who were not. This corresponds to a 1.3 percent
increase with a mean prematurity rate of 7.6%. The difference in gestational age is -0.01, or a

decrease of 2.8 days. There are no discernible effects on LBW.

Table 3: Impact of extreme weather events on prematurity, gestational age and LBW

A: Prematurity

(1) (2) (3)

Affected during -0.000 -0.000 0.001*x*
pregnancy

(0.000) (0.000) (0.000)
Month of birth FE | YES NO YES
Year FE YES NO NO
Year-month FE NO YES NO
County FE YES YES YES
County*year FE NO NO YES
Constant 0.085*** 0.078*** 0.076*x**

(0.001) (0.002) (0.001)
Observations 695019 695019 695019
R-squared 0.056 0.056 0.193

Robust standard errors in parentheses

* significant at 10%;

** significant at 5%;

***% gignificant at 1%

B: Gestational age

(1) (2) (3)
Affected during -0.008*~* -0.008*~* -0.010%*
pregnancy

(0.003) (0.003) (0.005)
Month of birth FE | YES NO NO
Year FE YES NO NO
Year-month FE NO YES YES
County FE YES YES YES
County*year FE NO NO YES
Constant 39.596%*** 39.511*** 39.553***

(0.011) (0.022) (0.006)
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Observations 695019 695019 695019
R-squared 0.067 0.068 0.190
Robust standard errors in parentheses

* significant at 10%; ** significant at 5%; *** significant at 1%

C: Low Birth Weight

(1) (2) (3)
Affected during 0.000 0.000 0.000
pregnancy

(0.000) (0.000) (0.000)
Month of birth FE | YES NO NO
Year FE YES NO NO
Year-month FE NO YES YES
County FE YES YES YES
County*year FE NO NO YES
Constant 0.058*** 0.072*** 0.065***

(0.001) (0.002) (0.000)
Observations 695019 695019 695019
R-squared 0.045 0.045 0.131

Robust standard errors in parentheses

* significant at 10%; ** significant at 5%; *** significant at 1%

A natural extension is to consider the effect of exposure during different months in the
pregnancy. Tables 4 A, B and C report these estimates. To save space, only months with
coefficients different from zero are reported. The first three columns consider the effect of a
continuous measure of disaster exposure (the count of natural disasters striking the county of
residence in the given pregnancy month). Columns 4-6 report the effect from a binary exposure
variable. The comparison group in both models are mothers who were not exposed to a natural
disaster during the month, but may have been exposed to an extreme event in a different
gestational period. A more restrictive definition of a natural disaster is used in the model in
columns 7-9, namely a disaster which resulted in one of more fatalities. The comparison here is
between mothers who experienced such a disaster in the month and all other mothers, including

those who lived through a less severe calamity.

In the preferred and most restrictive model including county-year and month of the year fixed
effects, exposure to an extreme event in the 3™ or 4" month before delivery significantly
increases the chance of a premature birth. Premature births happen after less than 37 weeks of
gestation, implying that exposure in or around the second trimester has the most detrimental

consequences. Exposure in 2 consecutive months would result in a 0.2 percentage points increase
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in the probability of a premature delivery, or over 2 percent increase over the mean prematurity
rate. Calamities involving fatalities appear particularly harmful if they happen two months before
birth. These effects also imply increased vulnerability in the second or early third trimester of

pregnancy.

Curiously, exposure in very early gestational periods or before conception appears to have the
opposite effects. The coefficient on the 6™ month before delivery is unanimously negative and
significant throughout specifications. Moreover, exposure to a severe disaster with fatalities
before conception appears to decrease the prematurity rate significantly. There are two possible
explanations for these phenomena. First, selective mobility where mothers who are a priori more
likely to have an early delivery permanently re-locate after a natural disaster in their county could
be driving the results. This is particularly relevant in the case of fatal disasters, where exposure in
the month before estimated conception for full-term babies has a negative effect on the
prematurity rate. Second, if stress in early pregnancy is particularly harmful, then the most
vulnerable fetuses could have been aborted resulting in a positive selection among the cohort.
These hypotheses are explored in a later section.

Table 4A: The effect on prematurity by month of exposure

Prematurity

Exposure N disasters Binary Disaster With fatalities
period
Month 0.000 0.000 0.000 0.000 0.000 0.001 0.003*  0.002*  0.002
before
delivery

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
3mto 0.000 0.000*  0.001*  0.000 0.000 0.001*  0.002 0.002 0.002
birth * *

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
4 mto 0.000 0.000 0.000*  0.001 0.001 0.001*  -0.000  -0.000  -0.000
birth *

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
6 m to - - -0.000* - - - 0.000 0.000 -0.000
birth 0.001*  0.001* 0.001*  0.001*  0.001*

kk kk kk kk *

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
7 mto 0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.002 0.002
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.002)
8mto -0.000  -0.000  -0.000 -0.000 -0.001 -0.000 -0.001 -0.001 -0.001
birth
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9mto
birth

Year FE
Month of

delivery
FE

County FE
Month-
year FE

County-
year FE

Constant

Observatio
ns

R-squared

(0.000)
-0.000

(0.000)
YES
Yes

Yes
NO
NO
0.099*

kk

(0.001)
695019

0.052

(0.000)
-0.000

(0.000)
NO
NO

Yes
YES
NO
0.102*

kk

(0.003)
695019

0.053

(0.000)
-0.000

(0.000)
NO
NO

NO
NO
YES
0.091*

kk

(0.001)
695019

0.179

Robust standard errors in parentheses

(0.000)
0.000

(0.000)
Yes
Yes

Yes
NO
NO
0.099*

kk

(0.001)
695019

0.052

(0.000)
-0.000

(0.000)
NO
NO

Yes
YES
NO
0.102*

kk

(0.003)
695019

0.053

(0.000)
0.000

(0.000)
NO
NO

NO
NO
YES
0.090*

kk

(0.001)
695019

0.179

(0.001)

0.003*
*
(0.001)
Yes
Yes

Yes
NO
NO
0.099*

kk

(0.001)
695019

0.052

(0.001)

0.003*
*
(0.001)
No

NO

Yes
YES
NO
0.101%*

kk

(0.003)
695019

0.053

(0.001)
-0.003*

(0.001)
NO
NO

NO
NO
YES
0.091%*

kk

(0.000)
695019

0.179

* significant at 10%; ** significant at 5%; *** significant at 1%

The effects on gestational age follow closely the results for prematurity. Exposure in the last five

months before delivery causes an increase in the rate of prematurity. Extreme events in two

consecutive months during the second trimester would result in a 5.1 per cent decrease in

gestational age. Again, exposure during very early gestation or before conception has the

opposite effect on gestational age.

Table 4B: The effects on gestational age by month of exposure

Gestational age

Expos N disasters Binary Disaster With fatalities
ure
period
Month  0.001 0.001 -0.002  0.000 -0.000 -0.003 -0.002 -0.001 0.003
of birth

(0.002) (0.002) (0.002) (0.003) (0.003) (0.004) (0.013) (0.014) (0.014)
Month  -0.001 -0.000 -0.004 -0.002 -0.001 -0.004 - -0.024*  -0.015
before 0.026%+*
birth

(0.002) (0.002) (0.003) (0.003) (0.004) (0.004) (0.012) (0.012) (0.013)
2 mto 0.000 -0.001 -0.004*  0.001 -0.000 -0.005 0.007 0.008 0.012
birth
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3 m to
birth

4 m to
birth

5 m to
birth

6 m to
birth

7 m to
birth

8 m to
birth

9 m to
birth

Year
FE

Month
of birth
FE

County
FE
Month
-year
FE

County
-year
FE
Const

Obs
R-sq

(0.002)

0.005%*

(0.002)
-0.004

(0.002)
0.001

(0.002)
0.006**

*k

(0.002)
-0.000

(0.002)
-0.001

(0.002)
-0.001

(0.002)
YES

Yes

Yes

NO

NO

39.497*

kk

(0.009)
695019
0.069

(0.002)
0.006**

(0.002)
-0.004*

(0.002)
0.001

(0.002)
0.007**

*k

(0.002)
-0.001

(0.002)
-0.000

(0.002)
-0.001

(0.002)
NO

NO

Yes

YES
NO

39.496*

kk

(0.030)
695019
0.070

(0.003)

0.008**

*k

(0.002)

0.007**

*k

(0.003)
-0.002

(0.002)
0.004

(0.003)
-0.003

(0.003)
-0.002

(0.002)
-0.003

(0.003)
NO

NO

NO

NO
YES

39.544%

kk

(0.005)
695019
0.191

Robust standard errors in parentheses

(0.003)
0.008**
(0.003)
-0.006*
(0.003)

0.000

(0.003)
0.008%**

(0.003)
-0.002

(0.003)
-0.001

(0.003)
-0.003

(0.003)
Yes

Yes

Yes

NO
NO

39.498%*

kk

(0.009)
695019
0.069

(0.003)
E).008>’°’<
(0.003)
E).007>’°’<

(0.003)
0.001

(0.003)
0.009%**

%

(0.004)
-0.003

(0.003)
0.001

(0.003)
-0.002

(0.004)
NO

NO

Yes

YES
NO

39.497*

kk

(0.030)
695019
0.070

(0.004)
0.0127%%*
*
(0.004)
0.010%*

(0.004)
-0.001

(0.004)
0.007*

(0.004)
-0.004

(0.004)
-0.000

(0.004)
-0.004

(0.004)
NO

NO

NO

NO
YES

39.543*
kk
(0.005)
695019
0.191

0.011)
-0.010

(0.012)
-0.008

(0.013)
0.009

(0.012)
0.000

(0.012)
0.004

(0.014)
0.011

(0.012)
0.027*

(0.014)
Yes

Yes

Yes

NO

NO

39.496*

kk

(0.009)
695019
0.069

0.011)
-0.008

0.012)
-0.010

(0.013)
0.009

(0.012)
0.001

(0.012)
0.002

(0.014)
0.008

0.012)
0.026*

(0.014)
No

NO

Yes

YES

NO

39.496*

kk

(0.030)
695019
0.070

(0.013)
-0.006

(0.014)
-0.005

(0.014)
0.014

(0.014)
-0.003

(0.013)
0.001

(0.015)
0.010

(0.013)
0.017

(0.014)
NO

NO

NO

NO

YES

39.527%

kk

(0.004)
695019
0.191

* significant at 10%; ** significant at 5%; *** significant at 1%
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The effects on low birth weight are presented in table 4C. The pattern is similar to table 4 A and
B, even though the coefficients are very small and rarely attain statistical significance. Exposure
to fatal extreme events seems to have significantly more important consequences for LBW than
for gestation. One possible reasons is that physical destruction could affect the infrastructure,
resulting in worse food supply and lower hygene. Both of these factors could contribute to LBW
independently of the effect on gestational age. Again, the effect appears to turn from negative to

positive if the disaster struck more than 4 months before delivery.

Table 4C: LBW by month of exposure; to avoid a large number of statistically insignificant zero

coefficients, I report only variables with statistically significant coefficients

Low birth weight

Exposure N disasters Binary Disaster With fatalities
time

Month of 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.001
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001D)
Month -0.000 -0.000 0.000 -0.000 0.000 0.000 0.001 0.001 0.001
before
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001D)
2 m to 0.000 0.000 0.000 0.000 0.000 0.001*  0.001 0.001 0.001
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
3 m to 0.000 -0.000 0.000 0.000 0.000 0.000 0.001*  0.001*  0.001%*
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
4 m to 0.000 0.000 0.000 0.000 0.000 0.000 -0.001* -0.001* -0.001
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
5 m to -0.000 -0.000 -0.000 -0.000* -0.000* -0.000 -0.001* -0.001* -0.001
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)
6 m to -0.000 -0.000 0.000 -0.000 -0.000 0.000 -0.001 -0.001 -0.001
birth

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.001)

Year FE YES NO NO Yes NO NO Yes No NO
Month of  Yes NO NO Yes NO NO Yes NO NO
delivery

FE

County FE  Yes Yes NO Yes Yes NO Yes Yes NO
Month- NO YES NO NO YES NO NO YES NO
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year FE

County- NO NO
year FE

YES NO

Constant 0.072*%  0.071*  0.065*  0.072*

kk kk

kk kk

(0.001) (0.002) (0.000) (0.001)
Observatio 695019 695019 695019 695019

ns
R-squared  0.045 0.045

0.135 0.045

Robust standard errors in parentheses

NO YES

0.071*  0.065*

kk kk

(0.002)  (0.000)
695019 695019

0.045 0.135

NO NO

0.072*%  0.071*

kk kk

(0.001) (0.002)
695019 695019

0.045 0.045

YES

0.065%*

kk

(0.000)
695019

0.135

* significant at 10%; ** significant at 5%; *** significant at 1%

5.2. Effects by gestational age, duration and severity

Table 5 reports the estimations from a series of regressions of prematurity, gestational age, and

LBW on the average duration of disasters in months 0 till -9 to delivery. Most of the action is the

LBW outcome, which points to physical deprivation as an important contributor to LBW. An

additional day of exposure in the 3" month before delivery increases the probability of an LBW

birth by 2.18%. An additional day in the 4™ month before delivery results in a 2.75% higher

probability of LBW. The effects on prematurity and gestation are mixed and do not have enough

statistical power to warrant strong conclusions.

Table 5: Differential effects by disaster duration; all coefficients multiplied by 100

Mean duration of (1) (2) (3)
disasters
Exposure period Prematurity Gestation LBW
Month of birth -0.274 -9.044 1.213
(1.149) (12.921) (0.999)
Month before birth -0.352 -4.296 1.367
(1.143) (12.852) (0.994)
2 months to birth 0.117 -0.534 2.177%*
(1.147) (12.896) (0.997)
3 months to birth -1.457 12.908 2.748***
(1.152) (12.953) (1.001)
4 months to birth 0.932 -13.706 0.859
(1.155) (12.997) (1.004)
5 months to birth -1.196 7.706 1.311
(1.161) (13.074) (1.009)
6 months to birth -1.040 -6.814 0.106
(1.249) (14.043) (1.085)
7 months to birth -1.595 12.582 -0.559
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8 months to birth
9 months to birth
Year—-month FE

County-year FE
Constant

Observations
R-squared

(1.278)
-0.262
(1.274)
0.081
(1.247)
YES

YES
0.09**x*
(0.000)

695019
0.193

Standard errors in parentheses

(14

-15.

(14

-20.
(14.

YES
YES

39.540***

(0.

.375)
878
.328)
751
025)

004)

695019

0.1

90

(1.111)
0.773
(1.108)
1.039
(1.084)
YES

YES
0.065**x*
(0.000)

695019
0.131

* significant at 10%;

** significant at 5%;

***% gignificant at 1%

In table 6 I restrict the natural disasters to only those which caused more than 10 million in

property damage. Since only the most destructive events are retained in the estimation, the

control group consists of all mothers who experienced an event which resulted in less than 10

million in property damage or did not experience any extreme event. Indeed, the coefficients on

exposure in different months are larger for the estimations in table 6. More physically damaging

events are more harmful for pregnancy outcomes. Even if adverse weather and weather-related

events do not increase in frequency, but increase in intensity, we can expect elevated rates of pre-

term deliveries.

Table 6: The effects of extensive property damage; Binary exposure variable equal to 1 if the
county-month cell experienced a disaster causing more than 10 million USD in property damage
(2000 US dollars), 0 otherwise

Property damage (1) (2) (3)
over 10 million
Exposure period Prematurity Gestation LBW
Month of birth 0.000 -0.007 -0.003~*
(0.002) (0.019) (0.001)
Month before birth 0.003* -0.021 -0.001
(0.002) (0.019) (0.001)
2 months to birth 0.001 0.005 -0.000
(0.002) (0.019) (0.001)
3 months to birth 0.003%* -0.010 0.001
(0.002) (0.020) (0.002)
4 months to birth -0.001 0.009 0.001
(0.002) (0.020) (0.002)
5 months to birth -0.002 0.013 -0.003~*
(0.002) (0.020) (0.002)
6 months to birth -0.001 0.016 0.000
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(0.002) (0.019) (0.001)

7 months to birth -0.002 0.012 -0.001
(0.002) (0.019) (0.001)
8 months to birth -0.001 -0.026 -0.001
(0.002) (0.020) (0.002)
9 months to birth -0.001 0.003 -0.001
(0.002) (0.019) (0.001)
Year—-month FE YES YES YES
County-year FE YES YES YES
Constant 0.09*** 39.538**xx% 0.065***
(0.000) (0.005) (0.000)
Observations 695019 695019 695019
R-squared 0.193 0.190 0.131

Standard errors in parentheses

* significant at 10%; ** significant at 5%; *** significant at 1%

5.3 Effect on the number of births and alternative hypotheses

A potential threat to the identification could come from differential reporting of residential
location or differential change of residence between pre-term and full term births. For example, if
mothers who were more likely to deliver prematurely are less likely to permanently relocate, then
a significant effect of natural disasters on prematurity would be erroneously attributed to the
effect of disasters. On the contrary, if pre-term birth mothers are more likely to relocate and
report a different residence, then the regression coefficients on the effects of natural disasters will

be attenuated towards 0.

A few tests show that a spurious correlation between disasters and prematurity due to selective
migration is unlikely. If some mothers change residence as a consequence of the extreme event,
the number of births to mothers residing in the county should decrease. If there is selective
dislocation on behalf of those less likely to have a premature delivery, then the number of
premature births will increase relative to other months while the total number of births decreases.
In sum, if the number of total births goes down, but the number of premature births goes up, there
is reason to suspect differential re-location as an alternative explanation.

Table 7 A: Number of births and the number of premature births by the count/indicator of
extreme events

N births N premature N premature
Month of delivery 0.140 0.025**x* 0.016

(0.097) (0.009) (0.011)
Month before 0.044 0.008 0.005
delivery

(0.134) (0.011) (0.014)
2 m to birth 0.281*x* 0.010 -0.009
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(0.121) (0.011) (0.015)

3 m to birth 0.071 -0.015 -0.019
(0.138) (0.013) (0.016)
4 m to birth 0.115 -0.016 -0.023
(0.076) (0.019) (0.019)
5 m to birth -0.195 -0.024 -0.011
(0.119) (0.019) (0.014)
6 m to birth -0.143 -0.008 0.002
(0.105) (0.020) (0.016)
7 m to birth -0.143 -0.020 -0.011
(0.140) (0.021) (0.013)
8 m to birth -0.108 -0.045*~* -0.038***
(0.151) (0.018) (0.011)
9 m to birth -0.153 -0.021 -0.011
(0.148) (0.015) (0.009)
N births 0.065***
(0.0006)
Month of birth FE YES YES YES
County*year FE YES YES YES
Constant T3.179**x% 5.896*** 1.104*%*
(0.441) (0.042) (0.465)
Observations 695019 695019 695019
R-squared 0.996 0.986 0.988

Robust standard errors in parentheses

* significant at 10%; ** significant at 5%; *** significant at 1%

Table 7A reports on the number of total and preterm births by month of delivery and exposure in
the nine months pre-delivery. If differential dislocation or reporting influences the results, the
total number of births to mothers affected by a disaster in the month of delivery or the month
before delivery should decrease, while the number of premature deliveries would increase. The
pattern in columns 1 and 2 speaks of a different phenomenon. The total number of births to
mothers residing in counties struck by a natural disaster in months O through -4 from delivery
increases, while the number of births to mothers residing in counties struck by calamities in
months -5 through -8 from delivery decreases. The number of premature births increases only if
the disaster happened in the month of delivery, and in specification 3 which controls for the total
number of births, there is no change in the count of preterm deliveries. There appears to be a
mostly insignificant but negative effect on the number of premature deliveries for those affected
in months 3 and more before delivery. These results suggest that there is little scope for selective
migration affecting the proportion of premature births in a county. Yet the clear break in the
pattern between 4 and 5 months before delivery suggests that those affected early enough in the
gestation period behave differently than those affected later. Alternatively, there may be a natural

tendency to report the new location as a county of residence of on has resided there for more than
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4 months. It is still not clear whether disasters early on result in fewer deliveries because women
permanently relocate or because they are not carried to term.

Another test can be done using neighboring counties which were differentially affected by
extreme events. Studies of dislocated and evacuated persons show that the majority of those who
do not stay in the county relocate to a neighboring area. Table 7B shows the results of regressions
on two restricted samples: the county-month observations for counties which were not affected
by any disaster in the 10 months before delivery, but a neighboring county was; and the sample
of counties which were affected, but their neighboring counties were not. If a neighboring county
was affected and full-term mothers from that neighboring county moved to the county that was
not affected, then the number of premature births in that county will decrease relative to the total
number of births. If the county itself was affected and the neighboring counties were not, then if
full term mothers differentially migrated to neighboring counties, the total number of births

would decrease and the number of premature births will increase.
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Table 7B: Effects on the total number of births and the number of premature births in
neighboring counties

Period of N N premature N N premature
exposure
None in None in None in home None in home
neighboring neighboring county county
Month of birth -0.294 -0.018 0.286 0.027
(0.277) (0.051) (0.175) (0.037)
Month before -0.465 -0.026 0.023 -0.033
birth
(0.284) (0.052) (0.177) (0.037)
2 m to birth 0.427 -0.019 -0.077 -0.009
(0.290) (0.053) (0.179) (0.037)
3 m to birth 0.034 -0.098~* -0.155 0.051
(0.291) (0.053) (0.179) (0.037)
4 m to birth 0.559~* 0.035 -0.056 -0.007
(0.291) (0.053) (0.179) (0.037)
5 m to birth -0.649*%* -0.043 0.113 0.033
(0.291) (0.053) (0.178) (0.037)
6 m to birth -0.294 -0.083 0.166 0.002
(0.288) (0.053) (0.179) (0.037)
7 m to birth -0.547~* -0.031 0.309~* 0.075**
(0.288) (0.053) (0.180) (0.038)
8 m to birth -0.068 -0.104~*~* 0.378*% -0.049
(0.283) (0.052) (0.178) (0.037)
9 m to birth -0.475%* -0.091~* 0.092 -0.027
(0.280) (0.051) (0.178) (0.037)
Constant 76.547**x* 6.475%*x* 58.888**x* 5.083**x*
(0.201) (0.037) (0.138) (0.029)
Observations 177109 177109 178943 178943
R-squared 0.997 0.989 0.997 0.986

Robust standard errors in parentheses

* significant at 10%; ** significant at 5%; *** significant at 1%

The regression results shown in table 7B generally support the hypothesis that some relocation
takes place in neighboring counties in the wake of a natural calamity, but bear little evidence on
differential dislocation of full-term mothers. The negative effect on the number of births in the
affected county is stronger the longer time has elapsed between the event and the birth. Similarly,
counties neighboring disaster affected areas experience the largest increase in the number of
births to mothers affected 7 to 9 months before the delivery. These facts imply that relocation to
neighboring areas is more likely if the disaster happened early in the gestation period. The
number of premature births does not appear affected in any way consistent with differential
relocation. While mothers appear to be relocating if affected before conception or in the early
gestational period, there is little evidence that future premature births tend to relocate less than
anyone else.

6. Conclusions
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Predicting and estimating the effects of global climate change on health is an important area of
research for social scientists. This paper offers the first evidence on the link between exposure to
extreme weather events and pregnancy outcomes in the US for the period 1968-1988.
Experiencing an extreme weather event during pregnancy increases the chances of premature
delivery and decreases the average gestational age of infants. Considering the rising costs of
immediate and long-term care for premature and low birth weight infants, this suggests that
significant additional and indirect societal costs can be expected from increases in the frequency
and severity of extreme weather events. If climate change does result in more frequent and severe

weather-related disasters, those in utero may be among the first victims of human negligence.
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