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Abstract

Understanding in-utero exposure to extreme weather events is key to mitigating climate change’s im-

pact on health at birth. Using detailed historic weather records and data on infants born in the US

between 1989-2004, we investigate how in-utero exposure to weather events, such as heat and cold waves

or rainfall, impacts infant’s health at birth. We focus on the effects of heat shocks on birth outcomes

and systematically investigate heterogeneity therein using the causal forest, a recently developed causal

machine learning technique. Exposure to a heat shock significantly reduces birth weight by around 6

grams on average and increases the small for gestational age (SGA) birth rate. We find substantial het-

erogeneity in the effect of heat shock exposure on birth weight. Especially infants born to black, Mexican,

or low-educated mothers are disproportionately prone to health risks from extreme heat exposure.
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1 Introduction

Climate change is the biggest health threat humanity faces in the 21st century (World Health Organization,

2018). In recent years, extreme weather events such as heat waves, cold spells, and heavy rainfall have

become increasingly frequent and severe due to climate change. Especially vulnerable groups, including

older populations, women, and children are disproportionately prone to climate-sensitive health risks. While

the impact of in-utero exposure to these events on health has been extensively studied, less attention has

been paid to possible heterogeneity in these effects and the anaysis of most vulnerable groups. Pregnant

women are considered a particularly vulnerable group when it comes to exposure to extreme weather events

due to the changes in their bodies physiology (Samuels et al., 2022). It is crucial to understand how exposure

to weather in utero affects the fetus, as it may affect the infant’s long-term outcomes, in line with the fetal

origins hypothesis1.

This paper investigates the effects of in-utero exposure to several extreme weather events in the US

between 1989 and 2004 and systematically explores potential heterogeneity in these effects. Weather events

considered include heat and cold events, and rainfall shocks. We analyze their effects on multiple outcomes

of health at birth, like standardized birth weight, small for gestational age birth (SGA)2, gestation length,

and 5-minute Apgar score3. Following the literature, we first analyze the effects of these shocks on the

birth outcomes of interest using a fixed effect regression model, counting the days of exposure in certain

temperature bins. Our main interest, however, lies in understanding whether there is heterogeneity in the

effect of extreme heat on health at birth. Therefore, we study the conditional average treatment effect

(CATE) of heat shocks on health at birth, which we estimate using a causal forest (Athey et al., 2019).

We uncover heterogeneity in the effect and describe the most vulnerable groups and attempt to learn about

possible mechanisms underlying the effect of heat shocks on health at birth.

We show that in-utero exposure to extreme heat events generally has adverse effects on infants’ health

at birth, where heat shocks can reduce birth weight by up to 6 grams. We define the shock as the average

temperature of 5 consecutive days exceeding at least 30 ◦C and the temperature of the 9th hottest day per

county. These heat shocks do particularly affect the most vulnerable infants, as it significantly increases the

SGA rate. Analysis of heterogeneity in the effects reveals that especially infants born to black, Mexican,

and low-educated mothers are disproportionately prone to heat-related health issues. Our decomposition,

however, reveals that none of these factors on their own can explain the heterogeneity found.

Analysis of the entire temperature distribution reveals that especially exposure to hot temperatures shows

the strongest negative effects on weight-related birth outcomes, while exposure to cold temperatures tends

to have mitigating effects. Exposure to extreme rainfall does not significantly affect any of the measures of

health at birth used. Exposure to a day with temperatures of more than 32◦ C decreases birth weight by

1The fetal origins hypothesis posits that conditions and shocks in utero can have long-lasting impacts on human capital, by
influencing, for example, health, educational attainment, and adult earnings. See for example Almond and Currie (2011) for a
review of this literature.

2A birth weight of less than 10th percentile for gestational age is considered small for gestational age.
3The Apgar Score is a key measure of infant health right after birth, focusing on activity and respiration of the newborn

(American College of Obstetricians and Gynecologists., 2015).
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0.57 grams, compared to a day in a temperature range of 0−24◦ C. Exposure to cold days shows smaller, yet

significant increases in standardized birth weight. Especially the second and third trimesters show a strong

response to extreme temperature exposure, whereas the first trimester does not seem very vulnerable.

Even though the effects of extreme weather events on health has found much attention, heterogeneity

in these effects is not well understood. So far, analysis of heterogeneity has mainly been limited to infant’s

sex, mother’s race, and mother’s education (Chen et al., 2020, Deschênes et al., 2009, Le and Nguyen, 2021).

Understanding the heterogeneity in the effects of extreme weather shocks on health at birth is crucial. It can

help in identifying the most vulnerable groups and provide insight into the underlying mechanisms through

which these shocks affect fetal development and health outcomes at birth. This eventually leads to improved

strategies and targeted interventions to prevent damage from extreme weather events.

The analysis of heterogeneity in the effects of heat shocks on health at birth reveals strong heterogeneity,

where the most negative impact is concentrated among black, Mexican, and low-educated mothers. Since

the analysis of the average effect using counts of days in temperature bins showed the largest effects of

exposure to extreme heat, we will focus on heat shocks for the heterogeneity analysis. We estimate the

conditional average treatment effect of a temperature shock on birth outcomes of interest using a causal

forest (Athey et al., 2019). To gain an understanding of how different maternal characteristics might affect

treatment outcomes, the study compares the average characteristics of the 10% most and 10% least affected

groups. This analysis reveals that the most affected group comprises primarily black, Mexican, and low-

educated mothers, suggesting that they may have limited access to protective measures against heat exposure.

Additionally, we employ a newly developed decomposition approach to uncover drivers of heterogeneity.

Using this decomposition, we are able to isolate the effects of a single variable, while keeping the others

comparable. Our analysis suggests that mother’s race and Hispanic origin alone are not significant drivers of

heterogeneity. This observation may be due to the fact that these variables serve as proxies for more complex

factors such as living conditions and socioeconomic status, which could be the true drivers of heterogeneity.

A large body of literature analyzes how extreme weather events affect health and well-being. Focusing

on mortality rates and hospital admissions Karlsson and Ziebarth (2018) investigate effects of high ambient

temperature in Germany. They find that extreme heat immediately increases hospitalizations and deaths.

Similarly, Deschênes and Greenstone (2011) analyze temperature effects on mortality in the US, finding that

extremes on both ends of the temperature scale lead to increased mortality rates. Following the fetal origins

hypothesis by David J. Barker, a growing part of the economic literature analyzes how in utero exposure to

extreme weather events affects later life outcomes (Wilde et al., 2017, Isen et al., 2017, Chang et al., 2022).

Evidence on the effect of temperature exposure on later life outcomes is mixed. Wilde et al. (2017) find

exposure to increased temperature leads to higher educational attainment and literacy, whereas Isen et al.

(2017) find such exposure leads to reduced adult earnings.

Most closely related to this study is a strand of literature that analyzes how extreme weather events

during pregnancy affect birth outcomes. Studies focus on different countries of interest, like the US (Currie

and Rossin-Slater, 2013, Deschênes et al., 2009), China (Chen et al., 2020), Vietnam (Le and Nguyen, 2021),
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and sub-Saharan Africa (Bratti et al., 2021). These studies use different ways to measure the exposure

to extreme temperature events, i.e., Deschênes et al. (2009), Chen et al. (2020) use the count of days in

certain temperature bins, Andalón et al. (2016), Le and Nguyen (2021), Molina and Saldarriaga (2017) use

deviations from the long-term mean. All studies share the same conclusion: extreme weather events can

have detrimental effects on health at birth. Especially for birth weight, studies find significant and robust

reductions in birth weight and increases in low birth rates caused by extreme heat events. Similar to this

study, Deschênes et al. (2009) analyze the effects of extreme heat on birth weight and low birth weight in

the US for births between 1972-1988. They find that exposure to extreme heat events during pregnancy

reduces birth weight and increases the prevalence of low birth weight (LBW) birth. Considering climate

change predictions, the overall reductions correspond to losses of 7.5 to 11.5 grams. The effect is especially

profound in the second and third trimesters, which can explain up to 95% of the effect found. Overall, the

literature lacks a good understanding of possible heterogeneity in the effects of temperature on health at

birth. Heterogeneity in the effects has mainly been studied with regard to mother’s race, mother’s education,

and sex of child (Deschênes et al., 2009, Le and Nguyen, 2021).

While a large body of literature assesses the effects of in utero exposure to weather events (Andalón et al.,

2016, Deschênes et al., 2009, Rocha and Soares, 2015, Zhang et al., 2020), they mostly neglect a fundamental

problem regarding a mechanical correlation between gestation length and probability of exposure. Only

Currie and Rossin-Slater (2013) discuss this problem when analyzing the effect of hurricane exposure on

birth outcomes. Measuring temperature exposure during the gestational period leads to a problem since

a longer gestation length increases the probability of exposure to an extreme event. This simultaneous

interaction between the exposure and the mediator results in challenges with the identification of the causal

effect of interest and in most cases leads to biased estimates if not handled carefully. To eliminate the

simultaneity of temperature exposure and gestation length, the literature mostly imposes full 9 months of

pregnancy for each birth. These fixed pregnancy lengths are either counted backward from the date of birth

or forward from the date of conception. Each of these strategies leads to biases in the effect estimates,

which in most cases are not discussed further. To overcome this problem, we analyze the effects on outcomes

standardized for gestational age.

This paper contributes to the literature on in-utero exposure to weather shocks in three ways. First, it

marks a significant contribution to the literature by introducing cutting-edge machine learning techniques

to uncover heterogeneity in the effect of environmental factors on infant health. The paper highlights the

potential of machine learning approaches for advancing our knowledge in the field of environmental health

research. By leveraging recent causal machine learning techniques, we can identify the drivers of heterogeneity

and characterize the most vulnerable groups, which may offer valuable insights for policymakers.

Second, this study is the first to systematically explore heterogeneity in the effect of in-utero exposure

to heat waves on infant health. To the best of our knowledge, heterogeneity has been studied only by

mother’s race, mother’s education, and sex of child (Deschênes et al., 2009, Le and Nguyen, 2021). This

paper addresses an important gap in our understanding of the complex relationship between heat exposure
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during pregnancy and infant health outcomes. Exploiting heterogeneity by several mothers’ characteristics

allows us to understand the effects of extreme weather events beyond averages and helps to identify patterns

of vulnerability.

Additionally, we provide new evidence for a range of birth outcomes, which control for differences in

gestation length, and discuss problems arising from the mechanical correlation of gestation length and

shock exposure. Only a few of the aforementioned studies consider outcomes other than birth weight and

gestation length (Andalón et al., 2016, Molina and Saldarriaga, 2017). We additionally estimate the effect

on standardized birth weight, standardized 5-minute Apgar score, and small for gestational age birth. We

highlight the mechanical correlation between gestation length and the exposure measure and discuss issues

arising from solutions usually employed in the literature.

The remainder of the paper is structured as follows: The next section provides an overview of the birth

data and weather data sources. We then describe the empirical strategy and go on to describe the results.

The last section discusses the results and concludes with a discussion of possible implications of the findings.

2 Data

2.1 Birth Data

Microdata on births in the US between 1989 and 2004 are taken from the National Vital Statistics System

of the NCHS (National Center for Health Statistics, 1989-2004). The data provides information on births

in the United States, based on information abstracted from birth certificates. The public use files contain

information on the mother’s county of residence only for counties with a population of at least 100,000

residents. The analysis therefore mainly focuses on highly populated areas on the US coasts, including

a total of 525 distinct counties. See figure A.1 for an overview of counties considered. The data contains

information on the socioeconomic and demographic background of the mothers, such as race, age, educational

attainment, marital status, childbearing history, prenatal care, and information on medical risk factors.

Further, it contains health information on the infant such as sex, gestational age, birth weight, Apgar score,

plurality, and month of birth.

Details for trimester dates are calculated using the mother’s last reported menses and gestation length

in weeks. Since the exact date of birth is not given in the data, we need to approximate pregnancy start,

trimester borders, and end dates. To determine the start of the pregnancy, we count forward from the

mother’s last reported menses. As Currie and Rossin-Slater (2013) point out, counting backward from the

date of birth shifts trimester borders and therefore induces bias. We set the start date of the pregnancy as

the month after mother’s last reported menses. From this, we set the first trimester as the following three

months, and the second trimester as the three months thereafter. The last trimester is determined by the

month of birth and the gestation length. We, therefore, allow for differing lengths in the third trimester

depending on the gestation length.
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To measure infants’ health at birth, we use several proxy measures. A widely used proxy measure

for health at birth is birth weight. Especially low birth weight is strongly associated with adverse health

outcomes Almond et al. (2005). But given the mechanical correlation between gestation length and exposure

to extreme weather events, we mainly concentrate on outcomes, that account for differences in gestation

length. Our main outcomes are therefore standardized birth weight4, standardized 5-minute Apgar score

and a measure for small-for-gestational age (SGA) birth. Additionally, we consider gestation length but

concentrate on effects in the first and second trimesters.

We focus our analysis exclusively on singletons born in the United States. The rationale behind this

decision is that multiple pregnancies tend to carry greater medical risks and complications for both the

mother and the children involved (Kramer, 1987). We also remove the 1% most extreme outliers at both

ends of the distribution for birth weight and gestation length. Moreover, we exclude all observations with

missing data in the relevant variables of interest. Table 1 provides an overview of the birth data that we

consider. Our sample comprises information on 19, 865, 677 pregnancies that occurred in the US between

1989 and 2004. On average, the infants in our sample have a birth weight of 3401.86 grams and are born

after 39.11 weeks of gestation. Approximately 15% of the births are preterm, and 4% are low birth weight.

The average age of mothers in our sample is 28.22 years, and most of them are married and white. More

than half of the mothers attended college, while 11% smoked during pregnancy.

2.2 Weather Data

Meteorological data were obtained from two sources: the North America Land Data Assimilation System

(NLDAS) available on CDC WONDER (https://wonder.cdc.gov/) and the National Centers for Environ-

mental Information (NCEI, https://www.ncei.noaa.gov/). We gather information on ambient tempera-

ture, rainfall and sunshine exposure from the North America Land Data Assimilation System, which can be

accessed on county level5 from CDC WONDER. Information on snowfall and snow density is obtained from

NCEI for single weather stations. For required aggregation on the county level, we average data from all

weather stations in the corresponding county. Information on snowfall is not recorded for all days in some

counties. Therefore, we miss information on snowfall for 1,377,089 observed pregnancies.

We use measures for average ambient temperature and information on rainfall (in mm) to describe our

main (extreme) weather events. We additionally gather monthly averages for each county and year for

temperature, rainfall, snowfall, and sunshine (in KJ/m2). Several studies have found effects of either of

these weather conditions on health or health at birth (i.e., Andalón et al., 2016, Rocha and Soares, 2015,

Zhang et al., 2020).

4Standardized birth weight is calculated as follows: First, we calculate mean reference birth weight and its standard devi-
ation for given gestation length and sex. The reference population contains singletons, non-smokers, and pregnancies without
complications. We standardize each birth weight by subtracting the reference weight given individuals gestation length and sex
and dividing by the corresponding standard deviation. The standardized birth weight now fully controls for gestation effects
and possible gender effects. We use the same procedure for the standardized 5-minute Apgar score.

5The North America Land Data Assimilation System provides the following information on county aggregation: The county
coded represents the spatial average of data observations from 14x14 kilometer square (1/8 degree) geographic-area grids. Grids
are coded to the county that includes the grid centroid. For small counties where no grid centroid fell within county boundaries,
county data are aggregated from grids where most of the grid area fell within county boundaries.
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Table 1: Summary Statistics for Birth Data

Variables Mean SD

Infant Characteristics
Birth Weight in grams 3401.86 482.59
Standardized Birth Weight -0.04 1.02
Low Birth Weight 0.04 0.19
Small for Gestational Age 0.11 0.31
5-min. APGAR Score 8.97 0.55
Gestation Length 39.11 1.74
Preterm Birth 0.15 0.36
Assisted Ventilation 0.02 0.13
Male 0.51 0.50

Mothers Characteristics
Mother’s Age 28.22 5.73
Married 0.81 0.39
Race - White 0.82 0.38
Race - Black 0.13 0.34
Race - Other 0.05 0.21
Non-Hispanic 0.88 0.32
Hispanic - Mexican 0.05 0.23
Hispanic - Other 0.06 0.24
Education - <HS 0.03 0.18
Education - Highschool 0.10 0.30
Education - some College 0.55 0.50
Education - College + 0.32 0.47
Smoking during Pregnancy 0.11 0.31
Weight Gain in pounds 30.95 12.29
Prenatal Care Visits 11.88 3.56
Month Prenatal Care Began 2.32 1.27
Birth Order 2.38 1.44

Weather
Average Temperature 12.98 5.04
Average Rainfall 2.90 1.01
Average Snowfall 1.81 2.20
Average Sunlight 15803.66 2065.49

Average Days in Temperature Bins
(-Inf,-8] 6.11 10.08
(-8,-4] 9.50 10.15
(-4,0] 19.28 15.86
(0,24] 195.43 40.96
(24,28] 32.64 29.01
(28,32] 12.12 21.79
(32, Inf] 1.29 7.70

Average Days in Rainfall (in mm) Bins
[0,10] 251.39 18.36
(10,20] 16.02 6.82
(20,50] 8.23 4.80
(50,100] 0.70 1.02
(100, Inf] 0.03 0.19

Number of Observations 19,865,677

Source: NCHS, NLDAS, NCEI (1989-2004)
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Table 2: Summary Statistics for Birth Data and Heat Shocks

No Shock Heat Shock
Variables Mean SD Mean SD Normalized Difference

Infant Characteristics
Birth Weight in grams 3403.15 483.16 3390.19 477.19 -0.02
Standardized Birth Weight -0.04 1.02 -0.06 1.01 -0.01
Low Birth Weight 0.04 0.19 0.04 0.19 -0.00
Small for Gestational Age 0.11 0.31 0.11 0.31 0.01
5-min. APGAR Score 8.97 0.55 8.96 0.56 -0.02
Gestation Length 39.12 1.74 39.09 1.75 -0.01
Preterm Birth 0.15 0.35 0.15 0.36 0.01
Assisted Ventilation 0.02 0.13 0.02 0.13 -0.01
Male 0.51 0.50 0.51 0.50 -0.00

Mothers Characteristics
Mother’s Age 28.29 5.73 27.51 5.73 -0.10
Married 0.81 0.39 0.80 0.40 -0.01
Race - White 0.82 0.38 0.81 0.40 -0.03
Race - Black 0.13 0.34 0.15 0.36 0.05
Race - Other 0.05 0.21 0.04 0.20 -0.02
Non-Hispanic 0.89 0.32 0.84 0.36 -0.09
Hispanic - Mexican 0.05 0.22 0.10 0.30 0.14
Hispanic - Other 0.06 0.24 0.05 0.23 -0.03
Education - <HS 0.03 0.18 0.04 0.19 0.01
Education - Highschool 0.09 0.29 0.11 0.32 0.04
Education - some College 0.55 0.50 0.57 0.49 0.03
Education - College + 0.32 0.47 0.28 0.45 -0.07
Smoking during Pregnancy 0.11 0.31 0.10 0.30 -0.03
Weight Gain in pounds 30.92 12.24 31.28 12.66 0.02
Prenatal Care Visits 11.85 3.55 12.09 3.72 0.05
Month Prenatal Care Began 2.33 1.27 2.27 1.32 -0.03
Birth Order 2.38 1.44 2.36 1.42 -0.01

Weather
Average Temperature 12.36 4.70 18.64 4.47 0.97
Average Rainfall 2.95 0.94 2.43 1.38 -0.31
Average Snowfall 1.95 2.25 0.48 0.97 -0.60
Average Sunlight 15560.66 1892.58 18019.19 2249.17 0.84

Number of Observations 17,902,118 1,963,559

Source: NCHS, NLDAS, NCEI (1989-2004)
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Over the 25 years that we observe, there is a slight increase in average temperatures, see figure 1.

Particularly average temperatures in the winter months seem to have increased. But also summer averages

show a subtle increase. To motivate our shock definition, we are first interested in the effects of hot and cold

temperatures simultaneously. We use the mean daily temperature and divide it into the following segments:

< 8◦C, (−8◦C,−4◦C], (−4◦C, 0◦C], (0◦C, 24◦C], (24◦C, 28◦C], (28◦C, 32◦C], > 32◦C. For the analysis, we set

(0◦C, 24◦C] as the reference temperature bin, since most days lie within these boundaries (see figure A.3).

For each mother, we calculate the number of days in each exposure bin during pregnancy. To further examine

sensitivity by the timing of the shock, we calculate the number of days of exposure in each trimester of the

pregnancy.

In the main part of the analysis, we want to analyze the effect of exposure to extreme temperature events.

Since especially long-term exposure to heat or extended heat periods are found to have negative effects, we

define a heat shock as the average temperature of 5 consecutive days exceeding the 0.85 percentile of historic

July and August temperatures and at least 30 degrees Celsius. Specifically, we assess whether the 5-day

average temperature exceeds that of the 9th hottest day recorded in each county between 1979 and 1988.

In addition, we require that the temperature surpasses a threshold of at least 30 degrees, which serves to

exclude counties that do not typically experience extremely hot days.

Table 2 shows that mothers who experience a heat shock during pregnancy are on average very similar to

those who do not experience such a shock. The normalized difference indicates no substantial difference in

any of the infant characteristics or most of the maternal characteristics. There is slightly higher education

for those mother’s not experiencing a shock. Black mothers are more likely to experience a heat shock, the

same holds for mothers of Mexican origin. There are substantial differences regarding average weather. The

average temperature in pregnancies by mothers experiencing a shock is nearly 8 ◦C higher, whereas average

rainfall is substantially lower than for mothers not experiencing a shock. In particular, most mothers who

are pregnant during summer are exposed to heat shocks.

The second weather condition we consider is daily rainfall (in mm). Similar to temperature, we first

investigate the non-linear effects of rainfall. We count the number of days per pregnancy or trimester that

each mother is exposed to the following rainfall bins: 0 − 10mm, 10 − 20mm, 20 − 50mm, 50 − 100mm,

> 100mm. These reflect a range from very light rain to very heavy rainfall. Overall, average rainfall does

not change during the 25 years of interest and shows expected seasonality. As expected, most days lie in

the low precipitation bin of 0 − 10mm, which serves as a reference category for our analysis. As figure 2

shows, there is quite some deviation from the mean average rainfall. Other than for temperature, we do

not see strong seasonality. While the average daily rainfall mostly lies below 5 mm, there are large outliers.

Figure A.4 shows the average distribution of days in a certain rainfall bin. On average, counties experience

less than a day in the most extreme rainfall bin (more than 100mm per day), indicating that this is a very

rare event. Usually, counties mostly experience days of no or very light rainfall.
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Figure 1: Average Temperature

Note: This plot shows the average daily temperature per month in the counties considered. The grey area
indicates the range for the maximum and minimum value for average temperature in a certain month.

3 Empirical Strategy

3.1 Setup and Notation

For the analysis of heterogeneity, we focus on extreme weather shocks. We want to estimate the causal effects

of these binary weather shocks in the potential outcomes framework by Imbens and Rubin (2015). For each

observation i we define the outcome under potential treatment as Y
(Ti)
i , Ti ∈ {0, 1}, where Y

(0)
i denotes the

potential outcome if individual i did not receive the treatment and Y
(1)
i denotes the potential outcome if i did

receive the treatment. In any case, we can only observe the realized outcome Y obs
i = TiY

(1)
i + (1− Ti)Y

(0)
i ,

since both potential outcomes can never be observed together. The propensity score p(Xi) = P (Ti = 1|Xi)

denotes the probability of receiving the treatment, giving the observable covariates of individual i. The

average treatment effect (ATE) is defined as τATE = E[Y
(1)
i −Y

(0)
i ], which is the expected difference between

the potential outcomes. The main interest in this analysis are treatment effects that differ across individuals

by their observable characteristics. Therefore, we focus on the conditional average treatment effect (CATE),

defined as

τ(x) = E[Y
(1)
i − Y

(0)
i |Xi = x]. (1)

Given that the heat shock is not a random shock, due to its correlation with the mothers’ location of

residence and the minimum required temperature of 30 ◦C, we assume unconfoundedness {Y (0)
i , Y

(1)
i } ⊥

Ti|Xi and overlap 0 < P (Ti = 1|Xi) < 1 in the covariate distributions to be able to identify the ATE and

CATE.
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Figure 2: Average Rainfall (in mm)

Note: This plot shows the average daily rainfall per month in the counties considered. The grey area
indicates the range for the maximum and minimum value for average rainfall in a certain month.

3.2 Identification Challenges

T

M

Y

U

T Temperature Shock

M Gestation Length

Y Birth Outcome

U Unobserved Factors

Figure 3: DAG representation of the relation between Outcomes, Gestation and Temperature Exposure

A problem we face in the identification of causal effects of shocks during pregnancy on health at birth is

the mechanical correlation between gestation length and our temperature exposure measures. For a longer

gestation length, the probability of exposure to a temperature shock increases. Figure 3 is a simplified

representation of the problem at hand. Temperature exposure has a direct effect on the birth outcome and

an indirect effect via gestation length. There is a simultaneous interaction between temperature exposure

and gestation length. Gestation acts as a mediator on the path T → M → Y and as a confounder on the

path T ←M → Y . In case of gestation length only acting as a confounder affecting both the treatment and

the outcome, one would want to control for it. However, given that gestation is also a possible outcome of

the treatment it is a bad control. Additionally, there might be other unobserved factors that are common

causes of gestation length and birth outcomes. We denote this unobserved factor as U in figure 3. U could for

example be genetic factors or birth defects. In the literature, M is referred to as a collider (Imbens, 2020).

Controlling for gestation length would induce some sort of selection bias, referred to as collider stratification

bias. When conditioning on gestation length, we open the causal path from T → M ← U → Y , which is a
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source of bias in the estimates (Imbens, 2020)6. So in the given setup, both conditioning and not conditioning

on gestation length induces bias.

The literature usually attempts to solve this problem by assuming fixed pregnancy length, i.e., 40 weeks

or 9 months of pregnancy (Bratti et al., 2021, Chen et al., 2020, Deschênes et al., 2009, Le and Nguyen,

2021). Only Currie and Rossin-Slater (2013) discuss the problem of the mechanical correlation between

exposure and gestation length. Assuming fixed pregnancy length imposes bias, depending on how the

gestation period is measured. As Currie and Rossin-Slater (2013) point out, counting backward from the

date of birth shifts trimester borders, where exposure in the third trimester is most likely overstated and the

strategy measures exposure that happened before the pregnancy even started. While the second strategy

does not shift trimester borders, it measures exposure to extreme events after pregnancy, therefore after

measurement of the outcomes of interest. Some individuals with shorter gestation lengths are therefore part

of the treatment group, even though they should be in the control group, given that exposure happened after

birth. This will lead to an overestimation of the treatment effect. To handle the problem of this mechanical

correlation, we confine outcomes to birth weight standardized for gestational age, SGA, and 5-minute Apgar

score. This way, the outcome itself attempts to control for gestational age. Appendix B illustrates the

problem of the mechanical correlation between gestation length and temperature exposure.

3.3 Treatment Effect Estimation using Causal Forests

To estimate heterogeneous treatment effects of the binary shocks, we use the causal forest by Athey et al.

(2019). The causal forest builds on a partially linear model by Robinson (1988) with constant treatment

effect τ(x) = τ for all x ∈ X :

Yi = g(Xi) + Tiτ + ϵi. (2)

Let m(Xi) = E[Yi|Xi] be the expected outcome and p(Xi) the propensity score as defined before, then the

model can be rewritten as

Yi −m(Xi) = (Ti − p(Xi))τ + ϵi (3)

and one can estimate τ using the following estimator, which is a semiparametrically efficient estimator under

unconfoundedness (Robinson, 1988, Chernozhukov et al., 2018b)

τ̂ =
1
n

∑n
i=1 (Yi − m̂(Xi)) (Ti − p̂(Xi))

1
n

∑n
i=1 (Ti − p̂(Xi))

2 . (4)

6A prominent example for collider bias is the low birth weight paradox. Several studies find that infants born to smokers
have higher risks for LBW and infant mortality than infants born to non-smokers. However, among infants born at LBW,
mortality is lower for those babies born to smokers, which would imply some beneficial effects of smoking (Hernández-Dı́az
et al., 2006). Similar to gestation length in figure 3, LBW is a collider. Smoking is not beneficial, but LBW infants born to
smokers have lower mortality than LBW infants born to smokers since LBW of babies born to non-smokers is due to more
detrimental causes associated with higher infant mortality, like birth defects.
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Athey et al. (2019) build on this idea, but allow the treatment effect to differ with observables. To

estimate τ(x) they rely on equation (4), but assume the treatment effect to be constant in a sufficiently

small neighborhood N(x). They use the random forest (Breiman, 2001) to find these neighborhoods where

the treatment effect is assumed to be constant.

Random forests are a combination of many full-grown regression trees (Breiman, 2001). Regression trees

split the given feature space into non-overlapping rectangular regions, also referred to as leaves. Each tree

b = 1, . . . , n is grown on a random subset sampled from the original feature space Sb ⊆ 1, . . . , n, by greedy

recursive partitioning, where we recursively choose splits, which minimize the prediction error in the sample.

For every observation that falls into a certain leaf L, a tree returns the mean of all response values of training

observations that fall into the same leaf. Averaging over all those trees’ predictions leads to the prediction

of the random forest for µ(x) = E[Yi|Xi = x]:

µ̂(x) =
1

B

B∑
b=1

n∑
i=1

Yi1({Xi ∈ Lb(x), i ∈ Sb})
|{Xi ∈ Lb(x), i ∈ Sb}|

, (5)

where Lb is the leaf containing x in tree b.

Thinking of the random forest as an adaptive kernel method, with data-adaptive kernel αi(x), we can

equivalently write

µ̂(x) =

n∑
i=1

αi(x)Yi, αi(x) =
1

B

B∑
b=1

n∑
i=1

1({Xi ∈ Lb(x), i ∈ Sb})
|{Xi ∈ Lb(x), i ∈ Sb}|

, (6)

where the weights αi(x) measures how often the i-th observation falls into the same leaf as x. These data-

adaptive kernel weights can be used to characterize the neighborhood N(x), and estimate the CATE function

as follows:

τ̂(x) =

∑n
i=1 αi(x) (Yi − m̂(Xi)) (Ti − p̂(Xi))∑n

i=1 αi(x) (Ti − p̂(Xi))
2 . (7)

In practice, the grf implementation of the causal forest fits two separate regression forests to estimate

unknown propensity scores p̂(x) and marginal outcomes m̂(x) on and makes out-of-bag predictions. With

these estimates it residualizes outcomes and treatments to grow causal trees. The splits of the trees are

chosen, so that the treatment effect within each leaf is homogeneous, while there is heterogeneity in treatment

effects between leaves. For details see Athey et al. (2019). Several trees are grown on many subsamples of

the data and averaged to build a causal forest, which is then used to derive the weights for each observation

αi(x).

The average treatment effect (ATE) can be estimated by a variant of doubly robust augmented inverse-
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propensity weighting (AIPW):

τ̂ATE =
1

n

n∑
i=1

(
τ̂(Xi) +

Ti − p̂(Xi)

p̂(Xi)(1− p̂(Xi))
(Yi − m̂(Xi)− (T − p̂(Xi))τ̂(Xi))

)
(8)

=
1

n

n∑
i=1

(
µ̂(1)(Xi)− µ̂(0)(Xi) +

Ti

ˆp(Xi)
(Yi − µ̂1(Xi))−

1− Ti

1− ˆp(Xi)
(Yi − µ̂0(Xi))

)
, (9)

where µ(T )(Xi) = E[Yi|Xi, Ti] = m(Xi) + (Ti − p(Xi))τ(Xi). Cross-fitting is used to avoid overfitting, for

both the ATE and CATE prediction. The propensity score and outcomes models are trained on one part

of the data (auxiliary sample), whereas the causal forest is estimated on another part of the data (main

sample). To not loose half of the observations, we can switch the roles of the main and the auxiliary samples

and report averaged results. See Chernozhukov et al. (2018a) for details on cross-fitting.

3.4 Assessing Treatment Effect Heterogeneity

To judge whether there is heterogeneity and whether the estimated τ(x) on average captures the ATE well,

we use a calibration test. For this test we run the following regression, inspired by the BLP in Chernozhukov

et al. (2018b), but adapted for estimation in observational settings:

Y − m̂(x) = β1(Ti − p̂(Xi))¯̂τ(x) + β2(Ti − p̂(Xi)) ∗ (τ̂(x)− ¯̂τ(x)), (10)

where (Ti − p̂(Xi))¯̂τ(x) refers to the mean forest prediction and (Ti − p̂(Xi)) ∗ (τ̂(x) − ¯̂τ(x)) to the

differential forest prediction. A coefficient β1 close to 1 suggests that the mean forest prediction is correct.

The p-value of the β2 coefficient acts as an omnibus test for the presence of heterogeneity. If β2 is significantly

different from 0, we can reject the null of no heterogeneity.

Following Zenzes (2022), we will additionally use an effect decomposition to uncover differences in treat-

ment effects solely attributable to a single variable. The decomposition allows us to detect mothers’ char-

acteristics for which we can find large differences in treatment effects while keeping all other characteristics

fixed. This decomposition is based on a decomposition approach by Chernozhukov et al. (2013) that makes

use of the counterfactual distribution. We split the sample into non-overlapping populations based on a

variable of interest and decompose the treatment effect for individuals in these populations. We decompose

the treatment effect difference into the structural effect, which arises due to differences in treatment effect

for individuals with the same characteristics, and the compositional effect arising from differences in the

characteristics between the groups. Using this decomposition on the estimated heterogeneous treatment

effect allows for detecting the direct effect of a variable on the treatment effect (structural effect) and helps

to identify sources of heterogeneity.

Considering two non-overlapping populations j, k ∈ K, the observed differences in the treatment effects
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can be decomposed as

Fτ⟨k|k⟩(y)− Fτ⟨j|j⟩(y)︸ ︷︷ ︸
Total Effect

= [Fτ⟨k|k⟩(y)− Fτ⟨j|k⟩(y)]︸ ︷︷ ︸
Structural Effect

+ [Fτ⟨j|k⟩(y)− Fτ⟨j|j⟩(y)]︸ ︷︷ ︸
Compositional Effect

. (11)

Fτ⟨k|k⟩(y) is the observed distribution function of τ(x) for population k. Fτ⟨j|k⟩(y) represents the counter-

factual distribution function of τ that would have prevailed for population k, if they faced populations j’s

distribution of τ . It can also be interpreted as the distribution function of τ that would have prevailed

for population j, if they faced population k’s covariate distribution. The derived decomposition shows the

variation along the whole distribution of treatment effects. For details on the procedure, see algorithm 1 in

appendix C and Zenzes (2022).

3.5 Fixed Effects Regression Analysis

To be able to compare estimates with previous studies and to get a better understanding of how different

temperature bins affect health at birth to determine meaningful binary weather shocks, we model the effect

of temperature and rain exposure during pregnancy as follows:

Yicmy = α+

n∑
k=1

βkTicmy + γWcmy + θXicmy + ηc + µm + νy + σs + µmxηc + ϵicmy, (12)

where the dependent variable Yicmy is the birth outcome of infant i, in county c and month m and year y.

The key variable of interest is Ticmy, which is the count of days during pregnancy, where the temperature or

rainfall lies in bin k. The vector Wcmy contains several weather controls, such as average rainfall, snowfall,

and sunshine in county c, month m, and year y. Xicmy contains a set of maternal and child characteristics,

such as mother’s age, educational attainment, marital status, sex of child, prenatal care, and birth order.

Additionally, we control for several fixed effects, on the county of residence ηc, month of birth µm, year of

birth νy, and state level σs. Standard errors are clustered at the county level. By controlling for these fixed

effects, we control for seasonality in birth outcomes, structural differences between places of residence and

the selection into places of residence and hence climate of residence.

To further assess how different timing of certain shocks during pregnancy alter the effect, we estimate

the following specification:

Yicmy = α+

n∑
k=1

βTR
k TTR

icmy + γWcmy + θXicmy + ηc + µm + νy + σs + µmxηc + ϵicmy, (13)

where we now look at the effects in the different trimesters of pregnancy. The variables of interest TTR
icmy

either corresponds to TTR1
icmy, T

TR2
icmy, or T

TR3
icmy which are counting the days the temperature (or rainfall) falls

in bin k in each trimester of pregnancy. TR1, TR2, and TR3 are the indicators for the first, second, and

third trimesters of pregnancy respectively. All other variables are defined as in equation (12).
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4 Results

4.1 Temperature Effects

Table 3 presents estimates of the effect of temperature on several birth outcomes of interest. The results

displayed follow equation (12), so the estimates show the effect of an additional day in a certain temperature

bin compared to a day in the reference bin, which is 0-24◦C. Column (1) shows the effect of temperature

on standardized birth weight. Consistent with the literature, we find significant, but economically small

negative effects of an additional day in hot temperatures on standardized birth weight, compared to a

day in the reference temperature. Especially very hot temperatures show a significant reduction of −0.001

(corresponding to −0.48 grams), whereas the effect of exposure to less hot temperatures is smaller. On

the other extreme of the temperature distribution, we observe positive effects, but these do not increase

with lower temperatures. Controlling for mother’s characteristics (column (2)) and average weather in the

pregnancy months does not change the estimates much. Regarding the effect on SGA birth (columns (3)

and (4)), we observe effects very close to zero. However, the same pattern as for birth weight is visible. Hot

temperatures increase SGA births, whereas lower temperatures decrease SGA births. For the standardized

Apgar score, we see mostly insignificant and very small effects of exposure to temperature extremes. Only

extreme heat (above 32◦C) shows significant positive effects on the Apgar score in both specifications.

In summary, there are negative effects of exposure to hot temperatures and small positive effects of cold

exposure on birth weight. Effects are particularly strong for extreme temperatures above 32 ◦C. Overall,

effects most profound in the second and third trimesters (see appendix D). This is well in line with findings

from the literature. Comparing the effect size found to other studies, we find very similar economically small

effects as previous studies. Deschênes et al. (2009) also study births in the US and find reductions in birth

weight of around 0.003 to 0.009 percent for exposure to temperatures higher than 30 ◦C. This corresponds

to changes of 0.102 to 0.3 grams. Chen et al. (2020) study births in rural China and find reductions of birth

weight by 1.66 grams for temperatures above 28 ◦C. Estimates from both studies perfectly align with our

average effects found. We see slightly different estimates, given that our temperature bins are not exactly

comparable.

4.2 Heat Shock Effects

We want to understand possible heterogeneity in the effect of temperature on birth outcomes. This analysis

focuses on temperature exposure only, given that rainfall exposure has no significant effect on the outcomes

of interest (see appendix E). The results in table 3 motivate our shock definition. Since exposure to hot

temperatures showed the largest, robust effects on birth weight, we will focus on the heterogeneity in the

effect of extreme temperature shocks on birth weight-related outcomes.

When estimating the propensity score for the entire sample we encounter problems of weak overlap. A

lot of mass is concentrated at zero. This is because the temperature shock is not exogenous, given its strong
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Table 3: Temperature Effects

Dependent Variables: Standardized Birth Weight SGA Standardized Apgar Score
Model: (1) (2) (3) (4) (5) (6)

Variables
Avg. Temp. <-8◦C 0.4083∗∗∗ 0.1418 -0.0659∗∗∗ -0.0027 -0.2954 -0.1987

(0.0840) (0.1174) (0.0243) (0.0252) (0.2112) (0.2436)
Avg. Temp. -8 - -4 ◦C 0.5469∗∗∗ 0.3567∗∗∗ -0.1315∗∗∗ -0.0970∗∗∗ 0.1979 0.3773

(0.0973) (0.0890) (0.0238) (0.0249) (0.2700) (0.2736)
Avg. Temp. -4 - 0 ◦C 0.6056∗∗∗ 0.2629∗∗∗ -0.1264∗∗∗ -0.0499∗∗∗ -0.0059 0.1224

(0.0703) (0.0968) (0.0156) (0.0192) (0.1449) (0.1592)
Avg. Temp. 24 - 28 ◦C -0.1439∗∗ -0.3211∗∗∗ -0.0127 0.0357∗∗ -0.1129∗ -0.1012

(0.0644) (0.0787) (0.0123) (0.0149) (0.0625) (0.0708)
Avg. Temp. 28 - 32 ◦C -0.2833∗∗∗ -0.4122∗∗∗ 0.0123 0.0436∗∗ -0.0714 -0.0196

(0.0823) (0.0932) (0.0163) (0.0177) (0.0914) (0.1175)
Avg. Temp. >32 ◦C -1.0404∗∗∗ -1.1810∗∗∗ 0.1349∗∗∗ 0.1758∗∗∗ 0.4340∗∗ 0.5180∗∗∗

(0.1109) (0.1142) (0.0263) (0.0217) (0.1734) (0.1806)
Weather Controls Yes Yes Yes
Mother’s Characteristics Yes Yes Yes

Fixed-effects
Year of Birth Yes Yes Yes Yes Yes Yes
Month of Birth Yes Yes Yes Yes Yes Yes
County Yes Yes Yes Yes Yes Yes
State Yes Yes Yes Yes Yes Yes
Month of Birth-County Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 19,865,677 18,595,704 19,865,677 18,595,704 19,865,677 18,595,704
R2 0.0092 0.0900 0.0039 0.0376 0.0265 0.0283
Within R2 0.0000 0.0815 0.0000 0.0338 0.0000 0.0025

Notes: Entries show the coefficient on the relevant Temp. exposure measure, scaled by 1000 for ease of
reading. This means that a one-unit change in Avg. Temperature <-8◦C is associated with a 0.0004 unit
change in standardized birth weight in column (1), holding all other variables constant. Samples uses
all birth in counties with more than 100,000 inhabitants and no missing information in the variables of
interest. Weather controls include average rainfall, average sunlight, and average snowfall in the 9 month
after pregnancy start. Mother’s controls include mother’s age, mother’s race, mother’s Hispanic origin,
mother’s education, marital status, sex of child, month prenatal care began, number of prenatal visits, birth
order, smoking during pregnancy, diabetes, and hypertension.
Standard errors clustered by County of residence in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Figure 4: Propensity Score estimate for heat shock exposure

Note: The propensity of heat shock exposure was estimated using a random forest. Dashed lines indicate
the borders to trim the propensity score for sufficient overlap.

correlation with the location and some locations never experience a heat shock. To have better overlap,

we therefore exclude states, that either show no exposure at all or very weak overlap. The excluded states

are Connecticut, Delaware, Maine, Massachusetts, New Hampshire, New York, Rhode Island, Pennsylvania,

Vermont, and Virginia. So, we exclude all states in the North East. To further ensure sufficient overlap, we

employ an asymmetric propensity score trimming approach by Stürmer et al. (2010). They first discard all

observations in regions without overlap in estimated propensities of treated and untreated observations. In

the second step, they derive an upper and lower bound to trim the propensity score estimates. For the lower

end, they use the lowest 0.01 percentile of the propensity score estimated for treated observations. At the

upper end of the propensity score distribution, they use a restriction based on the highest 0.99 percentile of

propensity scores in the untreated population. Following this approach results in the borders indicated in

figure 4.

Table 4: Average Treatment Effect of Heat Shock during pregnancy

ATE Std. Error

Standardized Birth Weight -0.0124∗∗∗ 0.0042
SGA 0.0042∗∗∗ 0.0014

Notes: ATE is estimated using the inverse-propensity weighting in equa-
tion (8).
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Figure 5 shows a histogram of the estimated CATE of the heat shock on standardized birth weight and

the ATE with corresponding 95% confidence intervals. The average treatment effect is −0.0124 (see table 4)

and is significantly different from zero. It corresponds to a reduction of around 6 grams of birth weight. The

calibration test in table 5 indicates heterogeneity being present. The coefficient for ‘mean.forest.prediction‘

is close to 1, suggesting, that the mean forest prediction is correct. We can additionally reject the null of no
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Figure 5: CATE of heat shock on standardized birth weight

Note: The histogram shows the estimated CATE of heat shock on standardized birth weight. CATE is
estimated using a causal forest using the grf R-package. The solid red line shows the ATE and corresponding
95% confidence intervals. These are estimated using the grf R-package by doubly robust augmented inverse
propensity weighting.

Figure 6: CATE of heat shock on SGA birth

Note: The histogram shows the estimated CATE of heat shock on SGA birth. CATE is estimated using a
causal forest using the grf R-package. The solid red line shows the ATE and corresponding 95% confidence
intervals. These are estimated using the grf R-package by doubly robust augmented inverse propensity
weighting.
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heterogeneity being present since the coefficient of ‘differential.forest.prediction‘ is significantly greater than

0.

Figure 6 displays the CATE estimates for the effect of a heat shock in small for gestational age birth. We

observe a small but significant increase in SGA rate of 0.0042 (see table 4). So, on average, the heat shock

affects infants on the lower end of the birth weight distribution, which are most vulnerable. The results of

the calibration test in table 5 show that the average treatment effect estimate is correct, however the test

cannot detect substantial heterogeneity in the effect.

Table 5: Calibration Test Results

Birth Outcome Variables Estimate Std. Error t value Pr(>t)

Std. Birth Weight
mean.forest.prediction 0.9520 0.4352 2.1877 0.0143

differential.forest.prediction 0.2056 0.0871 2.3598 0.0091

SGA Birth
mean.forest.prediction 0.9653 0.3581 2.6953 0.0035

differential.forest.prediction -0.0965 0.0974 -0.9906 0.8391

Notes: Best linear fit using forest predictions (on held-out data) as well as the mean
forest prediction as regressors, along with standard errors, as described in equation (10).

Given that the literature agrees on negative effects of in-utero exposure to heat events on health at

birth, the results displayed in figure 5 are questionable. While it makes sense, that some mothers can cope

better with heat wave exposure than others, questions arise from the positive effect found. These results

were robust to different propensity score estimation and trimming approaches and inclusion and exclusion

of several characteristics of the mother. While we do not support the idea of positive effects of heat waves

exposure, we still think it is appropriate to analyze differences in groups with strong negative (most affected)

and strong positive (least affected) groups to uncover structural differences between them.

To be able to characterize the group most vulnerable to heat shocks, we will compare the average

characteristics of 10% most and 10% least affected groups. Most affected refers to mothers with the strongest

negative effect and least affected to mothers with estimated positive effect. Table 6 shows this comparison.

Most and least affected groups differ a lot by their characteristics, especially when it comes to mother’s

race, Hispanic origin, and education. The 10% most affected group comprises a lot more black and Mexican

mothers than the least affected group. Also, the education level of the most affected group is lower than

that of the least affected group. On average, most affected mothers are 2 years younger and less likely to be

married. We don’t observe a large difference in birth order or smoking during pregnancy, but lower prenatal

visits and lower weight gain in the group of most affected mothers. Comparing average exposure to different

weather measures, we do not find a large difference between the two groups.

To further evaluate drivers of heterogeneity, we decompose differences in estimated treatment effects

for groups into the effect of a single variable, while keeping the other characteristics comparable. So the

decomposition follows the procedure in 1. Given that the differences found between most and least affected

groups (table 6) were mostly regarding the mother’s age, race, Hispanic origin, and weight gain, we restrict

the decomposition analysis to these factors. Figure 7 shows the full decomposition for mother’s age. For all
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Table 6: 10% most and least affected mothers

10% most affected 10% least affected
Variables Mean SD Mean SD Normalized Difference

Mothers Characteristics
Mother’s Age 26.61 6.03 28.61 6.43 -0.23
Married 0.73 0.45 0.85 0.36 -0.22
Race - White 0.69 0.46 0.85 0.35 -0.28
Race - Black 0.28 0.45 0.11 0.32 0.30
Race - Other 0.03 0.17 0.03 0.18 -0.01
Non-Hispanic 0.81 0.39 0.90 0.30 -0.19
Hispanic - Mexican 0.15 0.36 0.03 0.17 0.30
Hispanic - Other 0.04 0.20 0.07 0.25 -0.09
Education - <HS 0.07 0.25 0.02 0.14 0.16
Education - Highschool 0.15 0.36 0.08 0.26 0.17
Education - some College 0.53 0.50 0.56 0.50 -0.04
Education - College + 0.25 0.43 0.35 0.48 -0.15
Smoking during Pregnancy 0.07 0.26 0.10 0.29 -0.05
Cigarettes during Pregnancy 1.03 6.02 1.47 7.38 -0.05
Weight Gain in pounds 29.01 12.06 32.89 14.33 -0.21
Prenatal Care Visits 11.45 3.77 12.79 3.90 -0.25
Month Prenatal Care Began 2.51 1.53 2.16 1.21 0.18
Birth Order 2.30 1.34 2.29 1.44 0.00

Infant Characteristics
Birth Weight in grams 3339.78 480.77 3414.37 480.37 -0.11
Standardized Birth Weight -0.14 1.01 -0.01 1.01 -0.09
Low Birth Weight 0.05 0.21 0.04 0.19 0.03
Small for Gestational Age 0.13 0.33 0.10 0.30 0.05
5-min. APGAR Score 8.94 0.55 8.96 0.54 -0.02
Gestation Length 38.95 1.81 39.10 1.75 -0.06
Preterm Birth 0.17 0.38 0.15 0.36 0.05
Assisted Ventilation 0.02 0.14 0.02 0.13 0.00
Male 0.51 0.50 0.51 0.50 -0.00

Weather
Average Temperature 16.46 4.78 17.24 4.75 -0.12
Average Rainfall 2.82 1.22 3.02 1.13 -0.12
Average Snowfall 0.93 1.92 0.72 1.50 0.09
Average Sunlight 16902.66 1997.23 17159.06 1894.14 -0.09
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other possibly modifying factors, we will only display the structural effect, as it is the main effect of interest.

Figure 7 follows the implementation steps as described in procedure 1, repeated 5 times using different

random splits into a main and auxiliary sample. The differences refer to the baseline group of mothers aged

10-23. We report confidence bands for α = 0.05, meaning we use bootstrap confidence bands for confidence

level 0.975 but discount for splitting uncertainty, resulting in a confidence level of 0.95. The x-axis of the plot

shows the quantile index, lower quantiles show the most harmful effects. The y-axis displays the differences

in treatment effects. The top left plot shows the quantiles of the observed CATE cumulative distribution

(solid line) and counterfactual distribution that would have prevailed for other groups if they faced the

reference group’s distribution of characteristics (dashed line). The top right shows the total effect, which is

the observed difference between each group’s CATE distribution and the CATE distribution of the baseline

group. The bottom left displays the structural effect, which is our main effect of interest. It shows the

difference only associated with the mother’s age. Characteristics of groups are kept comparable by using

the counterfactual distribution. This difference is always relative to the reference group. The bottom right

shows the compositional effect, which is the difference associated with differences in group characteristics,

leaving out mother’s age.

We find a weak modifying effect for mother’s age in the effect of a heat shock on standardized birth

weight. The total effect indicates significant differences between mothers younger than 27 and older than

27. Similarly, the compositional effect shows that there are strong differences in treatment effects given

differences in group composition, especially for older mothers. However, the structural effect does not reveal

significant differences between mothers in different age groups. For mothers aged 27 to 32, we can detect

weakly significant mitigating effects associated with age. At lower quantiles, there are significant amplifying

effects for older mothers, but these fade with increasing quantile index. For mothers aged 23 to 27, we cannot

find any difference compared to our reference group.

While we detected significant differences between most and least affected groups regarding their race,

Hispanic origin, and education, the decomposition does not confirm this observation. We do observe that

differences in race tend to amplify effects, but these are not significantly different from zero (figure 8).

Similarly, we cannot detect significant modification by Mexican or other Hispanic origins (figure 9) or any

level of mother’s education (figure 10). Only the decomposition for weight gain during pregnancy reveals

weak mitigating effects for excessive weight gain (figure 11).

In summary, this means that while we can detect differences in most and least affected groups, we are

unable to clearly describe the drivers of heterogeneity found, apart from a weak effect modification by

age and weight gain. This means that heterogeneity is not driven by race, Hispanic origin, education, or

corresponding associated factors on their own. Keeping other characteristics comparable fully removes any

modification effect attributable to race or other strongly associated factors. The actual drivers might be a

combination of certain factors or circumstances that are more complex to measure. The decomposition thus

shows that we can rule out the mother’s race, Hispanic origin, and education as single driving factors of

heterogeneity.
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Figure 7: Standardized Birth Weight - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of a heat shock during pregnancy on standardized birth weight by mother’s age. It shows the quantiles of
the cumulative distribution function of each group and their counterfactual distribution (top left), the total effect difference (top right), structural effect (bottom left)
and compositional effect (bottom right) difference between each group and the reference group. The counterfactual distribution and decomposition are derived with
respect to the reference group which are mothers aged 10 to 23 (the lowest age quartile). Decomposition follows the procedure described in 1. Total, structural and
compositional effect are defined as in 11. Positive difference corresponds to effect mitigation with increasing age, whereas negative difference corresponds to effect
amplification with increasing age respectively. Shaded areas show 95% confidence intervals.
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Figure 8: Standardized Birth Weight- Structural Effect of Mother’s Race
Figure 9: Standardized Birth Weight- Structural Effect of Mother’s Hispanic
Origin

Figure 10: Standardized Birth Weight- Structural Effect of Mother’s Education Figure 11: Standardized Birth Weight- Structural Effect of Weight Gain

Note: The figure shows the structural effect decomposition of the effect of a heat shock during pregnancy on standardized birth weight for different potentially modifying
factors. Decomposition follows the procedure described in 1. Positive difference corresponds to effect mitigation, whereas negative difference corresponds to effect
amplification respectively. Shaded areas show 95% confidence intervals.
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4.3 Placebo Test

Table 7 presents the results of a ”placebo test” in which we estimate the effect of a heat shock that occurred

six months after birth. A heat shock after the date of birth is known to have no causal effect on birth

outcomes. But if our estimates of the treatment effect of heat shocks during pregnancy only reflect trends in

the birth outcomes or an omitted variable, we might as well see significant effects of the placebo shock. In

addition, this serves as an indirect test to assess plausibility of the unconfoundedness assumption. Finding

a significant effect of the heat shock happening after birth would make the unconfoundedness assumption

less plausible.

Table 7: Placebo Test: Average Treatment Effect of shock 6 months after birth

ATE Std. Error

Standardized Birth Weight -0.0049 0.0053
SGA 0.0012 0.0017

Notes: ATE is estimated using the inverse-propensity weighting in equa-
tion (8).
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

We find no significant average treatment effect of the heat shock 6 months after birth on either standard-

ized birth weight or small for gestational age birth. As expected, the magnitude of effects is smaller than in

the main analysis. Overall, the placebo test supports the effectiveness of our strategy in identifying causal

impacts of heat shock exposure on health at birth.

5 Discussion

How does temperature exposure during pregnancy influence infants’ health at birth? And who is most prone

to climate change related health risks? This study evaluates the effects of temperatures and rain exposure

on several outcomes for health at birth and study heterogeneity in these effects. It is the first to analyze

heterogeneity in the effects of temperature shocks on infants’ health at birth in a structured way and to shed

a light on the possible mechanism of how these exposures work.

We show that there is strong heterogeneity in the effect of heat shocks on health at birth, which has

not been studied in detail before. Analysis reveals that especially babies born to black, Mexican, and low-

educated mothers are disproportionately prone to climate-related health risks. Given the combination of

race, Hispanic origin, and lower education, it seems like disadvantaged populations are most prone to health

risks of in-utero exposure to health at birth. A possible explanation might be the lack of protection. These

mothers might not have the possibility to stay inside, since they might need to work outside and do not

have access to air conditioning in their homes. Unfortunately, we do not have data available to explore this

mechanism further. These racial health disparities have not been explored in detail in the literature, but

given the diversity in the US population, it is imperative to understand how climate change impacts infants
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born to mothers of different racial and ethnic backgrounds. This can aid in identifying whom to target for

the prevention of heat-associated morbidity.

For the fixed effects regression estimation approach, which is often used in the literature, we highlight

problems arising from a mechanical correlation of gestation length and the exposure measures and discuss

possible solutions. We find a significant effect on both sides of the temperature distribution, where cold

temperatures positively affect standardized birth weight-related measures and gestation, whereas hot days

negatively affect birth outcomes. Especially in the second and third trimesters, where the fetus grows most,

the effects are strongest. Given the mechanical correlation between gestation length and the exposure, it

is hard to gather insights into the effects of temperature exposure on gestation length. However, effects in

the first and second trimesters, which are not prone to this mechanical correlation, show that extreme heat

negatively affects gestation length.

There are however some limitations to our empirical approach. First, we only observe effects on live

births in our data. Since the data does not include any information on miscarriage and stillbirth, we cannot

measure the effects on most vulnerable infants, who did not survive up until the time of birth. Therefore, we

expect our estimates for average effects to be a lower bound for the actual effect of temperature and weather

exposure on health at birth. Second, we cannot control for mothers’ mobility and actual temperature

exposure. While we have information on the mother’s county of residence, we cannot track the mother’s

mobility patterns. Additionally, we do not know whether she experienced any hot temperatures or if she was

able to protect herself from extreme temperatures through heating, air conditioning, or location changes.

From this perspective, our exposure measure is only a proxy for actual temperature and weather exposure.

Third, the heterogeneity analysis unexpectedly reveals possible positive effects of heat wave exposure. As

the literature agrees on negative effects of extreme heat on infants’ health at birth and human health in

general, we question these positive treatment effects found. This might point toward a possible adaptation

the causal forest algorithm. In situations where the researcher has a strong prior about the effect to be

estimated, solving the estimation problem under the constraint of negative treatment effects would be a

possible extension of the algorithm.

Despite these limitations, this study provides important evidence of how temperature and extreme heat

events affect health at birth and shed a light on heterogeneity in these effects. It introduces cutting-edge

machine learning techniques to uncover heterogeneity in the effect of environmental factors on infant health

and highlights the potential of machine learning approaches. Given the growing number of extreme weather

events due to climate change and overall global warming, our results point out the most vulnerable groups

which should be protected further from temperature and weather-related shocks.
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Appendix

A Weather Data Overview

Figure A.1: Counties with a population larger than 100,000 included in the analysis

Figure A.2: Counties with sufficient overlap in propensity score estimates
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Figure A.3: Average count of days in temperature bins per month

Figure A.4: Average count of days in rainfall bins per month

B Mechanical Correlation of Gestation and Temperature Expo-

sure

Table A.1 turns to an illustration of the mechanical correlation between gestation length and temperature

exposure and the resulting problems with estimated effects. The estimates show effect patterns for the first

and second trimesters, which are in line with what we found for the standardized outcomes. However, turning

to the effects in the third trimester, we observe very large positive effects. The large positive effects arise from

the mechanical correlation between gestation length and exposure to temperature. These mainly measure

the effect of an additional day of the pregnancy rather than the actual effect of temperature exposure. This

is because not all pregnancies observed last 9 months. We might therefore compare very lightweight preterm

babies to full-term babies, whose count in each temperature bin is most likely to be larger, given a longer

gestation length. Therefore, we see large positive effects of the exposure, rather than the expected smaller
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effects.

C Decomposition

Algorithm 1: Effect Decomposition

Repeat multiple times using different random splits into auxiliary and main sample:
• Split the sample into auxiliary (A) and main sample (M)

• On Auxiliary sample: train the causal forest

• On Main sample:

– Obtain estimates τ̂(x) of the treatment effect via the causal forest trained on A

– Define number of populations k ∈ K based on the partitioning variable X∗ ∈ X (continuous
variables need to be categorized)

– ∀k ∈ K \ {0}: decompose total difference between the treatment effect in each group k and the
reference group 0 into structural and compositional effect

∗ Obtain estimates F̂Xk
of the covariate distributions FXk

via

F̂Xk
(x) = 1

nk

∑nk

i=1 1{Xki≤x}, k ∈ K
∗ Obtain estimates F̂τ(x)(0)|X0

of the conditional distribution via
FY |X(y|x) = Λ(P (x)′β(y)), ∀y ∈ Y

∗ Obtain estimates of the counterfactual distributions via
Fτ⟨j|k⟩(y) :=

∫
Xk

Fτj |Xj
(y|x)dFXk

(x)

∗ Obtain decomposition via

Fτ⟨k|k⟩(y)− Fτ⟨j|j⟩(y)︸ ︷︷ ︸
Total Effect

= [Fτ⟨k|k⟩(y)− Fτ⟨j|k⟩(y)]︸ ︷︷ ︸
Structural Effect

+ [Fτ⟨j|k⟩(y)− Fτ⟨j|j⟩(y)]︸ ︷︷ ︸
Compositional Effect

Note: This effect decomposition algorithm can also be used for quantiles by using following transformation

Qτ⟨j|k⟩(y) := F−1
τ⟨j|k⟩(p), p ∈ (0, 1).

D Temperature Effects - Trimester

We further analyze sensitivity to the timing of the temperature exposure. Table A.2 shows the effects

separately for each trimester, following equation (13). Results are not sensitive to including additional

controls such as weather and mother’s fixed effects, see ??. For standardized birth weight (columns (1), (2),

(3)), we observe an increase in effect size with increasing pregnancy length. The effects of exposure to hot

temperatures are most harmful in the second and third trimester. For the effects of cold exposure, we do

only observe an increase in the third trimester. Regarding SGA, there is no strong effect in either the first

or the second trimester. Significant effects are concentrated in the third trimester. Effects of temperature

exposure on standardized Apgar Score are mostly not significant, exceptions are an increase in Apgar score

found for extreme heat in the first and second trimester and a decrease for mild warm temperatures between

24-28◦C in the third trimester.
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Table A.1: Trimester Temperature Effects: Mechanical Correlation

Dependent Variables: Birth Weight Gestation Length
Model: (1) (2) (3) (4) (5) (6)

Variables
TR1: Avg. Temp. < −8◦C 0.0170 -0.0001

(0.0450) (0.0003)
TR1: Avg. Temp. -8 - -4 ◦C 0.0774 0.0000

(0.0513) (0.0003)
TR1: Avg. Temp. -4 - 0 ◦C 0.0308 -0.0005∗∗

(0.0354) (0.0002)
TR1: Avg. Temp. 24 - 28 ◦C -0.0045 -0.0004∗∗

(0.0310) (0.0002)
TR1: Avg. Temp. 28 - 32 ◦C -0.0075 -0.0008∗

(0.0451) (0.0004)
TR1: Avg. Temp. ¿32 ◦C -0.1618 -0.0001

(0.1158) (0.0008)
TR2: Avg. Temp. < −8◦C -0.0164 0.0004

(0.0520) (0.0002)
TR2: Avg. Temp. -8 - -4 ◦C 0.0151 -0.0004

(0.0561) (0.0003)
TR2: Avg. Temp. -4 - 0 ◦C -0.1307∗∗∗ -0.0004∗

(0.0418) (0.0002)
TR2: Avg. Temp. 24 - 28 ◦C -0.1174∗∗∗ -0.0006∗∗∗

(0.0259) (0.0002)
TR2: Avg. Temp. 28 - 32 ◦C -0.1304∗∗∗ -0.0003

(0.0415) (0.0003)
TR2: Avg. Temp. > 32 ◦C -0.4329∗∗∗ -0.0010

(0.0633) (0.0008)
TR3: Avg. Temp. < −8◦C 7.9138∗∗∗ 0.0770∗∗∗

(0.3602) (0.0037)
TR3: Avg. Temp. -8 - -4 ◦C 5.2416∗∗∗ 0.0483∗∗∗

(0.2737) (0.0026)
TR3: Avg. Temp. -4 - 0 ◦C 10.9569∗∗∗ 0.1043∗∗∗

(0.3304) (0.0035)
TR3: Avg. Temp. 24 - 28 ◦C 7.9763∗∗∗ 0.0817∗∗∗

(0.1633) (0.0017)
TR3: Avg. Temp. 28 - 32 ◦C 6.1534∗∗∗ 0.0646∗∗∗

(0.2224) (0.0025)
TR3: Avg. Temp. > 32 ◦C 6.7083∗∗∗ 0.0743∗∗∗

(0.2554) (0.0028)
Weather Controls Yes Yes Yes Yes Yes Yes
Mother’s Characteristics Yes Yes Yes Yes Yes Yes

Fixed-effects
Year of Birth Yes Yes Yes Yes Yes Yes
Month of Birth Yes Yes Yes Yes Yes Yes
County Yes Yes Yes Yes Yes Yes
State Yes Yes Yes Yes Yes Yes
Month of Birth-County Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704
R2 0.1105 0.1105 0.1295 0.0402 0.0402 0.1841
Within R2 0.1002 0.1002 0.1195 0.0295 0.0295 0.1750

Notes: Entries show the coefficient on the relevant temperature exposure measure. Samples uses all birth in counties with more
than 100,000 inhabitants and no missing information in the variables of interest. Weather controls include average rainfall,
average sunlight, and average snowfall in the 9 month after pregnancy start. Mother’s controls include mother’s age, mother’s
race, mother’s Hispanic origin, mother’s education, marital status, sex of child, month prenatal care began, number of prenatal
visits, birth order, smoking during pregnancy, diabetes, and hypertension. Standard errors clustered by County of residence in
parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table A.2: Trimester Temperature Effects

Dependent Variables: Standardized Birth Weight SGA Standardized Apgar Score
Model: (1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables
TR1: Avg. Temp. ¡-8◦C 0.0694 0.0404 -0.3315

(0.0931) (0.0275) (0.2334)
TR1: Avg. Temp. -8 - -4 ◦C 0.1546 -0.0261 0.3827

(0.1038) (0.0266) (0.2754)
TR1: Avg. Temp. -4 - 0 ◦C 0.1807∗∗ -0.0078 -0.0037

(0.0725) (0.0189) (0.1486)
TR1: Avg. Temp. 24 - 28 ◦C 0.0887∗ -0.0204 0.0388

(0.0538) (0.0140) (0.0708)
TR1: Avg. Temp. 28 - 32 ◦C 0.0902 -0.0346∗∗ -0.0054

(0.0605) (0.0171) (0.0939)
TR1: Avg. Temp. > 32 ◦C -0.2429∗ 0.0637∗∗∗ 0.4349∗∗∗

(0.1288) (0.0231) (0.1571)
TR2: Avg. Temp. < −8◦C -0.0979 0.0330 -0.0808

(0.1148) (0.0302) (0.2343)
TR2: Avg. Temp. -8 - -4 ◦C 0.0858 -0.0834∗∗ 0.2481

(0.1219) (0.0335) (0.2775)
TR2: Avg. Temp. -4 - 0 ◦C -0.1895∗∗ 0.0302 0.0661

(0.0860) (0.0222) (0.1641)
TR2: Avg. Temp. 24 - 28 ◦C -0.0815 -0.0021 -0.0992

(0.0530) (0.0139) (0.0733)
TR2: Avg. Temp. 28 - 32 ◦C -0.1102∗ 0.0183 -0.0633

(0.0609) (0.0200) (0.0967)
TR2: Avg. Temp. > 32 ◦C -0.5523∗∗∗ 0.0612∗∗∗ 0.5212∗∗∗

(0.0880) (0.0176) (0.1589)
TR3: Avg. Temp. < −8◦C 0.3122 -0.0691 -0.2026

(0.2270) (0.0481) (0.2616)
TR3: Avg. Temp. -8 - -4 ◦C 0.6775∗∗∗ -0.1600∗∗∗ 0.3490

(0.1902) (0.0435) (0.2903)
TR3: Avg. Temp. -4 - 0 ◦C 0.8087∗∗∗ -0.1697∗∗∗ 0.2743

(0.2186) (0.0413) (0.1766)
TR3: Avg. Temp. 24 - 28 ◦C -0.8682∗∗∗ 0.1283∗∗∗ -0.2701∗∗∗

(0.1379) (0.0258) (0.0947)
TR3: Avg. Temp. 28 - 32 ◦C -1.0127∗∗∗ 0.1313∗∗∗ 0.0743

(0.1579) (0.0267) (0.1979)
TR3: Avg. Temp. > 32 ◦C -1.8491∗∗∗ 0.2694∗∗∗ -0.1215

(0.0852) (0.0533) (0.2480)
Weather Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Mother’s Characteristics Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fixed-effects
Year of Birth Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month of Birth Yes Yes Yes Yes Yes Yes Yes Yes Yes
County Yes Yes Yes Yes Yes Yes Yes Yes Yes
State Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month of Birth-County Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704
R2 0.0900 0.0900 0.0901 0.0376 0.0376 0.0376 0.0283 0.0283 0.0283
Within R2 0.0815 0.0815 0.0816 0.0338 0.0338 0.0338 0.0025 0.0025 0.0025

Notes: Entries show the coefficient on the relevant temperature exposure measure, scaled by 1000 for ease of reading. This means that a one-unit change in Avg. Temp.
<-8◦C is associated with a 0.0004 unit change in standardized birth weight in column (1), holding all other variables constant. Samples uses all birth in counties with more
than 100,000 inhabitants and no missing information in the variables of interest. Weather controls include average rainfall, average sunlight, and average snowfall in the 9
month after pregnancy start. Mother’s controls include mother’s age, mother’s race, mother’s Hispanic origin, mother’s education, marital status, sex of child, month prenatal
care began, number of prenatal visits, birth order, smoking during pregnancy, diabetes, and hypertension.
Standard errors clustered by County of residence in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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E Rainfall Effects

We additionally analyze effects of rainfall exposure. Table A.3 shows the results of equation (12) for exposure

to rainfall using our preferred specification including mother’s characteristics and weather controls. Milder

rainfall of 10 to 50 mm per day shows slightly positive effects compared to exposure to rainfall between 0 and

10mm. Exposure to very extreme rainfall shows a weakly significant reduction of 0.0034 which corresponds

to a reduction of 1.63 grams on average. Including additional controls (column (2)), none of the estimated

effects remains significant. Similarly, we cannot observe any significant effect of rainfall on SGA birth (column

(4)), indicating that most vulnerable infants are not affected by rainfall. For the standardized Apgar score,

we see a significant reduction in exposure to extreme rainfall. Similarly, we cannot find significant effects

of any rainfall bin when analyzing trimester-specific settings as specified in equation (13). See table A.4 for

effect estimates for rainfall exposure. We therefore cannot find significant effects of rainfall exposure on any

of the outcomes of health at birth. No effects of rainfall on health at birth is partly in line with previous

literature. Andalón et al. (2016) find no significant effect of either drought or heavy rainfall on birth weight

ad gestation length. In contrast, Rocha and Soares (2015) find positive effects of positive rainfall shocks

during pregnancy on birth weight. They however study birth in rural Brazil, where no rainfall easily leads

to water scarcity.
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Table A.3: Rainfall Effects

Dependent Variables: Standardized Birth Weight SGA Standardized Apgar Score
Model: (1) (2) (3) (4) (5) (6)

Variables
Rain 10-20mm 0.6208∗∗∗ 0.1173 -0.1530∗∗∗ -0.0297 0.0259 0.0183

(0.1122) (0.1382) (0.0230) (0.0292) (0.1942) (0.1956)
Rain 20-50mm 0.3631∗∗∗ -0.1776 -0.1140∗∗∗ 0.0033 -1.0747∗∗∗ -1.0087∗∗∗

(0.1347) (0.1677) (0.0311) (0.0405) (0.3631) (0.3666)
Rain 50-1000mm 0.3772 0.1585 -0.1329 -0.1018 2.0544 2.4154∗

(0.4733) (0.4463) (0.1186) (0.1057) (1.3634) (1.4536)
Rain +100mm -3.3764∗ -2.0670 0.4401 0.0979 -12.3021∗∗∗ -12.0226∗∗

(1.9932) (2.2034) (0.5869) (0.6275) (4.2158) (4.8551)
Weather Controls Yes Yes Yes
Mother’s Characteristics Yes Yes Yes

Fixed-effects
Year of Birth Yes Yes Yes Yes Yes Yes
Month of Birth Yes Yes Yes Yes Yes Yes
County Yes Yes Yes Yes Yes Yes
State Yes Yes Yes Yes Yes Yes
Month of Birth-County Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 19,865,677 18,595,704 19,865,677 18,595,704 19,865,677 18,595,704
R2 0.0091 0.0900 0.0039 0.0376 0.0265 0.0283
Within R2 0.0000 0.0815 0.0000 0.0338 0.0000 0.0025

Notes: Entries show the coefficient on the relevant rainfall exposure measure, scaled by 1000 for ease of
reading. This means that a one-unit change in Rain 10-20mm is associated with a 0.0006 unit change
in standardized birth weight in column (1), holding all other variables constant. Samples uses all birth in
counties with more than 100,000 inhabitants and no missing information in the variables of interest. Weather
controls include average rainfall, average sunlight, and average snowfall in the 9 month after pregnancy start.
Mother’s controls include mother’s age, mother’s race, mother’s Hispanic origin, mother’s education, marital
status, sex of child, month prenatal care began, number of prenatal visits, birth order, smoking during
pregnancy, diabetes, and hypertension.
Standard errors clustered by County of residence in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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Table A.4: Trimester Rainfall Effects

Dependent Variables: Standardized Birth Weight SGA Standardized Apgar Score
Model: (1) (2) (3) (4) (5) (6) (7) (8) (9)

Variables
1st Trimester: Rain 10-20mm 0.1488 -0.0309 0.0202

(0.1178) (0.0316) (0.2056)
1st Trimester: Rain 20-50mm -0.0833 0.0496 -0.9311∗∗∗

(0.1713) (0.0459) (0.3505)
1st Trimester: Rain 50-1000mm -0.1022 0.0017 2.1038

(0.5296) (0.1514) (1.5005)
1st Trimester: Rain +100mm 0.6805 -0.0834 -16.5432∗∗∗

(2.8214) (0.7782) (5.2608)
2nd Trimester: Rain 10-20mm 0.0077 0.0217 -0.0046

(0.1212) (0.0359) (0.2304)
2nd Trimester: Rain 20-50mm -0.2106 -0.0070 -0.6940∗

(0.1840) (0.0469) (0.3841)
2nd Trimester: Rain 50-1000mm 0.2515 -0.0812 2.5004∗

(0.6458) (0.1660) (1.4930)
2nd Trimester: Rain +100mm -2.8722 -0.4605 -9.2522∗

(2.4008) (0.7331) (4.9711)
3rd Trimester: Rain 10-20mm 0.1990 -0.0765 0.1055

(0.3400) (0.0662) (0.2659)
3rd Trimester: Rain 20-50mm -0.3037 -0.0542 -1.4165∗∗∗

(0.3140) (0.0799) (0.4768)
3rd Trimester: Rain 50-1000mm 0.4325 -0.3017 2.6743

(0.8256) (0.1933) (1.6302)
3rd Trimester: Rain +100mm -5.3092 1.1469 -5.6922

(3.4064) (1.1729) (5.2821)
Weather Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Mother’s Characteristics Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fixed-effects
Year of Birth Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month of Birth Yes Yes Yes Yes Yes Yes Yes Yes Yes
County Yes Yes Yes Yes Yes Yes Yes Yes Yes
State Yes Yes Yes Yes Yes Yes Yes Yes Yes
Month of Birth-County Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics
Observations 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704 18,595,704
R2 0.0900 0.0900 0.0900 0.0376 0.0376 0.0376 0.0283 0.0283 0.0283
Within R2 0.0815 0.0815 0.0815 0.0338 0.0338 0.0338 0.0025 0.0025 0.0025

Notes: Entries show the coefficient on the relevant rainfall exposure measure, scaled by 1000 for ease of reading. This means that a one-unit change in Rain
10-20mm is associated with a 0.0001 unit change in standardized birth weight in column (1), holding all other variables constant. Samples uses all birth in
counties with more than 100,000 inhabitants and no missing information in the variables of interest. Weather controls include average rainfall, average sunlight,
and average snowfall in the 9 month after pregnancy start. Mother’s controls include mother’s age, mother’s race, mother’s Hispanic origin, mother’s education,
marital status, sex of child, month prenatal care began, number of prenatal visits, birth order, smoking during pregnancy, diabetes, and hypertension.
Standard errors clustered by County of residence in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
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