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Chapter 1.
Introduction

Behavioral and environmental risk factors, such as maternal smoking during pregnancy and
in-utero exposure to extreme weather events are significant threats to infants’ health at birth.
It is crucial to understand how these conditions and shocks during pregnancy affect the fetus,
as these can have a large impact on health at birth, but also long-lasting effects on later life
health outcomes and outcomes like educational attainment and adult earningsﬂ Effects of
these risk factors on infant health have been extensively studied using traditional methods
(Almond et al.| 2005, Cattaneo, 2010, |Lien and Evans| 2005, |Deschénes et al., 2009, Andalon|
et al.,|2016] Chen et al. 2020b)), while mostly neglecting possible heterogeneity in the effects.

Causal machine learning has emerged as a promising approach for estimating heterogeneous

treatment effects and identifying the causal pathways that drive them (Athey and Imbens),
[2016], [Athey et al 2019, Belloni et al.| [2013] [Chernozhukov et all 2018b], [Wager and Atheyl,
2018). Understanding sources of heterogeneity is crucial to identify the most vulnerable

groups and possible underlying mechanisms, and offers valuable insights for policymakers

working to address the health impacts of behavioral or environmental risk factors.

This dissertation consists of three essays that use causal machine learning techniques to
study different aspects of behavioral and environmental risk factors that influence health at
birth. Chapter [2] uncovers heterogeneity in the effects of maternal smoking during pregnancy
on infant health at birth, while chapter [3] studies how smoking during pregnancy can be
regulated using smoking bans. Chapter [4 studies the effects of in-utero heat shock exposure
on health at birth and the possible heterogeneity in the effect. All of these are single-authored
projects. They leverage machine learning and econometrics and apply and adapt recently
developed causal estimation strategies to questions regarding the economics of smoking and
climate change. They mark a significant contribution to the literature by introducing cutting-

edge machine learning techniques to the economics of early human capital formation.

In |[Uncovering Sources of Heterogeneity in the Eftects of Maternal Smoking on Infants’|

[Health at Birth| I study drivers of heterogeneity in the effects of maternal smoking during

pregnancy. Maternal smoking during pregnancy is a substantial threat to infants’ health
at birth but beyond averages, its effect is not well understood. I study how the effects of

maternal smoking during pregnancy on infants’ health depend on mothers’ characteristics,

1See |Alm0nd and Curriel q2011D for a review of the literature.
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Chapter 1. Introduction

using a comprehensive dataset of pregnancies in the United States. Using recent advances
in the intersection of machine learning and econometrics, I provide a novel and structured
framework to identify sources of heterogeneity. To estimate the heterogeneous treatment
effects, I use the causal forest, a machine learning based algorithm. But from the estimation
itself, the detection of driving factors of heterogeneity remains unclear. Therefore, I propose
a novel decomposition approach that makes use of counterfactual distributions. This way,
I can isolate differences in effects that are only driven by one single variable, while keeping
other characteristics comparable. I find that especially increased mother’s age is a robust
amplification factor for the effect of smoking on health at birth and it can explain up to 75
grams of birth weight difference when comparing mothers younger than 23 to those that are
34 and older.

Apart from understanding the consequences of smoking on birth outcomes, it is crucial
to get a better understanding of why women smoke during pregnancy and how this can be

regulated. Public smoking bans are one instrument governments use to regulate smoking

in public. In the third chapter ['Effect of Smoking Bans on Smoking during pregnancy|

[Evidence from Germany”| I investigate the consequences of a smoking ban introduction

on the smoking behavior of pregnant women, which took place starting August 2007 —
2008 in all federal states of Germany. I exploit staggered implementation of state-level
smoking ban legislation (differences over time and across states) using data on all births
that occurred in German hospitals between 2004 and 2016. I estimate the effect of smoking
bans on average cigarette consumption and smoking rate among pregnant women using
a difference-in-differences approach. The introduction of smoking bans has a small but
significant decreasing effect on the average number of cigarettes smoked by pregnant women
(-0.3 daily cigarettes), whereas it does not affect the smoking rate. Considering regional
differences in smoking ban implementation, especially strict smoking bans have strong effects
on decreasing smoking intensity, however, partial smoking bans are less effective.

The last chapter[‘Effect of Temperature and Weather Shocks on Health at Birth: Evidence]
deals with the effect of in-utero exposure to extreme weather events on health

at birth. Understanding in-utero exposure to extreme weather events is key to mitigating

climate change’s impact on health at birth. Using detailed historic weather records and data
on infants born in the US between 1989-2004, I investigate how in-utero exposure to weather
events, such as heat and cold waves or rainfall, impacts infants’ health at birth. I 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. There is substantial heterogeneity 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.



Chapter 2.

Uncovering Sources of Heterogeneity in
the Effects of Maternal Smoking on
Infants’ Health at Birth

2.1. Introduction

Maternal smoking during pregnancy is strongly associated with birth weight reduction as
well as fetal growth restriction, causing high neonatal health care costs. Mothers who smoke
are at high risk of preterm delivery, stillbirth[], and low birth weight, which are leading
causes of death, disability, and disease among newborns (e.g. |Almond et al., 2005 Baba
et al., 2013al [Vogler and Kozlowski, 2002). One in five babies born to mothers who smoke
during pregnancy has low birth weight (LBW) (U.S. Department of Health and Human
Services, [2010), making smoking the main modifiable risk factor for LBW in the US and other
developed countries (Almond et al [2005). The neonatal costs attributable to smoking in the
US are estimated to be almost $367,000,000 (in year 1996 dollars) (Adams et al.,[2002). While
there is a well-established link between maternal smoking during pregnancy and adverse
birth outcomes, the heterogeneity in these effects is not well understood. The literature
on factors influencing the effect of maternal smoking on birth weight is not consistent and
studies oftentimes report contradictory results. Understanding sources of heterogeneity is
crucial for personalized care and targeted support in smoking cessation for those mothers
threatening the health of their newborn most. This would not only contribute to enhancing
infants’ health but also lead to savings of health care costs (Adams et al., |2002, |Almond
et al., |2005, Schwartzl, 1989).

In this paper, we are identifying key factors of heterogeneity in the effect of smoking on
infants’ health at birth in a structured way by combining machine learning and econometrics.
By decomposing the distribution of conditional average treatment effects (CATE), we can
isolate driving factors of heterogeneity. This decomposition is making use of counterfactual
distributions (Chernozhukov et all 2013). We decompose differences in the distribution of

CATE for groups into structural and compositional effects. The structural effect reveals the

'For a glossary of medical terminology used, see Appendix
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Chapter 2. Sources of Heterogeneity in the Effects of Maternal Smoking on Infants’ Health

effect differences solely associated with the variable of interest, whereas the compositional
effect captures treatment effect differences based on differing group characteristics. This way
we can learn about the observable factors that are strongly associated with the heterogeneity
and offer a structured identification of effects. The decomposition helps in gaining insights
into the estimated CATE function, which might be complex and hard to describe. Methods
to estimate CATE based on machine learning offer flexibility in predicting heterogeneous
effects but underlying sources of heterogeneity and driving factors for heterogeneity remain
hidden. For estimation of the effect of smoking on birth weight conditional on the mother’s
characteristics, we use a causal forest (Athey et al., 2019, Wager and Athey, 2018]).

In a comprehensive data set of infants born in the US we find strong modifying effects for
mother’s age on the effect of smoking on birth weight, Apgar scoreE| and gestation length.
Increased mother’s age amplifies the effect of smoking on health at birth. It can explain up
to 75 grams (when comparing mothers aged 23 or younger and mothers older than 34) of
difference in treatment effects. For increased prepregnancy BMI and weight gain, we find
no clear effect on health at birth. There are mitigating effects on birth weight, thus being
overweight or obese and increased calorie intake can alleviate up to 50 grams of the effect
of smoking on birth weight. However, no such effects can be found regarding Apgar Score
or gestation length. This suggests that birth weight increased through mother’s excessive
calorie intake or unhealthy BMI does not result in better health outcomes for the infant.

To be able to learn about drivers of heterogeneity, we propose a novel way to decompose
estimated treatment effects. While machine learning techniques have proven very useful in
predicting heterogeneous treatment effects with respect to observables (e.g., |Athey and Im-
bens|, 2019, 2016, Belloni et al., 2013, |(Chernozhukov et al., 2018b|, \Wager and Athey, 2018),
the estimated treatment effect function depending on individual characteristics may be very
complex and hard to describdﬂ The proposed decomposition allows us to isolate the effect
of a change in a single variable while keeping other characteristics comparable. To do so,
we make use of counterfactual distributions. The counterfactual distribution does not arise
from any observable population, it is rather constructed by integrating the conditional distri-

bution of CATE for one group with respect to the distribution of characteristics of another

2The Apgar score is a measure to quickly judge the health condition of the newborn right after birth. It is
routinely measured 1 and 5 minutes after birth, for newborns with low scores, the measurement may be
continued thereafter. It is derived by assessing the newborn on five simple criteria (appearance, pulse,
grimace, activity, respiration), each evaluated on a scale from 0 to 2. The final Apgar score is the sum of
the five criteria, ranging from 0 to 10. A newborn with an Apgar score of 7 — 10 is considered healthy, a
score of 4 — 6 is considered moderately abnormal, whereas a score of 0 — 3 is low (American Academy of]
Pediatrics) [2015)).

3Despite the effectiveness and flexibility of machine learning approaches, very little application can be
found. An application of the generic machine learning approach looks at heterogeneity in the effect of
fine particulate matter exposure on life expectancy (Deryugina et al2019). An early application of causal
forests is to predict treatment heterogeneity of summer jobs by |Davis and Heller| (2017)). There are other
applications in corporate finance (Gulen et al.| [2020), environmental economics to estimate heterogeneity
of environmental policy changes (Miller, |2020), and also application in health, where causal forests are
used to examine regional differences in diabetes within Europe (Elek and Biro) |2021) or heterogeneous
policy impacts of health insurance reforms (Kreif et al.|, [2022]).
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population. The distribution thus shows the treatment effect for one group, that would
have prevailed in case they faced the other group’s characteristics. This allows us to keep
characteristics comparable in our decomposition. In contrast to|Chernozhukov et al.| (2013),
we do not decompose an observed outcome distributiorEL but decompose the distribution
of CATEs in order to find observables, for which large structural differences in treatment
effects exist. We decompose group differences in the CATE distribution into structural and
compositional effects. The structural effect is our main effect of interest, as it captures the
effect solely attributable to a single variable while keeping all characteristics comparable.

Despite the popularity of birth weight as a proxy for infants’ health at birth, we want to
be able to capture additional aspects of health at birth by analyzing possible heterogeneity
in the effect of smoking on the 5-minute Apgar score. The Apgar score is a simple measure to
quickly evaluate infants’ health right after birth. It is intended to predict neonatal survival,
evaluate infants’ condition immediately after birth, and determine their need for resuscitation
(American College of Obstetricians and Gynecologists., 2015, [Hegyi et al., [1998)). Since the
Apgar score is jointly evaluating heart rate, respiratory effort, muscle tone, response to
stimulation, and skin coloration of the newborn, it measures indicators of health at birth
that we cannot capture by birth weight. The possible modifying factors that we analyze
mainly stem from the medical literature. The literature focuses on mother’s age, number
of previous births, prepregnancy BMI, and sex of the newborn. By using modifying factors
from the medical literature, we want to ensure medically meaningful results. However, we
also move beyond these factors and find modification by weight gain, but cannot find effects
for other characteristics, such as race or education.

Considering the 5-minute Apgar score, the decomposition reveals that the mitigating ef-
fects of excessive weight gain and obesity are not persistent. While the decomposition for
the mother’s age shows similar patterns as for birth weight, increased number of children
born to the mother in the past now shows weak mitigating effects instead of amplification
effects. Increased mother’s age amplifies the effect of smoking on the Apgar score and birth
weight, even though the effect difference explained by the mother’s age is smaller regarding
the Apgar score. In both cases, the age difference is especially profound between mothers
younger than 27 and those older than 27. For the weight-related characteristics, such as
BMI and weight gain, we cannot find any positive effect of increased weight or calorie intake
on the Apgar score. Excessive weight gain and an increased prepregnancy BMI can alleviate
the harmful effects of maternal smoking regarding birth weight, but not regarding the Apgar
score. This suggests that birth weight increased through overweight and excessive weight
gain does not result in better infant health.

Our analysis implies that improved allocation of enhanced smoking cessation based on

*Ideas for this type of decomposition go back to|Oaxacal (1973)) and Blinder| (1973) who decomposed differ-
ences in wage distribution into a discrimination effect, which arises when comparing men and women with
the same characteristics and a compositional effect which arises due to differences in the characteristics
of men and women.
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the key factors of heterogeneity has the potential to generate huge healthcare expenditure
savings. In a scenario, where 10,000 smoking pregnant women can be assigned to intensified
assistance with smoking cessation an assignment based on the drivers of heterogeneity could
increase savings by nearly 80% compared to random targeting. This proves that our results
can be used to identify mothers most at risk to harm their babies. In case these mothers
would stop smoking, this could lead to large cost savings and improved infants’ health.

There are, however, important caveats to the estimation of the effect of smoking on our
outcomes of interest and in uncovering the heterogeneity therein. We address these in several
additional robustness checks. First, we analyze heterogeneity in the effects of smoking on
gestation length and non-standardized birth weight to capture additional aspects of health
at birth. Results for gestational age are very similar to the ones recorded for Apgar score
and standardized birth weight. Second, we try to capture the dose dependency of smoking
in the heterogeneous treatment effects by rerunning the analysis for heavy smokers only. We
now find larger overall treatment effects, but drivers of heterogeneity remain similar to the
main analysis. Third, we evaluate whether effect modification is still apparent at the lower
end of the birth weight distribution (birth weight below 2800 grams), where adverse health
effects are concentrated. Effect size decreases but modifying factors remain, even though
the magnitude of effect modification decreases. Additionally, we want to overcome possible
concerns regarding underreporting of smoking during pregnancy due to stigmatization, by
looking at the effect of pre-pregnancy smoking instead. Lastly, we address possible concerns
of limited overlap in the characteristics of smokers and non-smokers by asymmetrically trim-
ming the propensity score as proposed by Sturmer et al.| (2010). This way we ensure a larger
overlap in characteristics of individuals considered for treatment effect estimation. The re-
sulting treatment effect estimates do not differ a lot from the main analysis and patterns of
heterogeneity remain the same.

This paper contributes to the large economic and medical literature on smoking and health
outcomes. Here, the effect of maternal smoking on health outcomes is studied mostly fo-
cusing on average effects and birth weight as an outcome of interest (e.g., [England et al.,
2001} |Almond et al., 2005| [Lien and Evans, 2005| |Cattaneol 2010}, [Bharadwaj et al. 2014)E|.
Possible heterogeneity in the effect of smoking is typically neglected in this stream of liter-
ature. Only a few studies in the medical literature have examined the possibility that the
effect of maternal smoking depends on the underlying characteristics of the mothers (e.g.,
Cnattingius et al., {1985 [Haworth et al., [1980al [La Merrill et al., 2011} [Misra et al.l 2005,
Spinillo et al.} |1994b). These mainly focus on birth weight or small for gestational age births
as outcomes of interestﬂ Typically, these studies consider small samples, and their estimates
provide unclear causal interpretations, suggesting a need for improvement. This paper thus

contributes to, first, overcoming problems of existing studies and providing insights into

SFigure provides an overview of treatment effect estimates for the effect of maternal smoking during
pregnancy on birth weight in the literature.
5See table for an overview of heterogeneity in the medical literature.
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drivers of heterogeneity. Leveraging advances in the machine learning literature, we are able
to provide causal interpretations based on a much more comprehensive data set than pre-
vious studies. Second, we go beyond the effect of smoking on birth weight and widen the
range of possible proxies for health at birth. By also looking at outcome measures, we are
able to capture additional details of the effect of smoking on newborn health. Third, we
introduce new, cutting-edge machine learning techniques to the economics of smoking and
the economics of early human capital formation.

This paper also contributes to the emerging literature of applying causal machine learning
to health-related questions (Deryugina et al., [2019, [Elek and Bird, 2021, |Kreif et al., [2022),
however focusing more on methodological advances to make results of machine learning
methods interpretable. We try to describe the CATE function in a new way using a decom-
position based on the counterfactual distribution and therefore propose a new approach to
overcome the interpretability problem of machine learning methods for CATE estimation.
Machine learning methods prove very useful in the identification of CATE, albeit the inter-
pretation of driving factors of heterogeneity is not always clear. Therefore, we propose using
a decomposition technique to uncover driving factors of heterogeneity.

In the next section, we provide background on smoking and its effect on birth outcomes
and related literature regarding heterogeneity from medical research. Next, we describe the
data used in the study and describe the method, where we clarify the set-up and discuss
theoretical details of the procedure and estimators used. Then we present the empirical

results and end with a discussion of implications of the findings.

2.2. Background

2.2.1. Smoking and Health at Birth

The most commonly used proxy measure for health at birth in economics is birth Weightﬂ
as low birth weight is an indicator for poor health at birth (Almond et al., 2005 Currie
and Schwandt} 2013)). We want to capture health at birth beyond birth weight, which only
reflects a limited weight related aspect of health at birth. To do so, we will additionally use
the Apgar Score as an outcome of interest. In the robustness section, we also look at the
effect of maternal smoking on gestation length.

Poor health at birth has important (economic) short- and long-term implications. Short
term implications include higher infant mortality, poor childhood health and higher medical
care costs (Almond et al., 2005, Lightwood et al., [1999). Medical care costs for children born
at low birth weight, which is birth weight below 2500 grams, exceed those of children born
at normal weight. They account for only 9% of hospital case load in the US, but for 57%

"The ability of birth weight as a proxy measure for health at birth has been questioned by |Conti et al. (2020)).
They find that birth weight mainly proxies abdominal circumference. A fetus with larger abdominal
circumference usually has higher birth weight, but also shorter lengths of gestation and lower Apgar
scores. Thus, birth weight is capturing both positive and negative aspects of fetal health.
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of costs for neonatal hospital care (Schwartzl, [1989)). Thus, the costs that low birth weight
poses on health care systems are huge. Considering long term implications, health at birth
is predictive of educational attainment and adult earnings. Additionally, it is predictive of
adult health and intellectual and social development (Black et al., 2007, |Currie and Almond,
2011, |Conley and Bennett}, 2000).

Health at birth heavily depends on genetic endowment but there are many modifiable
factors that influence health at birth significantly. A major risk factor for poor health at birth
is smoking. In the US, smoking is the leading modifiable risk factor for LBW (Almond et al.,
2005), and it is a public health goal to reduce smoking during pregnancy. Cigarettes and
other tobacco products contain several substances, such as nicotine, which can be harmful
to the fetus. During pregnancy, the developing fetus is exposed to higher nicotine levels than
is the smoking mother (Luck et al.| [1985). Harm of maternal smoking increases with later
gestational age at exposure, the third trimester being most sensitive (Cohen et al., 2005).
In utero exposure to tobacco products is responsible for several complications of pregnancy
and birth (Cnattingius, 2004]), but also causes long term complications. Smoking is found
strongly associated with birth weight reduction and fetal growth retardation (Almond et al.,
2005}, Baba et al., 2013bl [England et al., 2001}, |Harrod et al., 2014])), even after controlling for
gestational age. The negative effect of smoking on birth weight remains after controlling for
genetic factors. Using a large-sample of sibling pairs for which the mother smoked during
one pregnancy but not the other, Currie et al.| (2009)) show that the risk of LBW is only
increased for the pregnancy in which the mother smoked. |Almond et al. (2005) use a twin
based approach and Knopik et al.| (2016)) controls for genetic and familial confounding factors
and document similar results. Additionally, smoking increases the risk of early pregnancy
loss, stillbirth, preterm birth and infant mortality (Baba et al., 2013al |Cohen et al., 2005,
Holbrook, [2016)).

While the effect of smoking on birth weight and gestation length are well established, the
effect of smoking on Apgar score is unclear. (Garn et al. (1981) find that the proportion
of low Apgar scores is related to maternal smoking during pregnancy, [Thorngren-Jerneck
and Herbst| (2001) state that smoking is a significant risk factor for Apgar score below 7.
Contrary, [Straube et al. (2010), Gilman et al.| (2008)) find no significant association between

smoking and Apgar score.

2.2.2. Heterogeneity in the Smoking Effect

Even though the effect of smoking on several outcomes is well established, only few studies
have examined the possibility that mothers’ characteristics influence the effects of maternal
smoking. Those studies focus on birth weight, birth weight standardized for gestational
age, preterm birth, and small for gestational age birth as outcomes of interest, Apgar score
is mainly not considered. Table in Appendix gives a detailed overview of studies

focusing on heterogeneity in the effect of smoking on birth weight and other outcomes.



Chapter 2. Sources of Heterogeneity in the Effects of Maternal Smoking on Infants’ Health

The literature on factors influencing the effect of maternal smoking on birth weight is not
consistent and studies oftentimes report contradictory results. Spinillo et al.| (1994a) analyze
several factors possibly potentiating effect of smoking, suggesting that nulliparous mothers
at lower ages are most in danger to harm their fetus by smoking. This is contradictory to
the results of other studies on maternal age and parity, where stronger effects of smoking are
found for multiparous, older mothers (see for example |Cnattingius| 2004}, Misra et al., 2005)).
Unreliable or contradictory findings mostly arise from small sample sizes or imbalanced
samples. Additionally, most studies do not have clear causal identification, and some only
look at correlations or perform mean comparisons. Further, these studies only partially
control for mothers’ characteristics. See Appendix for an overview on sample size,
methods and controls considered in the studies.

Of the factors studied to amplify the risk of strong effects of maternal smoking on birth
weight, maternal age is studied best. There are several studies looking at the effect of mater-
nal smoking in different age groups, most finding that advancing maternal age is increasing
the effect of smoking on birth weight or the risk of small for gestational age birth (SGA).
Even though maternal age in itself has no effect on birth weight (Cnattingius et al.| 1985),
studies like (Cnattingius (1997, 1989), Wu Wen et al. (1990) suggest that smoking actually
influences fetal growth more among older smokers. The relative risk of small for gestational
age births for smoker versus non-smoker is 3.4 among women between 40-44, and only 1.9
among women aged 15-19 (Cnattingius, 1989). Wu Wen et al. (1990) find similar results
when comparing smokers and non-smokers older than 35 and younger than 17. Birth weight
reduction for young women is found to be 134 grams, whereas smoking reduces birth weight
by 301 grams for older women.

Also, parity is influencing the effect of smoking on birth weight and impaired fetal growth.
When considering the interaction with smoking, Cnattingius et al. (1993) document an
interaction of parity and maternal age. They find parous smokers being at an especially
high risk for low birth weight and preterm delivery, even though the age effect was greater
among nulliparas than multiparas. Similarly, Misra et al.| (2005)) report increasing risks of
smoking related birth weight reduction for multiparas, even though no age effect can be
found. However, Nabet et al.| (2007)) argues, that the effect of smoking (on preterm delivery)
might only seem stronger among multipara than among primipara, since there is a higher rate
of gestational hypertension in primipara than multipara, with smoking tending to decrease
the risk of gestational hypertension.

For non-smokers, increased weight gain during pregnancy increases the birth weight of the
infant (Ludwig and Currie, [2010). But smoking is found to reduce appetite, thus leading to
decreased maternal weight gain during pregnancy (Muscati et al.l 1996, D’Souza et al., 1981)).
Regardless of these correlations, there seems to be no evidence, that the effect of maternal
smoking is affected by maternal weight gain. Studies by Muscati et al.| (1996)), |D’Souza et al.
(1981), Haworth et al.| (1980al) suggest, that the negative effect of smoking on fetal growth
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retardation and birth weight is not caused or mediated by nutritional deficiencies or smaller
energy intake.

It is a matter of debate, whether high prepregnancy BMI can help to mitigate strong
adverse outcomes of smoking during pregnancy. A study by Haworth et al.| (1980b)) focusing
on obesity argues that maternal smoking and maternal obesity act independently of each
other. This suggests that maternal overweight does not protect the fetus from growth retar-
dation. However, a more recent study by [La Merrill et al| (2011) suggests that the effect of
smoking on birth weight and SGA is markedly reduced among obese and overweight women.
Similarly, |[Zhang and Yang (2019) find that prepregnancy BMI is a biologically plausible
mediating factor for adverse effect of smoking on birth outcomes.

The ’fragile male’ hypothesis suggests, that female fetuses are more robust than their
male counterparts. However, it is unclear, whether gender of the fetus affects birth weight
reduction or growth retardation due to smoking. |Zarén et al.| (2000), Spinillo et al.| (1994a))
and Varvarigou et al. (2009) suggest that growth retardation is significantly stronger for
male fetuses, thus suggesting presence of sex dimorphism. However, studies like [Suzuki
et al.| (2011)) do not find gender differences in birth weight reduction.

2.3. Data

For this study we use the annual natality micro data by the |National Center for Health
Statistics| (2018). Natality data from the National Vital Statistics System of the NCHS
provides data on births occurring each year in the United States, based on information
abstracted from birth certificates.

The data contains detailed information on socioeconomic and demographic background
of the mother such as race, age, educational attainment, marital status, place of residence,
childbearing history, prenatal care, and information on medical risk factors. It also contains
information on the father and detailed health information on the infant such as sex, gesta-
tional age, birth weight, Apgar score, and plurality. Starting from 1989, the data contains
self-reported information on the mother’s smoking behavior. We classify every woman as
smoker, who reported to have smoked at least one cigarette per week in any of the three
trimesters of pregnancy.

As the smoking indicator is self-reported, underreporting might be an issue. After the
revision of the birth certificate in 2003, numerous states observed an increase in self-reported
smoking prevalence, suggesting that the revised birth certificate question captures more
smoking mothers (Curtin and Matthews, |2016). But there is evidence, that underreporting is
still an issue, even after revision of the birth certificate (Howland et al., 2015, [Searles Nielsen
et al., 2014)). This mainly concerns women with high education, who might be ashamed
admitting to smoking before and during pregnancy.

The main outcome of interest in this study is health at birth, which we cannot measure

directly. Hence, we use proxy measures for health at birth. A widely used proxy measure for
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Figure 2.1.: Density of Birth Weight for Smokers and Non-Smokers for 2011-2018
Note: Solid lines show density estimates of birth weight for smokers and non-smokers for
births between 2011 and 2018. The dashed lines indicate the mean birth weight of each
group. Smokers (smoking status 1) are defined as mothers who reported to have smoked at
least one cigarette in any of the three trimester of pregnancy.

health at birth is birth weight. Especially low birth weight is strongly associated with adverse
health outcomes. Hence, birth weight is most predictive of infant health at the tails of the
distribution, which both have different adverse consequences for infant health. Low birth
weight is an important predictor of low infant health, similarly extremely high birth weight
leads to adverse birth outcomes such as labor problems, diabetes, or metabolic syndrome (Ju
et al |2009). Further, there exist large differences in birth weight by gestational age, which
can also be influenced by smoking. To address possible concerns regarding birth weight
as a measure for newborn health, we standardize birth weight for gestational age and sex
of newborn. Additionally, we examine possible heterogeneity in the effect of smoking on
5-minute Apgar score and gestation length. Apgar Score is a key measure of infant health
right after birth, which is able to capture different dimensions of health at birth than birth
weight, since it focuses more on activity and respiration of the newborn (American College
of Obstetricians and Gynecologists., 2015). But since it is evaluated by doctors and nurses,
reported measures might be biased. Further, Apgar Score scale ranges from 0 to 10, which
makes detectable differences caused by smoking very small. None of the used proxy measures
is a perfect proxy for health at birth, but evaluating a wide range of outcomes enables us to
capture several aspects of health at birth.

Following |Cnattingius| (1989), standardized birth weight is calculated as follows: First, we
calculate mean reference birth weight and its standard deviation for given gestation length
and sex. The reference population contains singletons, non-smoker, and pregnancies without

complications. We now standardize each individual birth weight by subtracting the reference
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Figure 2.2.: Density of Standardized Birth Weight for Smokers and Non-Smokers for 2011-
2018

Note: Solid lines show density estimates of standardized birth weight for smokers and non-
smokers for births between 2011 and 2018. The dashed lines indicate the mean birth weight
of each group. Smokers (smoking status 1) are defined as mothers who reported to have
smoked at least one cigarette in any of the three trimester of pregnancy. Standardized birth
weight is calculated by subtracting mean reference birth weight and dividing by its standard
deviation for given gestation length and sex. Reference birth weight and standard deviation
are calculated from non-smoker, singleton pregnancies without complications.

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.

For this analysis, we restrict ourselves to singletons born in the US. This is because multiple
pregnancies are generally associated with significant medical risks and complications for the
mother and children (Kogan et al., [2000). Multiples are usually born at lower birth weight
and at lower gestational age than singletons. Further, prenatal care for multiple pregnancies
will be more intensive than for singletons. Additionally, we discard all observations with
missing information in the variables of interest.

We have a wide range of possible variables available. All variables, that might be post
pregnancy related outcomes (i.e., complication during birth) need to be discarded, as well
as variables that can be an outcome of smoking during pregnancy themselves, i.e., gestation
length. Thus, we restrict ourselves to general demographic information of the mother and

father, as well as her pregnancy history, if applicableﬂ Further, we consider information on

8Some variables, such as education, Hispanic origin, and race, are recoded to different levels than in the
original birth certificate. Since the reported levels of father’s race changed over the seven years of interest,
we recoded it to match the format of mother’s race. We further combine Cuban, Puerto Rican and other
Central and South American Hispanic origin of both, mother, and father. Additionally, we combine
several groups of educational attainment. We combine educational attainment of 8th grade or less and
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prenatal care, medical and other risk factors, infections and characteristics of the newbornﬂ
The resulting sample contains observations on 17,398,750 pregnancies which occurred in the
US between 2011-2018.
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Figure 2.3.: Relative Frequency of 5-minute Apgar Score for Smokers and Non-Smokers for
2011-2018

Note: The barplot shows the relative frequency of different Apgar score values for smokers

and non-smokers for births between 2011 and 2018. Smokers (smoking status 1) are defined

as mothers who reported to have smoked at least one cigarette in any of the three trimester

of pregnancy. Apgar score of 10 corresponds to perfect health, whereas 0 corresponds to bad

health.

The density plot in Figure 2.1] for data from 2011 to 2018 clearly shows the shift of the
entire distribution for smokers to lower birth weights. Mean birth weight for smokers is
3157.57 grams, which is 189.72 grams lower than the mean birth weight for babies born to
non-smokers. Figure shows the density plot for birth weight standardized for gestational
age and sex of newborn. Since the reference group for birth weight standardization are non-
smokers with pregnancies without complications, the mean standardized birth weight for
non-smokers is zero by construction. Again, there is a clear shift towards lower birth weight

for smokers of around —0.375 standard deviations. For Apgar score, the mean difference is

9th through 12th grade with no diploma to one group and combine educational attainment that results in
a Master’s degree or Doctorate. We also discard the small fraction of foreign residents from the sample.

9Variables considered: Mother’s age, mother’s education, mother’s race, mother’s Hispanic origin, mother’s
marital status, mother’s residence status, smoking status, father’s age, father’s education, father’s race,
father’s Hispanic origin, acknowledgment of paternity, month prenatal care began, number of prenatal
care visits, prior other terminations, total delivery order, live birth order, sex of child, birth weight,
5-minute Apgar score, weight gain during pregnancy, gestation length (in weeks), prepregnancy diabetes,
gestational diabetes, prepregnancy hypertension, gestational hypertension, eclampsia, former preterm
delivery, infertility treatment, use of fertility drugs, reproductive assistance, number of past cesarean,
chlamydia, syphilis, gonorrhea, hepatitis b, hepatitis c, prepregnancy BMI, interval since last live birth,
intervals since last other birth, mothers height, month of birth, place of birth, WIC receipt, payment
type.
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very small, as Figure 2.3 shows. Interestingly, the relative frequency for Apgar score 10 is
slightly higher among smokers than non-smokers. Same holds for Apgar score 5,6,7, and 8.

The relative frequency for very low Apgar scores is higher among smokers than non-smokers.

Table 2.1.: Summary Statistics for Births in 2011, 2013, 2015, 2018

2011 2013 2015 2018
Variables Mean SD Mean SD Mean SD Mean SD
Infant Characteristics
Birth Weight in grams 3336.32 536.83 3340.39 538.73 3336.99 540.95 3326.16 543.88
Low Birth Weight 0.05 0.22 0.05 0.22 0.05 0.23 0.06 0.23
5-min. APGAR Score 8.84 0.73 8.82 0.76 8.81 0.75 8.81 0.75
Gestation Length 38.85 2.17 38.88 2.16 38.87 2.17 38.80 2.21
Fraction Male 0.51 0.50 0.51 0.50 0.51 0.50 0.51 0.50
Cesarean 0.14 0.34 0.14 0.35 0.15 0.35 0.15 0.36
Birth Place Hospital 0.98 0.13 0.98 0.13 0.98 0.13 0.98 0.14
Risk Factors
Smoking during Pregnancy 0.07 0.26 0.07 0.25 0.06 0.24 0.06 0.23
Prepregnancy Smoking 0.10 0.30 0.09 0.29 0.08 0.28 0.07 0.26
Cigarettes Before Pregnancy 1.32 5.15 1.22 4.83 1.08 4.53 0.98 4.41
Cigarettes 1st Trimester 0.75 3.55 0.70 3.34 0.62 3.15 0.58 3.08
Cigarettes 2nd Trimester 0.56 2.90 0.52 2.72 0.46 2.57 0.43 2.52
Cigarettes 3rd Trimester 0.50 2.71 0.46 2.55 0.41 2.41 0.38 2.37
Weight Gain in pounds 30.77 14.36 30.62 14.43 30.27 14.53 29.79 14.70
Prenatal Care Visits 11.56 3.69 11.59 3.71 11.58 3.84 11.58 3.87
Month Prenatal Care Began 2.94 1.41 2.94 1.42 2.80 1.41 2.86 1.41
Total Delivery Order 2.25 1.42 2.27 1.43 2.30 1.45 2.36 1.50
Live Birth Order 1.99 1.18 2.00 1.18 2.02 1.19 2.05 1.22
Prepregnancy Diabetes 0.01 0.08 0.01 0.08 0.01 0.08 0.01 0.09
Gestational Diabetes 0.05 0.21 0.05 0.22 0.06 0.23 0.07 0.25
Gestational Hypertension 0.04 0.20 0.05 0.21 0.05 0.23 0.07 0.26
Eclampsia 0.00 0.04 0.00 0.04 0.00 0.05 0.00 0.05
BMI (prepregnancy) 25.99 6.20 26.16 6.29 26.43 6.43 26.99 6.65
Prior other Terminations 0.27 0.71 0.28 0.72 0.29 0.73 0.32 0.78
Previous Preterm Birth 0.02 0.14 0.02 0.15 0.02 0.16 0.03 0.18
Interval since last Livebirth 47.77 35.03 48.38 35.20 48.46 35.30 47.84 35.22
Mothers Demographic Information
Mother’s Age 28.17 5.79 28.41 5.71 28.68 5.63 29.06 5.54
Married 0.70 0.46 0.69 0.46 0.69 0.46 0.70 0.46
Race - White 0.82 0.38 0.80 0.40 0.80 0.40 0.79 0.41
Race - Black 0.10 0.30 0.11 0.31 0.12 0.32 0.14 0.34
Race - American Indian / Eskimos 0.01 0.09 0.01 0.09 0.01 0.10 0.01 0.10
Race - Asian / Pacific Islander 0.07 0.26 0.08 0.26 0.08 0.27 0.07 0.25
Hispanic Origin - None 0.77 0.42 0.79 0.41 0.79 0.41 0.83 0.37
Hispanic Origin - Mexico 0.16 0.36 0.14 0.35 0.14 0.34 0.09 0.29
Hispanic Origin - Puerto Rico 0.01 0.10 0.01 0.11 0.01 0.11 0.01 0.12
Hispanic Origin - Cuba 0.00 0.07 0.00 0.07 0.00 0.07 0.01 0.08
Hispanic Orig. - C./S. America 0.02 0.15 0.02 0.15 0.02 0.15 0.03 0.16
Education - up to 12th grade 0.04 0.19 0.03 0.17 0.03 0.16 0.02 0.15
Education - Highschool 0.10 0.31 0.09 0.29 0.08 0.27 0.07 0.25
Education - College without degree 0.23 0.42 0.23 0.42 0.23 0.42 0.23 0.42
Education - Associate degree 0.21 0.41 0.21 0.41 0.21 0.41 0.20 0.40
Education - Bachelor’s degree 0.08 0.28 0.09 0.28 0.09 0.29 0.09 0.29
Education - Master’s degree and PhD 0.22 0.41 0.23 0.42 0.23 0.42 0.24 0.43
Resident 0.74 0.44 0.72 0.45 0.71 0.45 0.66 0.47
Intrastate Nonresident 0.24 0.43 0.26 0.44 0.26 0.44 0.31 0.46
Interstate Nonresident 0.02 0.14 0.02 0.14 0.02 0.15 0.03 0.16
Foreign Resident 0.00 0.05 0.00 0.05 0.00 0.06 0.00 0.05
Payment - Medicaid 0.37 0.48 0.37 0.48 0.36 0.48 0.35 0.48
Payment - Private Insurance 0.54 0.50 0.54 0.50 0.56 0.50 0.57 0.49
Payment - Self-Pay 0.04 0.19 0.04 0.20 0.04 0.19 0.04 0.20
Number of Observations 1,886,927 2,050,584 2,439,253 2,077,663

Source: National Center for Health Statistics (2011, 2013, 2015, 2018)
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In Table[2.I]sample means and standard deviation of some relevant variables for a collection
of the years of interest (2011, 2013, 2015, 2018) are given. Overall, means do not differ a lot
between the years and are comparable. The smoking prevalence declined from 7% cigarette
smokers in the 2011 sample to 6% in the 2018 sample. Prepregnancy smoking steadily
declined from 10% in 2011 to 7% in 2018. The number of daily cigarettes smoked among the
whole population before and during pregnancy also declined, which could just be due to the
decrease in smoking mothers and does not necessarily need to be caused by an actual decline
in daily cigarettes smoked by smoker. Smoking prevalence among all adults in the United
States follows a similar pattern. Cigarette smoking prevalence declined from 20.9% in 2005
to 15.1% in 2015 (Jamal et al., [2016)) and reached an all-time low of 13.7% in 2018 (Creamer
et al., 2019). Interestingly, the decline is sharper for the total adult population than for
pregnant women, who not only expose themselves to the harmful effects of cigarettes, but
their baby. Birth weight and low-birth-weight rate remain stable, which also holds for the
second outcome of interest, 5-minute Apgar score and average gestation length.

Table 2.2 shows an overview of relevant variables, grouped by mother’s demographic infor-
mation, pregnancy related risk factors and infant characteristics for smoker and non-smoker.
The sample includes observations from 2011 - 2018. Smoking mothers giving birth are
on average 2.55 years younger, are less likely to be married and report to have less edu-
cational attainment than non-smoking mothers. Medicaid is the most common payment
source for smoking mothers, whereas private insurance is the most common payment source
for non-smokers. For smokers, the average number of daily cigarettes declines with advanc-
ing pregnancy from 10.3 in the first trimester to 6.8 in the third. Birth weight of infants
born to smoking mothers is lower than this of infants born to non-smoking mothers. Also,
the low-birth-weight rate increases sharply for smokers. LBW rate is 5% for non-smokers

and increases to 10% for smokers.

2.4. Methods

2.4.1. Setup

In our setup we observe N mothers that gave birth in the time period observed, indexed
by i =1,...,N. For each individual, we observe (Y°*, T;, X;) for i = 1,..., N, where Y,°*
denotes the observed birth outcome of the newborn child, T; the binary smoking indicator
and X; the vector of mother’s characteristics. We define causal effects via the potential
outcomes model by Imbens and Rubin! (2015). For each observation i we define the outcome
under potential treatment as Yi(Ti), T; € {0,1}, where Yi(o) denotes the potential outcome if

M) denotes the potential outcome if ¢ did

individual ¢ did not receive the treatment and Y;
receive the treatment. Never can both potential outcomes be observed together, we can only
observe the realized outcome Y;"bs = TiYi(l) +(1- Ti)YZ-(O). Thus, the “ground truth” for a

causal effect can never be observed for any individual.
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Table 2.2.: Summary Statistics for Smoker and Non-Smoker for Births between 2011-2018

Non-Smoker Smoker Normalized
Variables Mean SD Mean SD Difference
Infant Characteristics
Birth Weight in grams 3347.29 537.65 3157.57 555.51 -0.25
Low Birth Weight 0.05 0.22 0.10 0.30 0.13
5-min. APGAR Score 8.82 0.74 8.78 0.85 -0.04
Gestation Length 38.87 2.15 38.70 2.51 -0.05
Fraction Male 0.51 0.50 0.51 0.50 0.00
Cesarean 0.14 0.35 0.16 0.36 0.03
Birth Place Hospital 0.98 0.13 1.00 0.06 0.10
Risk Factors
Smoking during Pregnancy 0.00 0.00 1.00 0.00 -
Prepregnancy Smoking 0.03 0.16 0.98 0.12 4.75
Cigarettes Before Pregnancy 0.26 2.20 14.03 9.88 1.36
Cigarettes 1st Trimester 0.00 0.00 10.30 8.17 1.26
Cigarettes 2nd Trimester 0.00 0.00 7.65 7.47 1.02
Cigarettes 3rd Trimester 0.00 0.00 6.79 7.31 0.93
Weight Gain in pounds 30.31 14.34 30.60 17.05 0.01
Prenatal Care Visits 11.62 3.76 10.94 4.21 -0.12
Month Prenatal Care Began 2.84 1.40 3.18 1.61 0.16
Total Delivery Order 2.28 1.43 2.66 1.65 0.18
Live Birth Order 2.00 1.18 2.24 1.30 0.13
Prepregnancy Diabetes 0.01 0.09 0.01 0.10 0.02
Gestational Diabetes 0.06 0.23 0.06 0.23 0.00
Gestational Hypertension 0.05 0.23 0.05 0.22 -0.00
Eclampsia 0.00 0.05 0.00 0.05 0.00
BMI (prepregnancy) 26.39 6.37 26.88 7.07 0.05
Prior other Terminations 0.28 0.72 0.45 0.98 0.14
Previous Preterm Birth 0.02 0.15 0.05 0.21 0.09
Interval since last Livebirth 47.82 34.85 52.80 39.40 0.09
Mothers Demographic Information
Mother’s Age 28.79 5.64 26.24 5.31 -0.33
Married 0.72 0.45 0.38 0.48 -0.51
Race - White 0.79 0.41 0.89 0.31 0.19
Race - Black 0.12 0.32 0.08 0.27 -0.09
Race - American Indian / Eskimos 0.01 0.09 0.02 0.14 0.06
Race - Asian / Pacific Islander 0.08 0.27 0.01 0.10 -0.24
Hispanic Origin - None 0.79 0.41 0.95 0.21 0.36
Hispanic Origin - Mexico 0.14 0.34 0.02 0.15 -0.30
Hispanic Origin - Puerto Rico 0.01 0.11 0.01 0.10 -0.02
Hispanic Origin - Cuba 0.01 0.07 0.00 0.04 -0.05
Hispanic Orig. - Central/South America 0.03 0.16 0.00 0.04 -0.14
Education - up to 12th grade 0.03 0.17 0.02 0.13 -0.06
Education - Highschool 0.08 0.27 0.20 0.40 0.27
Education - College without degree 0.21 0.41 0.41 0.49 0.31
Education - Associate degree 0.20 0.40 0.26 0.44 0.09
Education - Bachelor’s degree 0.09 0.29 0.06 0.24 -0.07
Education - Master’s degree and PhD 0.24 0.43 0.03 0.18 -0.45
Resident 0.71 0.45 0.65 0.48 -0.09
Intrastate Nonresident 0.26 0.44 0.32 0.47 0.09
Interstate Nonresident 0.02 0.15 0.03 0.16 0.01
Foreign Resident 0.00 0.06 0.00 0.01 -0.05
Payment - Medicaid 0.34 0.47 0.69 0.46 0.53
Payment - Private Insurance 0.57 0.49 0.25 0.43 -0.49
Payment - Self-Pay 0.04 0.20 0.02 0.14 -0.09
Number of Observations 16,298,727 1,100,023

Source: National Center for Health Statistics (2011-2018)

16



Chapter 2. Sources of Heterogeneity in the Effects of Maternal Smoking on Infants’ Health

The average treatment effect is defined as T47p = E[Y;(l) — YZ-(O)] which is the expected
difference between the potential outcomes. The main interest in this analysis are treatment
effects which differ across individuals by their characteristics. Therefore, we focus on the

conditional average treatment effect, defined as
r(2) = By, - ¥, 1X; = o], (2.1)

To ensure causal interpretation we assume common support (a discussion of the common

support assumption can be found in section
0<P(T; =11X;) <1 (2.2)

and unconfoundedness, that is, that the treatment assignment T; is as good as randomly

assigned conditional on the covariates X;:
v vy LTix;, (2.3)

where | denotes independence of two random variables.

Unconfoundedness is indeed a very strong assumption. After controlling for the available
observables, treatment status needs to be as good as random. We do have a rich dataset
available with many factors, that the literature has found to be associated with smoking
decision and birth outcomes (Smedberg et al.l [2014). But only relying on rich data does not
ensure unconfoundedness. While we cannot test for unconfoundedness directly, we can check
whether our estimated ATE is in line with the literature. Parts of the literature are able to
instrument for smoking (Evans and Ringel, 1999, Lien and Evans, 2005, Bharadwaj et al.,
2014), others are able to control for unobserved maternal factors by comparing the same
mothers in different pregnancies (Currie et al., [2009). Figure shows that our estimated
average treatment effect is well in line with the literature. Since our ATE is in line with the

literature, unconfoundedness is likely to hold.

2.4.2. Causal Forest

For estimation of the conditional average treatment effect , we use the causal forest by
Athey et al. (2019). The causal forest is a tree based machine learning algorithm building
on the idea of classical random forests, but adjusting split criterion to be able to cope with
unobserved counterfactuals.

The starting point for|Athey et al.[s idea behind the causal forest is a partially linear model

as in |Robinson| (1988), in which the treatment effect is considered to be constant 7(x) = 7:
Y = g(Xi) + TiT + €. (2.4)

Writing p(x) = E[T;|X; = z] for the propensity score and m(xz) = E[Y;|X; = z] for the

expected outcome marginalizing over treatment, referred to as nuisance parameters, this
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model can be rewritten in a centered form, following Robinson| (1988)):
Yi = m(X;) = (T; — p(Xi)7 + &1 (2.5)

The causal effect T can be estimated by plugging in estimates of m(X;) and p(X;) and using

a residual on residual regression as

, (2.6)

which is a semiparametrically efficient estimator of 7 when assuming unconfoundedness
(Chernozhukov et al. 2018a, |Robinson, [1988). Similarly, in a setting where we allow for
treatment effects to differ with characteristics, but assuming that the treatment effect is
constant in a sufficiently small neighborhood N (z), the heterogeneous treatment effect can
be estimated as (Kreif et al., |2022])

ogixien(z)y Yi — m(Xq)) (Ti — p(X5))
Y ixienty (Ti = P(Xi)? ‘

To be able to estimate 7(x) as in (2.7)), it is crucial to find the neighborhood N (z). To do so,
Athey et al. (2019)) propose the generalized random forest, where these neighborhoods are

#(x) = (2.7)

derived as a locally weighted set of neighboring observations for each test point z, estimated
by an adaptation of the random forest (Breiman, |2001). 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. A tree is grown by
greedy recursive partitioning, where we recursively choose axis aligned 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 observation that fall into the same
leaf (Hastie et al. 2009). To minimize variance of the estimates, each tree b = 1,...,n
is grown on a random subset sampled from the original feature space S, C 1,...,n and

averaging over all those trees’ predictions leads to the prediction of the random forest for

p(z) = E[Yi|X; = «l:

B

1 Yil({X; € Ly(z),i € Sp})
2; {Xi € Ly(z),i € Sp}| =

where L; is the leaf containing x in tree b (Athey and Wager, 2019). |Athey et al| (2019)
build on this algorithm, but alternatively think of the random forest as an adaptive kernel

method. The representation in (2.8) can equivalently be written as

N o) = Ly LUK € Ly(e) i € Sp))
Sl =5 2 e nmiesy Y

=1

where the weights «;(x) measures how often the i-th observation falls into the same leaf as
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x.
Thinking of these weights «;(x) as characterization of the neighborhood N(x), one can
modify (2.7)) to estimate the CATE function as follows:

iy (@) (Vi — il Xy)) (T; = (X))
Sy ai(@) (T; — p(X4))?

To arrive at the weights a;(z), the grf implementation of the causal forest fits two separate

7(z) =

(2.10)

regression forests in order to estimate propensity scores p(x) and marginal outcomes m(x)
and makes out-of-bag predictions. These are then used to residualize outcomes and treat-
ments, on which causal trees are grown. The splits of the trees are chosen, so that treatment
effect within each leaf is similar or homogeneous, while there is heterogeneity in treatment
effects between leaves. For details on choosing a splitting rule see |Athey et al.| (2019). Sev-
eral 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 «;(z). The weights measure

how often an observation was used to estimate treatment effect at x.

2.4.3. Effect Decomposition

We are interested in characteristics that are the potentially driving factors for treatment effect
heterogeneity. Thus, we want to detect mothers’ characteristics for which we can find large
differences in treatment effects, while keeping all other characteristics fixed. To do so, we
split the sample into non-overlapping populations based on a variable of interest (partitioning
characteristic, i.e., sex: male and female population) 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 leaving out the partitioning characteristic, and the compositional effect
arising from differences in the characteristics between the groups. |Chernozhukov et al.| (2013)
proposed this decomposition that makes use of the counterfactual distribution. Unlike them,
we do not apply the decomposition with focus on changes in the distribution of outcome Y,
but on changes in the distribution of the treatment effect 7(x), depending on the outcome
Y and treatment indicator T'. 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 can be decomposed as

Froey W) — Friiin @) = [Framy () — Friim W]+ [Frgi (W) — Frgi ()] - (2.11)

Total Effect Structural Effect Compositional Effect

Fr iy (v) is the observed distribution function of 7(x) for population k. F. ¢ (y) represents

the counterfactual distribution function of 7 that would have prevailed for population k, if
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they faced populations j’s distribution of 7. It can also be interpreted as the distribution
function of 7 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. We can also look at the decomposition of quantile effects. Quantile effect
decomposition is easier to interpret and directly shows the magnitude of effect differences.

The resulting decomposition looks as follows:

Q7 (ki) (P) — Qr (i) (P) = [Qrisefiy (P) — Qr sy ()] + [Qr iy (P) — Q515 ()] (2.12)

Total Effect Structural Effect Compositional Effect
Vk,j € K,pe (0,1), (2.13)

where Qr(jix)(p) = FT_<]1.|]€> (p), p € (0,1) is the left-inverse function of Fy ).

The counterfactual distribution, the key feature to the decomposition, can be thought of
as either the result of a change in the distribution of a set of covariates X, or a change in the
relationship between the covariates with the outcome of interest (Chernozhukov et al., 2013)).
It does not arise from any observable population. It is rather constructed by integrating
the conditional distribution of the outcome Y or in our setting 7(z) with respect to the

distribution of characteristics of another population.

Frjiry (9) r=/X Fpx, (ylo)dFx, (x), (2.14)
Qrijiny (¥) = F_ iy (), p € (0,1). (2.15)

To arrive at the counterfactual distribution in equation , the conditional distribu-
tion function of population j needs to be integrated with respect to the distribution of
characteristics of population k, which makes the group characteristics comparable for the
decomposition. For ease of notation, we will denote the outcome of interest Y, instead of
7(z) for the following details on estimation. To be able to identify the counterfactual distri-
bution, we consider a finite number of populations k € K, for which covariates X; € R% and
the outcome Yi € R are observed. Given the observability of covariates X and outcome
Y, the covariate distribution F,, Vk € K and the conditional distribution Fy, y,, Vj € K
can be identified. Let X}, C R? denote the support of X; and Y, C R the support of Y;.
The counterfactual distribution is well-defined if X, C Xj, ¥(j,k) € K. For estimation,
we assume that observe samples {(Yj;, Xxi),? = 1,...,nx}. To estimate the counterfactual
distribution, one first has to estimate the covariate distribution F, (z) using the empirical

distribution function
. 1 &k
FXk(x) = szl{inSI}7 kek. (2.16)
i=1

For estimating the conditional distribution function Fy, |x, (y|z), which describes the stochas-

tic assignment of Y for individuals with characteristics X; for population j, we make use
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of distribution regression. (Chernozhukov et al. (2013)) introduce distribution regression for
estimating the conditional distribution function. It uses a binary regression framework to
estimate the conditional distribution of an outcome Y given covariates. The proposed dis-

tribution regression model is defined as

Fyx(ylz) = A(P(2)'8(y)), Vyel, (2.17)

where P(z) is a vector of transformations of X, 3(y) is parameter vector that may vary with
y and A is a link function. Different link functions such as logit, probit, linear, and log-log
are possible in this setting (Chernozhukov et al., 2013).

The estimator of the conditional distribution function takes the form

Fy, x, = MP(2)'Br(y)), (y,2) € Vp, X, k € K, (2.18)
Nk

= arg max 3 [1yp,op 10 [A (POGYD)] + 1y oy I [1 - A (POG)D)]] (2:19)
R =1

where d, = dim(P(X;)). B is derived via Maximum-Likelihood estimation for fixed y. In
practice, the counterfactual distribution is estimated on a fine mesh of points, resulting in
the convenient form Fy(j|k> (y) = n—lk Sk A(P(in)’ﬁj (y))-

The estimators are then plugged into , where the conditional distribution function
is integrated with respect to the covariate distribution to arrive at Fr(j| k) (). |Chernozhukov
et al| (2013) also construct confidence for the estimated counterfactual distribution. The
construction of the intervals pointwise and uniform confidence intervals over a prespecified
set of quantile indexes rely on functional central limit theorems and bootstrap functional
central limit theorems for the empirical counterfactual distribution.

For implementation, we make use of the grf R-package (Tibshirani et al., 2020) and the
Counterfactual R-package (Chen et al., 2020al), which provide a function for estimating

causal forest and the counterfactual distribution.
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Procedure 1: Effect Decomposition

Repeat multiple times using different random splits into auxiliary and main sample:

e Split the sample into auxiliary (A) and main sample (M)
e On Auxiliary sample: train the causal forest

e On Main sample:
— Obtain estimates 7(x) of the treatment effect via the causal forest trained on A

— Define number of populations & € K based on the partitioning variable X* € X
(continuous variables need to be categorized)

— Vk € K\ {0}: decompose total difference between the treatment effect in each
group k and the reference group 0 into structural and compositional effect

x Obtain estimates ka of the covariate distributions Fl, via

*x Obtain estimates FT(I)@)‘ x, of the conditional distribution via
% Obtain estimates of the counterfactual distributions via

*x Obtain decomposition via :

Qr k) (Y) — Qri010)(¥) = [Qr iy (¥) — Qrioiy (V)] + [Qr 08 (¥) — Q7 (0)0) (V)]

Total Effect Structural Effect Compositional Effect

Other than traditional methods, the causal forest and other machine learning based ap-
proaches provide more flexibility and a very structured way of identifying heterogeneity.
Using a simple interaction model, one faces the issue of multiple hypothesis testing, since
many variables and threshold would need to be tested. This is not the case when using
machine learning based methods. Prediction of heterogeneous effects is more precise when
using those advanced procedures, as they are able to search over high-dimensional functions
of covariates, rather than only searching over a small subgroup by using a limited num-
ber of interaction terms (Davis and Heller, 2017). Through this, researchers are able to
search for heterogeneity over the whole population and not just based on a limited number
of preselected covariates. Additionally, the researcher does not need to impose parametric
assumptions about covariate interactions. Further, the causal forest offers statistical tests to
test, whether there is significant heterogeneity present that can be explained by observable
covariates.

The proposed procedure (Procedure[1)) to decompose the treatment effect is based on two

estimation steps in sequence (CATE and counterfactual distribution estimation). Thus, this
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procedure might suffer from over-fitting. To cope with this problem, we rely on a sample
splitting idea by |Chernozhukov et al. (2018b), which splits the data into auxiliary (A) and
main sample (M). The auxiliary sample is used for training the model to estimate CATE.
The CATE is then predicted on the main sample, where the decomposition takes place. The
sample split itself is a source of uncertainty, since the learned forest structure depends on
the sample it is trained on. To control for uncertainty that is imposed by the splits, we use
many splits and report the median over all results. For confidence intervals derived on the

main sample the confidence level needs to be discounted.

2.5. Empirical Results

To be able to identify CATE, we assume unconfoundedness and overlap in the
covariate distributions. While we cannot test for unconfoundedness, we can assess overlap by
assessing overlap of propensity score estimates of treated and control group. The propensity
score p(z) = E[T;|X; = x| is one of the nuisance parameters estimated using a regression
forest in the causal forest algorithm grf, see section for details. Figure shows
propensity estimates for both smoker and non-smokers estimated by a standard regression
forest. It shows overlap for the whole range of estimated propensity scores, however especially
in the non-smoker group, individuals with a propensity score estimate of larger than 0.4 are
rare. Since there might be concerns due to the limited overlap, we also run our analysis after
asymmetrically trimming the propensity as proposed in |Sturmer et al.| (2010). See Section
2.6.4] for details.

Table [2.3] provides an overview of the findings of the empirical analysis for standardized
birth weight and Apgar score, the main outcomes of interest. We will report the full decom-
position for mother’s age, but will only present structural effects for toher modifying factors.

For the full decomposition, refer to Appendix [A8 For results on additional outcomes, non

standardized birth weight and gestation length, refer to Appendix [A.3.1] and [A.3.2]
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Table 2.3.: Overview: Empirical Results

Decomposition by

Weight
Effect of Mother’s . Prepregnancy Weight Gain
P
Smoking on  Age arity BMI Gain Recom- Sex
mendation
++ + -- - - 0
strong weak
strong e e
amolifvin amblifvin mitigating  weak mitigating
Standardized PLYIng PIUVINE  offects of mitigating  effects of no effect
) effects of effects of ) . .
Birth . . obesity, effects of gaining differ-
. increased increased .
Weight ) . only weak  increased above ence
mother’s parity . .
e for weight gain recommen-
& overweight dation
+ - 0 + 0 0
no
amplifying  weak no weak modifying
effects of mitigation  modifying  amplifying effect of no effect
Apgar Score increased of effect of effects of weight differ-
mother’s increased increased increased gain by ence
age parity BMI weight gain  recommen-
dations
++: strong amplification, +: amplification, 0: no effect, -: weak mitigation, - -: strong mitiga-

tion
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Figure 2.4.: Propensity Score estimates for Smokers and Non-Smokers
Note: Histogram of estimated propensity score estimates for smokers (smoking status 0)
and non-smokers (smoking status 1). Propensity score is estimated using a regression forest.
For propensity score smaller than 0.4 there is large overlap between the two groups. For
propensity score estimates above 0.4 overlap is smaller, since untreated individuals are rare.

2.5.1. Standardized Birth Weight

Figure shows the conditional average treatment effect of smoking on standardized birth
weight estimated using a causal forest and the ATE estimate including corresponding con-
fidence intervals. The effect of smoking is negative, with a mean CATE of around —0.35
standard deviations. This roughly correspond to a mean reduction of —180 grams, in case
we consider the standard deviation in birth weight of the reference group used for standard-
ization. Only considering the average treatment effect would mask the heterogeneity that is
present. Some individuals are barely harmed by smoking, others face a reduction in stan-
dardized birth weight of —0.6, corresponding to a birth weight og —310 grams. Estimated
average treatment effect is clearly negative, but also confidence intervals do not account for
the strong heterogeneity present.

The results in figure follow the implementation steps as described in procedure
repeated 10 times using different random splits into main and auxiliary sample. The dif-
ferences that we see, always refer to the same baseline group, which is the youngest age
group for mother’s age. We report confidence bands for o = 0.05, meaning we use bootstrap

confidence bands for confidence level 0.975 but discount for splitting uncertainty, resulting
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Effect of Maternal Smoking on Birth Weight

0.0

Estimated Treatment Effect
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Figure 2.5.: Sorted CATE and ATE estimates of smoking on standardized birth weight
Note: The solid black line shows the estimated CATE of smoking on standardized birth
weight sorted in ascending order. The dashed black line shows the 95% confidence intervals
derived via bootstrapping. CATE is estimated using a causal forest as described in[2.4.2)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.

in confidence level of 0.95. Figure shows the decomposition for mother’s age. The z-axis
of the plot shows the quantile index. Since we are looking at (mostly) negative effects, the
lower quantiles are the areas where the effect of smoking on the birth outcome of interest is
strongest. The y-axis displays the differences in the outcome of interest. The top left plot
shows the quantiles of the observed CATE cumulative distribution (solid line) and counter-
factual distribution that would have prevailed for other groups if they faced 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. On the bottom left we see the structural effect, which is our main effect of
interest. It shows the difference only associated with mother’s age. Characteristics of groups
are kept comparable by using counterfactual distribution. This difference is always relative
to the reference group. The plot on the bottom right shows the compositional effect, which is
the difference associated with differences in group characteristics, leaving out decomposition
dimension. We find strong modifying effect for mother’s age in the effect of smoking on
standardized birth weight. The total effect indicates significant differences between mothers

younger than 27 and older than 27. The structural effect confirms this observation. For
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mothers older than 27, the effect of smoking on standardized birth weight is nearly twice as
strong as for younger mothers. For mothers older than 27, there is no significant difference
between the three age groups considered. This profound difference fades for the last two
quartiles, suggesting within group heterogeneity. For parity, we separately look at nullipara,
primipara, secundipara, and mothers with 3 or more previous live births (multipara). The
structural effect of the decomposition by parity (see Figure reveals that increased num-
ber of previous children born to the mother amplify the effect of smoking on standardized
birth weight. For multipara for example, this can explain up to —0.05 (around 27g) of the
total difference in standardized birth weight. The difference is stable over the quantile in-
dices, suggesting that each additional child the mother has given birth to is amplifying the
effect of smoking on standardized birth weight by 0.025 standard deviations. Since the effect
difference is stable over the quantile indices and clearly separated between the groups, there
is no within group heterogeneity.

Figure 2.9 shows a strong mitigating effect of obesity on the effect of smoking on stan-
dardized birth weight. However, the positive effect of overweight, for example reported by
La Merrill et al.| (2011), cannot be observed here. There seems to be no profound difference
between overweight or normal weight women compared to underweight women, which are
the reference group in this case.

For weight gain we look at the actual weight gain in pounds, but additionally relate
weight gain to recommendations based on prepregnancy BMI published by [CDC — National
Center for Health Statistics| (2021). Recommendations are as follows: For BMI less than
18.5 (underweight), recommended weight gain is 28 — 40 pounds, for BMI between 18.5 —
24.9 (normal weight) recommendation is 25 — 35 pounds, for BMI 25 — 29.9 (overweight)
recommendation is 15— 25 pounds, and for BMI above 30 (obese) recommendation is 11 —20
pounds. We classify mothers into three categories which are 'below recommendation’, ’as
recommended’, and ’above recommendation’.

We see similar results for weight gain in pounds and weight gain recommendations (Figures
and . Excessive weight gain is having a very small positive effect, as it helps in
mitigating the effect of smoking on standardized birth weight. This effect is very small, there

is only a detectable difference in standardized birth weight of 0.025, and there is no clear
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difference between low and moderate weight gain. When looking at absolute weight gain,
the structural effects also point towards the hypothesis, that gaining excessive weight (above
recommendation) has a very small positive effect. Gaining below recommendation and as
recommended seem to have no modifying effect on the effect of smoking on standardized

birth weight.

2.5.2. Apgar Score

Effect of Maternal Smoking on APGAR Score

Estimated Treatment Effect

-0.15

-0.20

0.00 0.25 0.50 0.75 1.00
Quantile

Figure 2.6.: Sorted CATE and ATE estimates of smoking on 5-minute Apgar score
Note: The solid black line shows the estimated CATE of smoking on 5-minute Apgar score
sorted in ascending order. The dashed black line shows the 95% confidence intervals derived
via bootstrapping. CATE is estimated using a causal forest as described in [2.4.2] 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.

Since the Apgar score ranges from 0 to 10, we cannot expect to see large differences in
treatment effect for the decomposition of interest. The observable mean difference in Apgar
score for smoker and non-smoker is only 0.04, whereas it is 189.72g for birth weight and
0.375 for standardized birth weight for example. The average treatment effect of smoking on
Apgar score is —0.025, which is quite small. However, Figure [2.6] reveals some heterogeneity
in the effect. Further, the figure shows that some women potentially positively affect the
Apgar score of their newborn when smoking. This might seem surprising at first, since
smoking is known to be harmful. But the positive effect can be explained by the weight

reduction caused by smoking. Birth weight proxies for the abdominal circumference of the
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fetus, which is negatively correlated with the Apgar score. A large abdominal circumference
may be associated with labor dystocia, hence reducing the Apgar score (Conti et al., 2020)).
Thus, a decrease of birth weight caused by smoking also reduces abdominal circumference,
which reduces the risks of labor dystocia and increases Apgar score, especially for those
mothers who give birth to very large and heavy children.

For mother’s age, we can see a similar pattern as for the effect on standardized birth weight
(Figure . However, the total effect indicates smaller differences than for decomposing
the CATE on birth weight standardized. Increased mothers age amplifies the effect of smok-
ing on Apgar score. At the lower quantile indices, it can be responsible for up to a difference
of —0.075 in Apgar Score when smoking. As for the decomposition for standardized birth
weight, this difference fades for the upper quantiles, indicating large within group hetero-
geneity. The compositional effect captures differences for mothers at the lower quantile end
of CATE distribution, but fades towards 0 elsewhere, thus mother’s age explains most of the
observable total difference.

Figure [2.13] shows no clear effect of parity on the effect of smoking on Apgar score. The
structural effect captures both small mitigating and amplifying effects for parity. Increased
number of previous pregnancies is mitigating the effect of smoking on birth weight, but only
at the lower quartile of the estimated distribution and we only observe a significant difference
between nullipara and multipara. For all other quantiles, the effect is close to 0. Thus, the
modifying influence of parity on the effect of smoking on Apgar score seems to be mostly
non-existent.

The structural effect of the decomposition for Apgar score suggests, that strong weight
gain during pregnancy is slightly amplifying the effect of smoking on Apgar score. The effect
difference is very small, so that only a decrease up to —0.01 in Apgar score when smoking can
be explained by a weight gain of more than 39 pounds, see Figure The effect is stable
over the quantile indices, suggesting no within group heterogeneity. Additionally, there is no
modifying effect of weight gain classified by recommendations depending on prepregnancy
BMI (Figure. Similar to the findings on weight gain, BMI does not show any modifying
effect on the effect of smoking on Apgar score, as shown in Figure Structural effect is

very small and close to 0 for all three groups observed. As for the decomposition of the effect
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of smoking on standardized birth weight, the decomposition shown here does not indicate

any sex differences (Appendix Figure [A.59)).
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Figure 2.7.: Standardized Birth Weight - Effect Decomposition by Mother’s Age
Note: The figure displays the decomposition of the effect of maternal smoking 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 12 to 23
(the lowest quintile). Decomposition follows the procedure described in [I| Total, structural and compositional effect are defined as in
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Note: The figure shows the structural effect decomposition of the effect of maternal smoking on standardized birth weight for different
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. For full decomposition results, refer

to Appendix @
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Chapter 2. Sources of Heterogeneity in the Effects of Maternal Smoking on Infants’ Health

2.6. Robustness Checks

2.6.1. Heavy Smokers

Regarding the groups of interest used for the decomposition, we find significant difference
in smoking behavior (Figures and . To verify that our findings are not driven
by the strong heterogeneity in smoking levels of different groups and to account for dose
dependency in the effect of smoking, we will rerun the analysis with focus on heavy smokers.
There is no consensus over the definition of heavy smoking. Definitions usually vary between
more than 20 daily cigarettes or more than 25 daily Cigaretteﬂ We follow the definition of
heavy smoking as 20 or more daily cigarettes, in order to not loose too many observations.
Therefore, we only include those smokers, who smoke more than 20 daily cigarettes on
average in the first trimester and do not quit smoking during pregnancy.

Restricting the analysis to heavy smokers only, removes the significant differences in smok-
ing intensity between mother’s age groups and prepregnancy BMI (see Figures and.

When looking at the effect size of smoking (i.e., figure , we observe larger estimates
when only including heavy smokers in the analysis. This points towards a clear dose de-
pendency of the effect, with stronger negative effects for heavy smokers. As in the main
analysis, we find strong amplification by increased mothers age (Figure and parity
(Figure . While figure shows that the effect modification by obesity is similar
in size to the one in the main analysis, weight gain does not have strong mitigating effects
regarding heavy smoking (Figure . Overall, results are very similar to those in the
main analysis.

The analysis of the effect of heavy smoking on Apgar score reveals similar effect size as
for the overall smoker population. This might stem from the overall very small effect that
smoking has on the Apgar score and dose dependency might be limited in this relationship.

As in the main analysis, Figure shows a clear age difference in the structural effect,

10The office for national statistics in the UK defines heavy smoking as smoking more
than 20 daily cigarettes (https://www.ons.gov.uk/peoplepopulationandcommunity/
personalandhouseholdfinances/incomeandwealth/compendium/generallifestylesurvey/2013-03-
07/chapterlsmokinggenerallifestylesurveyoverviewareportonthe20llgenerallifestylesurvey),
so does the Canadian government (https://www.canada.ca/en/health-canada/services/health-
concerns/tobacco/research/tobacco-use-statistics/terminology.html). A study by |Pierce et al.
(2011)) also defines heavy smoking as 20 or more daily cigarettes, however |Wilson et al.| (1992)) uses the
definition of 25 or more cigarettes per day.
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Figure 2.17.: Average daily cigarette consumption for mother’s age and parity decomposition
groups of interest

Note: The figure shows the mean number of cigarettes in the groups used for decomposition,
using data from 2011, 2013, 2015, and 2018. For each group, the figure displays the mean
of reported average cigarette smoked in the first trimester of pregnancy and corresponding
95% confidence intervals in the first row. The second row displays reported average cigarette
smoked in the first trimester of pregnancy and corresponding 95% confidence intervals after
filtering for heavy smoking (more than 20 daily cigarettes).
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Figure 2.18.: Average daily cigarette consumption in the weight gain and BMI decomposition
groups of interest

Note: The figure shows the mean number of cigarettes in the groups used for decomposition,
using data from 2011, 2013, 2015, and 2018. For each group, the figure displays the mean
of reported average cigarette smoked in the first trimester of pregnancy and corresponding
95% confidence intervals in the first row. The second row displays reported average cigarette
smoked in the first trimester of pregnancy and corresponding 95% confidence intervals after
filtering for heavy smoking (more than 20 daily cigarettes).
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which are more profound when only looking at heavy smokers. An increase in age results in
amplification of effect size. Contrary to our findings in the main analysis, all prepregnancy
BMI groups show at least weak mitigating effect compared to the underweight group (Figure
, whereas we could only observe mitigating effects for obesity in the main analysis. For
weight gain (see Figure and , there is no significant difference in treatment effect
magnitude for any of the groups considered, which is partially in line with the main analysis,

where we found weak amplification regarding excessive weight gain.

2.6.2. Low Birth Weight

The birth weight distribution has large dispersion and weight loss caused by smoking is espe-
cially relevant in the lower tail of the distribution, as strong adverse effects are concentrated
there. For example, a decrease in birth weight of 200 grams is less serious in case the baby
would weight 3500 grams without mother’s smoking during pregnancy compared to babies
that would be born at 2000 grams without smoking of the mother. In order to understand
whether the driving factors of heterogeneity identified in the main analysis are also relevant
in the group with the largest adverse health consequences, we rerun the analysis for stan-
dardized birth weight on a subsample with all births below 2800 grams. This way, we include
all LBW births while also including numerous normal weight babies. These normal weight
babies are close to LBW regarding the effect size of smoking during pregnancy ranging from
—300 grams to 0 grams. As in the robustness check on heavy smoking, the distribution
regression is evaluated on a less comprehensive grid, resulting in less smooth estimates and
confidence intervals.

Overall, estimated effect size of smoking on standardized birth weight is significantly
smaller, when only considering babies born at below 2800 grams. The effect is nearly cut in
half (Figure [A.26)). This indicates, that especially at higher birth weights, where a weight
reduction might not be as critical as in the subsample considered here, effect of smoking is
larger. However, the decomposition reveals similar risk factors, as the main analysis. For
increased mother’s age, the structural effect (Fiogure shows a significant but small
amplification for older age groups (older than 30) in the first quartile. In all other quartiles

the effect is not different from 0. The decomposition in figure does not reveal any
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difference in effect size related to parity. Considering only babies born at lower birth weight
(Figure |[A.28]), there is still a small mitigating effect of obesity present. For weight gain
(Figure A.30) we can again observe clear mitigating effects of increased weight gain or

gaining weight as recommended or above recommendation.

2.6.3. Prepregnancy Smoking

Smoking during pregnancy is strongly stigmatized. Therefore, misreporting of self-reported
measures of smoking behavior might be a problem. In a sample of mothers in New York City
and Vermont, |[Howland et al.| (2015) find birth certificates underestimated smoking by 24.3%
before pregnancy and 26.2% during pregnancy compared to medical records. Since smoking
before pregnancy is less misreported than smoking during pregnancy, we want to use it as
a way to check how robust our results are against misreporting. As in preceding robustness
checks, the distribution regression is evaluated on a less comprehensive grid, resulting in less
smooth estimates and confidence intervals.

Appendix [A-6] shows the decomposition for the effect of prepregnancy smoking on stan-
dardized birth weight and 5-minute Apgar Score. For both standardized birth weight and
Apgar score, patterns in modifications do not change much compared to our main analysis.
Effect size for those harming the baby most remains similar, see figure However, the
quantiles of the cumulative distribution function show, that some mothers barely harm their
baby at all. This can be explained by mothers quitting smoking when they find out they are
pregnant.

Figure shows, that results for mother’s age change slightly. In the first two quartiles,
effect size, as well as patterns of modification with increasing age remain. For the two upper
quartiles however, we now observe mitigating effects of age. This can be explained by the
noisy signal of the prepregnancy smoking treatment. Since some mothers stop smoking before
pregnancy, the effect of prepregnancy smoking is close to zero for some, and might also show
mitigating effects regarding mother’s age. For both standardized birth weight and Apgar
score, we see changes in effect modification by BMI. For the Apgar score (Figure , we
now find effect modification by BMI, which we did not find when looking at smoking during

pregnancy. For standardized birth weight (Figure |A.33]), the strong modification by obesity
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remains, but we now also find mitigating effects of overweight and normal weight compared

to underweight mothers.

2.6.4. Propensity Trimming

In order to ensure sufficient overlap in the propensity score of treated and untreated obser-
vations, we trim the propensity score as described in |Stiirmer et al. (2010)E The proposed
trimming is asymmetric. In a first step they cut all observations for which there is no overlap
in propensity scores. In a second step, which we apply to our data, they add a range restric-
tion to the upper and the lower end of the overlapping propensity scores. For the lower end,
they use the lowest 2.5-th percentile of the propensity score estimated for treated observa-
tions. At the upper end of the propensity score distribution, they use a restriction based
on the highest 97.5-th percentile of propensity scores in the untreated population. Adopting
this asymmetric propensity score trimming, we trim the propensity score as indicated in fig-
ure 2.19] Our results do not change much compared to the results using the entire range of
observations. Regarding standardized birth weight, effect modification by age (Figure |A.41))
is not as strong as without trimming and for parity, there is no clear distinction between the
effect of one child or two children previously born to the mother (Figure . Concerning
the 5-minute Apgar score, we now find weak effect mitigation by increased BMI (Figure

A.48) and effect amplification by multiparity (Figure [A.47]), which we did not find before.

2.7. Discussion and Implications

The results presented can serve as an effective mean to improve allocative efficiency by
better targeting of intensified smoking cessation programs. These programs typically include
intensified counseling session, thorough information material, follow-up calls, or medication
to increase chances of successful smoking cessation (Agency for Healthcare Research and
Quality, [2019). These intensified smoking cessation programs are scarce and usually not

available for all pregnant smoking women.

HCrump et al.| (2009) propose to trim propensity scores in order to ensure sufficient overlap. However, their
approach uses a symmetric trimming rule, which we cannot use in our setting, since we would lose most
of our observations.
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Figure 2.19.: Propensity Score estimates for Smokers and Non-Smokers
Note: Histogram of estimated propensity score estimates for smokers (smoking status 0)
and non-smokers (smoking status 1). Propensity score is estimated using a regression forest.
Red lines indicate trimming.

Using the case of low birth weight, we want to highlight the potential of our results. In a
hypothetical scenario, we have 10,000 places for intensified smoking cessation availableE
For simplicity, we assume that all mothers who receive intensified smoking cessation stop
smoking. Since our results suggest, that risk factors for amplifying the effect of smoking
on birth weight are increased mothers age, increased parity, low prepregnancy BMI and
low weight gain, we want to sort all smoking mothers by these four easy criteria and make
smoking cessation available for the first 10,000 in our sorted list. To compare results to an
uninformed choice, we select 10,000 smoking mothers at random.

In order to evaluate the costs saved, we multiply costs savings associated with each addi-

tional gram of birth weight with the estimated effect of smoking in grams. We use estimates

provided by |/Almond et al.| (2005) (for details on costs, see |Almond et al.| (2005), Table IV),

who estimate savings in hospital charges associated with each additional gram of birth weight
in certain birth weight regions using data from 1995-2000. They provide pooled cross-section
estimates and estimates using mother’s fixed effects. For example costs savings associated
with each additional gram of birth weight for babies born at 800-1000 grams is $212.77,

whereas it is only $5.19 for babies born at 2500-3000 grams. For babies born at 600-800

12Cost estimates for smoking cessation programs range from $42 (Drouin et al., [2021),$45 (Pollackl [2001),

to up to $1482
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grams, Almond et al.| (2005) estimate additional costs of $186.59 per gram of birth weight,

which they explain by a selection effect in which babies born at low birth weights are likely
to die soon after birth, and therefore accumulate fewer charges for hospital charges. Since
we want to estimate costs saved by smoking cessation through which the babies should get
heavier, healthier at birth, and therefore more likely to survive, we will assume that the same
cost effects per additional gram of birth weight holds for babies born at 600-800 grams and
800-1000 grams.

Effect of Smoking Cessation Programs
10,000 Smoking Pregnant Women selected based on main modifying factors 10,000 Smoking Pregnant Women selected at random

1500 : 1500

1000 1000

count
count

0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
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[ sitn weight smoking [ ] successtul Smoking Gessation

Figure 2.20.: Birth Weight Distribution - Smoking Cessation
Note: Histogram of observed birth weight and estimated birth weight after smoking cessation
for 10,000 smokers selected for smoking cessation program. The red line indicates LBW (2500
grams).

Figure[2.20]shows birth weight distribution for children born to randomly targeted smokers
and smokers targeted by using results of this study. Clearly, the informed sorting captures
more babies born at LBW or below. The sorting based on main modifying factors selects 1546
LBW babies, whereas the random sorting selects only 954. This also translates into improved
cost savings. While targeting at random saves costs between $9,637,395 (pooled cross-section
estimates) and $3,242,219 (mother’s fixed effects), targeting using the results of this study
saves costs between $17,004,792 and $5,819,760. The saved costs from the informed sorting
are approximately 80% higher than in the random case. Considering medical inflation, these

cost savings correspond to between $37 million and $12.5 million in year 2022 dollars. Apart
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from saved costs, targeting those most a risk to harm their babies a lot, can also result
in improved health. While the assumption that all mothers enrolled in smoking cessation
programs is not likely to hold, this analysis underlines the strength of the main results derived
in this study. Knowledge of factors amplifying the effect of smoking on health at birth is

crucial and can help in better targeting intensified care.

2.8. Conclusion

It is a matter of debate whether smoking is more damaging in some pregnancies than others.
Few studies exist in the medical literature that try to shed a light on mother’s characteristics
driving the heterogeneity. However, these studies suffer several weaknesses and provide am-
biguous results. But what are the driving factors of the heterogeneity that is present? When
decomposing the treatment effect on several birth outcomes, we find strongest modifying
effects for mothers age, which are robust to different specifications and outcomes.

As highlighted in section the findings presented have important policy implications,
especially regarding targeting of intensified smoking cessation programs. Smoking cessation
is not easy, and most smokers who try to stop smoking without support fail. Effective means
of smoking cessation, which comprise a combination of medication and therapy, are costly
and time intensive. Babies harmed a lot by smoking in utero cause higher medical care costs
in their first years of life, which could have been avoided in case the mother would have
been able to stop smoking before or during pregnancy. Our findings suggest, that a simple
targeted intervention of providing smoking cessation to 10,000 smoking pregnant women,
can save costs of more than $17 million.

Our results are subject to several limitations. One might argue, that the estimates is biased
due to the self-reported smoking indicator. Self-reported measures will never be accurate,
and there is no way to check for the reliability of smoking levels indicated by the mothers
themselves in the data used. Using prepregnancy smoking as a less misreported treatment,
we find very similar results to our main analysis. Additionally, the smoking indicator does
not thoroughly capture e-cigarette smoking or vaping, which is more and more popular

among younger Americans. An investigation on the effect of e-cigarette smoking or vaping
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on birth outcomes seems like a useful direction for future research.

While the data abstracted from birth certificates is suited to evaluate newborns health,
we cannot capture adverse health effects of smoking that result in fetal death. Especially
the increased risk of stillbirth and miscarriage cannot be assessed by our data, since it
only contains newborns that survived up until delivery at least. Consequently, we might
underestimate adverse effects of smoking on health, as the most affected fetuses are not
included in the sample. Further, the results do not account for dose dependency in the effect
of smoking on infant health, since we look at smoking as a binary treatment. To rule out that
results might only be driven by stronger smoking of more affected groups, we restrict the
smoker sample to heavy smoking only. This way, smoking levels between different groups
more comparable, and we can rule out possible effect differences related to differences in
smoking intensity. In doing so, we find very similar results to those in our main analysis,
confirming strong heterogeneity by mother’s age.

Despite these limitations, we can add new evidence for treatment effect heterogeneity in
the effect of smoking on birth outcomes and identify mother’s characteristics that drive the
heterogeneity found. In the future, this framework can potentially be used in other health-
related contexts beyond health at birth, where identifying drivers of heterogeneity is an

important mean to understand underlying mechanisms of treatment effects.
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Chapter 3.

Effect of Smoking Bans on Smoking

during Pregnancy: Evidence from Germany

3.1. Introduction

Maternal smoking during pregnancy harms the unborn child’s health and is strongly asso-
ciated with birth weight reduction as well as fetal growth restriction. Mothers who smoke
are at high risk of preterm delivery, stillbirth, and low birth weight birth, which are leading
causes of death, disability, and disease among newborns (Almond et al., 2005). These ad-
verse effects pose excessive costs on health care systems (Jacob et al., 2017, Kathleen Adams
et al., |2002)). It is therefore one of the key public health priorities of the WHO and many
governments to reduce smoking prevalence and exposure to secondhand smoke, for example
by smoke-free legislation and smoking bans in public places. However, most studies find
no firm evidence on the effectiveness of smoking bans on active smoking (e.g., |Adda and
Cornagliay, 2010, |Anger et al. 2011} |Jones et al., [2015).

This studyE] tries to shed a light on the smoking habits of pregnant women in Germany and
evaluates how smoke-free legislation impacts their smoking behavior. Pregnant women are
especially at risk when smoking, as they are not only harming themselves but substantially
threatening the health of their unborn babies. Therefore, it is important to evaluate who

is smoking during pregnancy, whether there are differences by federal states, and especially

!Data from quality assurance procedures pursuant to Section 136 of the German Social Code, Book Five
(Sozialgesetzbuch, SGB V) of the Federal Joint Committee (Gemeinsamer Bundesausschuss, G-BA) were
used for this study.
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focus on how different implementations of smoking bans across federal states in Germany
influence smoking among pregnant women.

We exploit staggered implementation of state-level smoking ban legislation to estimate its
effect on pregnant women’s smoking behavior, using recent data from the German quality
assurance procedure perinatal medicine, including all births that occurred in German hos-
pitals between 2004-2016. We pursue a difference in differences (DiD) approach and make
use of variations in smoke-free policy details by federal states over time. For smoking bans,
we focus on bans in restaurants and bars, which differ substantially in terms of strictness
across states. Therefore, we classify smoking bans into two groups, strict and partial bans,
to account for different levels of strictness. Partial smoking bans include all bans with ex-
ceptions, i.e. smoking pubs, and separate smoker rooms, whereas strict smoking bans do not
allow for exceptions and prohibit smoking in all restaurants and bars.

Our findings suggest a small but significant decreasing effect of smoking bans on smoking
intensity, but no effect on prevalence. Controlling for years and state fixed effects, we find
a decrease in average daily cigarette consumption among smoking pregnant women, which
is stronger for strict bans than for partial bans. For strict smoking bans, we find a de-
crease of around 0.3 in daily cigarettes, corresponding to a reduction of 4 packs of cigarettes
during pregnancy. For partial bans, we only find a reduction of 0.05 daily cigarettes. Re-
garding smoking prevalence among pregnant women, smoke-free legislation shows no robust
effect. Overall, smoke-free legislation seems to be an effective mean to reduce the number of
cigarettes smoked, but do not affect smoking prevalence.

Since the analysis of smoking behavior trends in federal states suggests that groups of states
behave similarly over time, we want to relax the time-constant heterogeneity assumption
imposed by the DiD framework and allow for unobserved group heterogeneity to vary over
time. Using a recently introduced grouped fixed effects estimator by Bonhomme and Manresa
(2015), we find very similar effects of smoking bans on smoking intensity as in our main
specification. Again, we find a decrease of around 0.3 daily cigarettes due to strict smoking
bans. Regarding the smoking prevalence results suggest, that unobserved factors within
certain groups of states explain the overall smoking prevalence reduction.

Overall, smoking prevalence in Germany is declining, but since prevalence is especially
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increasing for younger women of childbearing age (aged 15-45) (Bergmann et al., 2008,
Lampert et al., 2013, there is a need to evaluate trends in smoking during pregnancy and
underlying mechanisms. Most Western countries show declining smoking prevalence (Cnat-
tingius, 2004), however, there are still a lot of smoking pregnant women, and especially
Germany shows high smoking prevalence (World Health Organization) 2015). For example,
10.7% of pregnant women are smoking in the US in 2010 (Tong et al., 2013), 12.5% in Den-
mark (2010), 16.5% in Norway in 2009, and 6.9% in Sweden in 2008 (Ekblad et al., 2013).
Compared to other countries, data availability on smoking during pregnancy in Germany
is poor, since only a few surveys exist, that elicit smoking behavior (Kuntz and Lampert,
2016). Nevertheless, the prevalence of maternal smoking during pregnancy in Germany has
been studied using different data sources (Kuntz and Lampert, 2016, Kuntz et al., 2018,
Scholz et al., 2013] [Schneider et al., |2008)) and studies agree on declining prevalence. We also
find declining smoking prevalence among pregnant women, which drops from 13% (2004) to
7.6% (2016). Additionally, we analyze smoking intensity. For average cigarette consump-
tion, we find a reduction of 1.6 daily cigarettes, from 10.4 daily cigarettes in 2004 to 8.8 in
2016. However, both smoking prevalence and intensity differ substantially across states. For
smoking prevalence, there is a profound North/South disparity, where Northern and Central
German states show higher prevalence. Looking at smoking intensity, a West/East disparity
is visible, where pregnant smokers smoke on average more cigarettes in West Germany.
The literature on the effects of smoking bans on smoking behavior shows limited evidence
for their effectiveness on active smoking (e.g. |Adda and Cornaglia; (2010)) for the US, |Anger
et al.| (2011) for Germany, |Carpenter et al.|(2011) for Canada, Jones et al.| (2015) for the UK).
To our knowledge, this is the first study with emphasis on the effects on smoking behavior
of pregnant women in Germany, but the effect on the entire German population has been
studied by |Anger et al.| (2011). Using a difference-in-differences approach, |Anger et al. (2011)
study the effect of smoking bans in Germany shortly after the introduction of federal laws
and focus on short-term effects. They find that the introduction of smoke-free legislation in
Germany did not change average smoking behavior within the whole population. However,
they find effects on individuals that go out to restaurants and bars often, where individuals

are both less likely to smoke and reduce smoking intensity after the introduction of the ban.

46



Chapter 3. Effect of Smoking Bans on Smoking during Pregnancy: Evidence from Germany

Regarding differences by federal state, smokers who live in states with stricter bans in place
show a stronger reduction, which is also supported by our findings. A study by Kvasnicka
et al.| (2018) examines the effect of public smoking bans in Germany on hospitalization. They
find smoking bans to be effective in preventing hospital admissions due to cardiovascular
diseases and asthma but do not evaluate active smoking behavior in detail. [Hankins and
Tarasenko| (2016) study effects of smoking bans on neonatal health outcomes and maternal
smoking behavior during pregnancy in the US. They find no effect of smoking bans on
maternal smoking behavior or neonatal health outcomes. |Jones et al.| (2015) examine the
effect of public smoking bans on smoking behavior in the UK, where no firm evidence on the
effects of smoking bans on smoking can be found. Similar to most studies in the literature,
we also find mixed evidence for the effectiveness of bans on active smoking.

Since our primary focus is on pregnant women and their smoking behavior, this study
adds to the existing body literature on the effects of smoking bans by moving the focus to
a narrower, but very important subgroup of the population. Further, we evaluate long-term
trends on the most comprehensive data set including all hospital births in Germany and
shed a light on differences in smoking ban enforcement by federal states. Studying smoking
in Germany is of special interest, since Germany is one of the high-income countries with
the highest smoking prevalence (World Health Organization|,|2015) and smoking behavior in
Germany has not been researched extensively.

In the next section, we give more details on smoke-free legislation in Germany. Section
3 describes the main data source and discusses the empirical strategy. In section 4, we
present our findings and additional robustness checks, followed by a discussion of the results

in section 5.

3.2. Smoking Bans in Germany

Smoke-free policies were introduced starting from August 2007 to ban smoking from several
public places (i.e., bars and restaurants, schools, hospitals) in all 16 German federal states
in order to protect non-smokers from adverse effects of second-hand tobacco smoke. Baden-

Whuerttemberg was the first state to introduce smoke-free legislation in August 2007 and by
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the end of August 2008, all states had introduced corresponding laws. However, policy de-
tails differ in terms of several exemptions by federal states (DEHOGA| 2008). A federal law
introduced on September 01, 2007 regulates strict smoking bans in federal institutions and
public transport, additionally the federal government raised minimum legal age for buying
cigarettes from 16 years to 18 years in all of Germany (September 01, 2007). Details on smok-
ing bans in all other areas lie within responsibility of each federal state, causing differences in
introduction dates and strictness of smoking bans over time and federal state. Overall, Ger-
man smoking bans were less comprehensive than smoking bans introduced in other countries
and several exemptions applied. In states like Baden-Wuerttemberg, Berlin, Lower Saxony,
and Rhineland-Palatinate, pubs can self-declare as "smoker pub", allowing people to legally
smoke inside. There are only three states where currently a strict smoking-ban applies in
restaurant and bars. In Bavaria the at that time most comprehensive smoke-free legislation
of all German states was introduced on January 01, 2008. The enforcement of this strict
ban, among other reasons, was made responsible for poor election results of the ruling party
(CSU) in the 2008 Bavaria state election. Therefore, following the election, strict smoking
bans were relaxed on August 01, 2009, leading to massive criticism by smoke-free initia-
tives, which eventually led to a referendum in 2010. The referendum was a success for the
smoke-free initiatives and the comprehensive smoke-free legislation from 2008 was reintro-
duced on August 01, 2010. The strict smoking ban prohibits any smoking in restaurant,
bars, pubs, and beer tents on local fairs. The state of Saarland changed their smoking-bans
on July 01, 2010, which now excludes any exemptions for smoking bans in restaurants and
bars, taking place after transitional arrangements at latest in December 2011. Lastly, North
Rhine-Westphalia which had one of the loosest smoking-ban legislation of all federal states,
enforced stricter rules starting from May 01, 2013.

For smoking bans, we focus on bans in restaurants and bars, since they differ markedly
between states (see Table for details). We classify smoking bans into partial smoking
bans and strict smoking bans, where strict smoking bans means smoking ban without ex-
ceptions in place (after updated legislation in Bavaria, North Rhine-Westphalia, Saarland).
Partial smoking bans include exceptions like separate rooms dedicated to smoking inside

(i.e., Brandenburg, Hamburg) or smoking pubs (i.e. Baden-Wuerttemberg, Berlin). Data on
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Table 3.1.: Enforcement Dates of Smoking Bans in Germany

Federal State Enforcement of smoking ban Updated (Restaurants & Bars)
Baden-Wuerttemberg August 01, 2007 -
Bavaria January 01, 2008  August 01, 2009 and August 01, 2010
Berlin July 01, 2008 -
Brandenburg July 01, 2008 -
Bremen July 01, 2008 -
Hamburg January 01, 2008 -
Hesse October 01, 2007 -
Lower Saxony November 01, 2007 -
Mecklenburg-West Pomerania August 01, 2008 -
North Rhine-Westphalia July 01, 2008 May 01, 2013
Rhineland-Palatinate February 15, 2008 -
Saarland June 01, 2008 December 01, 2011*
Saxony February 01, 2008 -
Saxony-Anhalt July 01, 2008 -
Schleswig-Holstein January 01, 2008 -
Thuringia July 01, 2008 -
Germany September 2007 -

* Stricter smoking ban was enforced July 01, 2010, but transition period for certain exceptions
ended December 01, 2011.

Note: Information on smoking ban introductions are based on authors personal research in
current and archived federal state laws and overview provided by [DEHOGA (2008).

smoking ban introductions are based on authors personal research in current and archived
federal state laws and overview provided by DEHOGA| (2008). More detailed information
on smoking bans in Germany can be found for example in /Anger et al.| (2011) and [Kvasnicka

et al] (2018).

3.3. Data and Method

3.3.1. Data Basis

Our main data source is data collected on behalf of the Common Federal Commission of
Germany (Gemeinsamer Bundesausschuss, GBA) for the purpose of quality assurance. Data
driven quality assurance is routinely conducted in all of Germany to ensure transparency in
care, medical and nursing quality (IQTIG, Institut fir Qualitatssicherung und Transparenz
im Gesundheitswesen), 2016]). One area covered by the healthcare quality assurance system
is obstetrics and neonatology. Data in the area of obstetrics and neonatology comprises all
inpatient births in German hospitals. We analyze data between 2004 and 2016. By law, all

deliveries in hospitals need to be documented by hospital staff. Overall, the data comprises
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Smoking Prevalence among Pregnant Women in Germany Average daily Cigarette Consumption
105

Smoking Rate
Average Cigarettes (per day)

Figure 3.1.: Smoking prevalence (left) and average daily cigarette consumption (right) of
pregnant women in Germany between 2004-2016

nearly all births that occurred in Germany between 2004-2016.

The data contains socio-demographic information on the mother (i.e., age, nationality,
employment status), detailed information on pregnancy care (i.e. number of prenatal exam-
inations), and detailed information about the birth and health information on the newborn
(i.e. birth weight, APGAR Score, crown-heel length). See Table for an overview of
mothers demographic information, pregnancy risk factors and infant characteristics of the
study population. Information on smoking during pregnancy is elicited by obstetrician and
mothers are asked to recall their average daily cigarette consumption during pregnancy. The
availability of information on smoking is limited to data from years 2004-2016. We clas-
sify each mother as smoker, who reported smoking at least one cigarette per day during
pregnancy.

Overall, the data of 2004-2016 comprises 8,844,029 births. Of those, 85% reported their
smoking behavior in 2004, whereas it declines to a reporting rate of only 79% in 2016. The
study population comprises all pregnancies with smoking information available, resulting
in 6,915,824 births. Mean and standard deviations of characteristics of interest remain
comparable to the overall population after filtering for availability of smoking information.

For analyzing effects of smoking bans on smoking behavior among pregnant women, we
use additional data sources. We link the female population of each federal stateﬂ to the
observations on federal state level and additionally use data on smoking ban enforcement
dates (for details see Table .

We observe a clear downward trend in both smoking prevalence and smoking intensity (see

2Source: Fortschreibung des Bevolkerungsstandes (EVAS-Nr. 12411), Bevdlkerung nach Geschlecht - Stich-
tag 31.12. - regionale Ebenen [2004-2016]. Statistische Amter des Bundes und der Lénder, 2021.
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Table 3.2.: Sample Means and Standard Deviation for Smoker and Non-Smoker in quality

assurance procedure Perinatal Medicine (2004-2016)

Whole Population Smoker Non-Smoker
Variables Mean SD Mean SD Mean SD
Mothers Demographic Information
age 30.19 5.56 27.34 6.06 30.46 5.44
unmarried 0.14 0.35 0.26 0.44 0.14 0.34
employed 0.54 0.50 0.33 0.47 0.55 0.50
Country of origin: Germany 0.81 0.39 0.85 0.36 0.82 0.39
housewife 0.27 0.44 0.45 0.50 0.28 0.45
in training/ studying 0.03 0.17 0.05 0.22 0.03 0.16
unskilled worker 0.03 0.17 0.05 0.22 0.03 0.17
skilled worker etc. 0.32 0.47 0.23 0.42 0.36 0.48
highly skilled worker etc. 0.12 0.33 0.04 0.18 0.14 0.34
Pregnancy Risk Factors
previous pregnancies 1.10 1.34 1.46 1.67 1.06 1.29
previous stillbirths 0.01 0.11 0.01 0.12 0.01 0.10
live-births 1.16 1.02 1.37 1.24 1.12 0.99
prenatal care visits 11.48 3.46 10.79 3.62 11.57 3.43
SSW first care visit 9.32 4.04 10.06 5.15 9.24 3.85
inpatient stay (days) 1.73 10.31 2.09 10.37 1.50  10.28
weight before pregnancy 68.45 15.05 69.39  16.82 68.28  14.79
weight before birth 82.30 15.32 82.52  16.88 82.29  15.07
high risk pregnancy 0.33 0.48 0.39 0.50 0.31 0.47
gestation length 39.28 2.17 39.06 2.08 39.34 2.17
cigarettes per day 1.01 3.59 9.53 6.37 0.00 0.00
Infant Characteristics
male 0.51 0.50 0.51 0.50 0.51 0.50
birth weight 3324.89 599.75 3133.35 585.27 3345.99  594.50
5-min APGAR score 9.63 0.96 9.59 1.03 9.64 0.93
head circumference 34.69 1.94 34.22 1.85 34.74 1.91
length child 51.08 3.40 50.15 3.32 51.16 3.31
gestation length 39.28 2.17 39.06 2.08 39.34 2.17
Number of Observations 8,844,029 736,260 6,179,564
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Average Cigarette Consumption by Federal State
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Figure 3.2.: Average daily cigarette consumption by Federal State

Figure . In 2004, 13% of mothers who reported smoking information did report smoking
more than one cigarette per day, whereas in 2016, only 7.6% of all reporting mothers smoked.
The average number of cigarettes smoked by smoking women during pregnancy declined from
10.4 in 2004 to 8.81 in 2016 (see Figure .

Comparing smokers to non-smokers, we find that smoking pregnant women are on average
younger than non-smoker, more likely to be single and more likely to be of German origin than
non-smokers (see Table . Smoking pregnant women are usually less educated and less
likely to be employed than non-smoking mothers. Women who smoke during pregnancy have
on average 0.5 pregnancies more than non-smoking women. Further, there are differences in
utilization of prenatal care. Smoking pregnant women start their pregnancy care on average
later than non-smokers and attend less prenatal care visits throughout their pregnancy, even
though the percentage of high-risk pregnancies is higher for smokers than non-smokers. Their
inpatient stay at the hospital after birth is on average 0.59 days longer than for non-smoker.

There are strong regional differences by federal state in smoking prevalence among preg-
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Smoking Prevalence by Federal State
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Figure 3.3.: Smoking Rate by Federal State

nant women in Germany (see Figure [3.4). There seems to be a North/ South separation
when looking at smoking prevalence. In northern and central Germany, the smoking rate
among pregnant women is higher than in southern Germany. In 2004, especially for Saxony-
Anhalt there is a high smoking prevalence of 21.5%. Other northern regions show prevalence
of around 15%. Only in southern Germany, there are lower smoking rates among pregnant

women of below 10%. This difference fades over the 13 observed years but is still observable

in 2016. This is especially interesting, since studies like (Cnattingius (2004) on the over-

all smoking prevalence of young women report a West/East difference, whereas we find a
North/South separation.

Regarding the average number of cigarettes smoked per day, one can see a profound
West /East disparity (see Figure . Smoking pregnant women in West Germany smoke
more daily cigarettes than those in the former East German regions. For Bavaria and Baden-
Wuerttemberg we see lower average cigarette consumption, too. In 2004, the highest average

daily cigarette consumption was reported in the Saarland (11.9 cigarettes per day), whereas
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Smoking Prevalence among Pregnant Women in Germany

2004 2010 2016
Figure 3.4.: Smoking prevalence of pregnant women by federal state in Germany (2004, 2010,
2016)

the lowest average daily cigarette consumption was reported in Saxony (8.4 cigarettes per
day). Over the 13 years of interest, average daily cigarettes smoked decline and difference
between federal states fades.

Figure shows, that average number of daily cigarettes smoked by smoking pregnant
women follows the same downward trend in most federal states of Germany. For Bremen,
a federal state with relatively small population, we observe unstable trends. But also for
Brandenburg we see an increase in average cigarette consumption after 2012, getting close
to the all-time high in 2007. For Mecklenburg-West Pomerania, we observe a sharp decrease
in average cigarette consumption after 2014.

Figure shows strong differences in smoking rate between states. Especially for states
with small population, like Saarland or Bremen, we observe unstable trends. For Saarland,
we see a sharp increase in smoking rate in 2008, for Bremen we observe a sharp increase in
2015, despite the steady downward trend observed in the years before. Therefore, weights

of population share are needed to evaluate effects of smoking bans in the next section.

3.3.2. Method

In order to estimate effects of smoking bans on average cigarette consumption and smoking
rate among pregnant women, we exploit staggered implementation of smoking bans over time
and over the 16 federal states using a difference-in-differences approach. Since we observe
smoking behavior on a yearly basis, we approximate the introduction date of a new smoking

ban regulation with the actual year of introduction. So, for the introduction of the smoking
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Average number of daily Cigarettes smoked by Pregnant Smokers in Germany

Cigarettes
2004 2010 2016
Figure 3.5.: Average number of daily cigarettes smoked by federal state in Germany (2004,
2010, 2016)

ban legislation on federal level (Nichtraucherschutzgesetz) on September 01, 2007, we would
assume introduction starting in 2007. For legislation on federal state level, we focus on
smoking bans related to restaurants and bars, since those differ strongest between the 16

states over time. We model smoking behavior as
Smoking,, = [y + P1StrictBang + SoPartialBang + vs + i + €st, (3.1)

where Smoking,, is either smoking rate among pregnant women or average cigarette con-
sumption among smoking pregnant women in year t and federal state s. The parameters of
interest are $; and fs, the effect of introduction of strict smoke-free legislation StrictBang;
or partial smoke-free legislation PartialBang in federal state s at time ¢, respectively. In
our identification, we include fixed effects to absorb confounding variation. s, federal state
fixed effects, control for unobserved heterogeneity in smoking behavior in federal states of
Germany. Year fixed effects py eliminate unobserved differences in smoking behavior in the
years of interest and control for price changes. Since we observe smoking behavior on federal
state level and not on individual level, we weight our observations by share of female pop-
ulation in each federal state to control for unstable trends in federal states with very small

population (i.e., Saarland, Bremen).
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3.4. Results

3.4.1. Smoking Ban and Smoking Behavior

We focus on smoking bans in restaurants and bars and estimate their effect on smoking
rate and average cigarette consumption among pregnant women. Since smoking bans are
implemented by federal states independently (Table and legislation differs not only in en-
forcement date, but also in terms of strictness, we can estimate the effect of the introduction
of state level legislation using a difference in differences approach.

The results for the effect of smoking ban introduction on smoking rate are presented in
Table [3:3] Controlling for state fixed effects only, we find similar effects of partial smok-
ing bans and strict smoking bans. Strict smoking bans seem to reduce smoking rate by 2
percentage points, the reduction of partial bans is only 1 percentage point. Both estimates
are significant at the 1% level. Including years fixed effects, estimates are cut in half and
appear insignificant. In our richest specification, including both state and year fixed effects,
estimates on both ban types change sign and are positive, but insignificant. This change
in sign suggests, that the estimates are not robust to different model specifications. Fur-
ther, we cannot find enough evidence that decline in smoking rate is driven by smoking ban
introduction in any way.

Table [3.4] shows the results for average number of cigarettes as outcome of interest. Re-
gardless of the specification, we find a negative effects of both strict and partial smoking
bans on average number of cigarettes smoked. Only including state fixed effects, the esti-
mated effects are quite large and highly significant for both bans. Strict smoking bans reduce
number of cigarettes smoked by more than one daily cigarette, the effect of partial ban is
—0.63. Including years fixed effects, the size of the estimates reduces sharply and estimates
are not significant. The estimate for strict bans reduces to —0.33 and the one for partial ban
reduces even further to —0.09. In our richest specification, including both state and year
fixed effects, the effect size is comparable to results when only including year fixed effects.
This time, only the estimate on strict smoking bans is significantly different from zero.

Our results suggest that smoking bans mainly have an effect on the intensive margin

and do not succeed in reducing the extensive margin, as they seem to have no effect on
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smoking rate, but significantly reduce the number of daily cigarettes pregnant women smoke.
This mechanism is intuitive, since smoking bans reduce occasions to smoke in everyday life,
particularly when going out, which might not lead to people quitting smoking overall, but
reducing their consumption. Reduction in smoking rate, however, seems like a long-run
trend, independent of the introduction of smoking bans.

Table 3.3.: Effect of Federal State Smoking Ban Introduction in Restaurant/Bars (starting
from 2007) on Smoking Rate among Pregnant Women

Dependent Variable: Smoking Rate
Model: (1) (2) (3)
Variables

Strict Smoking Ban ~ -0.0267"*  -0.0148  0.0042
(0.0041)  (0.0168) (0.0032)
Partial Smoking Ban -0.0159"**  -0.0058  0.0042
(0.0049)  (0.0114) (0.0030)

Fized-effects

state Yes Yes
year Yes Yes
Fit statistics

Observations 208 208 208
R? 0.84620 0.21031  0.95469
Within R? 0.35511 0.01551  0.01530

Clustered (state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

3.4.2. Robustness Checks

To further evaluate treatment dynamic and check pre-treatment periods for balance between
treatment and control group, we conduct an event study. We interact time dummies for the
years before and after smoking ban introduction with the treatment indicators. Formally,

we introduce several leads and lags of treatment in our main specification (3.1) and estimate

6 6
Smoking; = Z aT:ﬂ‘[t—StI‘iCts:T] + Z BTﬂ[t—PartiaIS:T] +Ys + e + €t (3'2)
o o

where Stricts, Partial; are the event dates, on which treatment status switches from 0 to

1 for the strict treatment or the partial treatment, respectively.
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Table 3.4.: Effect of Federal State Smoking Ban Introduction in Restaurant/Bars (starting
from 2007) on Cigarette Consumption among Pregnant Women

Dependent Variable: Average Cigarettes
Model: (1) (2) (3)
Variables

Strict Smoking Ban -1.119**  -0.3302 -0.2865**
(0.1969)  (0.3368)  (0.1047)
Partial Smoking Ban -0.6263"**  -0.0851 -0.0524
(0.1348)  (0.1970)  (0.0577)

Fized-effects

state Yes Yes
year Yes Yes
Fit statistics

Observations 208 208 208
R? 0.82955  0.33631  0.94540
Within R? 0.55751 0.01713  0.08267

Clustered (state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Focusing on smoking rate among pregnant women, no estimates in the two pre-treatment
periods of interest appear to be significant (see Figure . Similarly, after introduction of
treatment effects remain insignificant and close to 0. Effects appear positive in some periods
after treatment introduction for both partial and strict bans. The event study shows that
even after treatment introduction there is no significant effect on smoking rate.

Figure shows the event study for the effect of smoking bans on average cigarette
consumption. We find slightly positive, but insignificant estimates in the pre-treatment
periods for strict smoking bans. Partial smoking bans show negative and insignificant effects
in the pre-treatment periods. After treatment introduction, estimates for strict bans are
considerably below zero and negative effects are significant in at least some years of interest,
especially in the short run. The point estimates for partial bans are positive and increasing
after treatment introduction, but insignificant.

Both event studies support plausibility of the common trends assumption and show nega-
tive effects of strict smoking bans on average cigarette consumption, especially shortly after
treatment introduction. Effect of bans on smoking rate seems to be non-existent.

Since two-way fixed effects estimation might not be optimal to capture effects of smoking
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Effect on Average Cigarettes
Effect on Smoking Rate
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Figure 3.7.: Event study for average cigarette
consumption

2 6
Time to treatment

Figure 3.6.: Event study for smoking rate

bans on smoking behavior due to the restrictive assumption of time-constant unobserved
heterogeneity, we want to allow for unobserved group heterogeneity varying over time in
our specification. The analysis of trends of smoking in federal states revealed differences
in the evolution of smoking behavior over time across certain groups of states, which we
hope to capture by group specific time trends. Additionally, the assumption of time varying
unobserved group heterogeneity seems especially plausible in the case of Germany, where we
have certain groups of states, that historically evolve similarly over time. For example, even
years after German reunification, structural differences between federal states in the former
GDR and West Germany remain.

We will make use of a novel grouped fixed effects (GFEs) estimator proposed by Bonhomme
and Manresa (2015)). GFEs cluster individuals with similar unobserved characteristics into
a finite number of groups. Group assignments are not picked by the researcher. Rather,
group assignment is data driven, by minimizing a least squares criterion over all possible
groupings. GFEs assume that states within the same group share the same time profile of

group-specific unobserved heterogeneity,
Smoking,; = (1 StrictBang, + foPartialBang + ag,¢ + €4, (3.3)

where ag,; refers to the time profile of group gs for g; € {1,...,G}. Since a4, captures
the groups’ time trajectories, we exclude time fixed effects from the model. By defining a
parameter § = (f1, f2) and a vector of regressors xg = (StrictBang, PartialBang;), we can

rewrite equation more compactly

Smoking,, = x0,0 + o, + Vs + €st. (3.4)
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Group Assignment: Smoking Rate Group Assignment: Average Cigarettes

Figure 3.8.: GFE group assignment for smoking prevalence (left) and average daily cigarette
consumption (right).

The grouped fixed effects estimator is the solution of the following minimization problem

N T
0,6,%) = argminz Z(Smokingst — 20,0 — ag)? (3.5)
oy 521 1=1
where we search for the minimum over all possible groupings v = {g1,...,9n}, common
parameter 6 and group-specific time effects a. For details on computation refer to Appendix

B GFEs also allow for individual specific time invariant fixed effects. In our setting, we

will therefore add federal state fixed effects and estimate
Smoking,, = (1 StrictBang + SoPartialBang + ag, + vs + €4 (3.6)

To not impose too many restrictions on the model, we will make use of either 2 or 3 groups
for the GFEs. In practice, we first estimate the group assignment for each state and outcome
for a given number of groups and interact this group assignment with time.

Figure shows the group assignment for both outcomes of interest using two or three
groups, respectively. The group assignment captures the North /South disparity in smoking
rate when using two groups, where smoking prevalence is higher in the northern part of
Germany (blue), than in the South (red). For three groups, we find a low prevalence group
(green), a mid-prevalence group (red) and states with high prevalence (blue). Groups for
average cigarettes smoked also reflect East/West disparity, as observed before. For two
groups, we find a high-intensity smoking group for western parts of Germany (blue) and a

low intensity smoking group for east and southern Germany (red). Considering three groups,
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high intensity states are marked in green, mid-intensity is marked in blue and low intensity
in red, which again comprises most of the former East Germany and southern Germany
states. Groups loosely reflect former GDR and West Germany differences as hypothesized

before, especially with regard to average number of cigarettes smoked.

Table 3.5.: Grouped Fixed Effects: Effect of Introduction of Federal State Smoking Bans

Dependent Variables: Smoking Rate Average Cigarettes
Model: (1) (2) (3) (4)
Variables

Strict Smoking Ban 0.0085*  0.0092* -0.2151"** -0.3110**
(0.0041)  (0.0050)  (0.0650)  (0.1105)

Partial Smoking Ban  0.0045***  0.0041**  -0.0013 0.0246
(0.0014)  (0.0015)  (0.0588)  (0.0772)

Fized-effects

state Yes Yes Yes Yes
st GFE_2-year Yes

st GFE_ 3-year Yes

ac_ GFE_2-year Yes

ac_ GFE_ 3-year Yes
Fit statistics

Observations 208 208 208 208
R? 0.96955  0.96901  0.95980 0.96893
Within R? 0.05721  0.05598  0.06609 0.11791

Clustered (state) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

Allowing for unobserved patterns of heterogeneity, we find that the effect of smoking bans
on average number of cigarettes smoked among pregnant women is comparable to the one
found in our main specification. Strict smoking bans significantly reduce average number of
cigarettes smoked by —0.22 or —0.31 daily cigarettes, depending on the number of groups
used for clustering. Effect size does not differ a lot between different model specifications.
Partial bans do not seem to have a robust effect of smoking intensity, since estimates vary
in sign and are not significant. Using GFEs, we find positive significant effects of bans on
smoking rate. The estimates for the effect of smoking bans on smoking rate, suggest that
partial as well as strict bans increase smoking rate among pregnant women by around 0.9

percentage points. Given a baseline smoking rate in 2004 of around 13, this increase is fairly
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large. Reduction in smoking rate over time is therefore not attributable to introduction of

smoking bans, but to other unobservable factors common to certain groups of states.

3.5. Discussion

Data from the quality assurance procedure obstetrics and quality assurance procedure neona-
tology suggests, that there is a declining trend in smoking during pregnancy. However, un-
derlying mechanism that lead to smoking reduction remain unclear. Therefore, we evaluate
the effect of smoke-free legislation in Germany that differ across state and over time to es-
timate their effect on smoking behavior of pregnant women. Pregnant women are a group
of special interest, since they do not only harm themselves, but their unborn baby while
smoking.

Starting from 2007, German federal states introduced laws to protect non-smokers, which
ban smoking from public transport, restaurants, and public places. Those laws differ in
strictness by federal state. We exploit these time and state varying differences, to provide
causal estimates of the effect of the introduction of smoking bans on smoking behavior of
pregnant women.

We find significant but small reduction effects on average cigarette consumption among
pregnant women due to the introduction of smoking bans, but no such effect on smoking
rate. Considering the effect of smoking bans on smoking intensity, we find that especially
strict bans decrease smoking throughout pregnancy by 4 packs. This effect proves robust
to different assumptions and model specifications. However, the effect of bans on smoking
prevalence remains unclear, as different specifications and model assumptions lead to sub-
stantially different estimates. Therefore, this study suggests that smoking bans mainly work
on the intensive margin and not the extensive margin, as they seem to have no clear effect
on smoking rate, but significantly reduce the number of daily cigarettes pregnant women
smoke.

To our knowledge this study is the first to evaluate the effect of smoking bans or smoke-
free legislation on the smoking behavior of pregnant women. Previous studies assessing the

effects of smoking bans on smoking behavior, mostly with focus on the entire population,
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also find mixed results of smoking bans on active smoking (Anger et al., [2011} |[Jones et al.,
2015). However, certain subgroups seem to respond differently to smoke-free legislation than
others, i.e. |Anger et al.| (2011)) find decreasing effects on both smoking rate and cigarette
consumption for individuals that go out often.

Since adverse effects of smoking are widely known and especially pregnant women are in-
formed about harmful effects of smoking on their child, they might have an intrinsic willing-
ness to stop smoking or at least reduce their cigarette consumption. This willingness is most
probably higher than among the normal population, and therefore pregnant women might
respond differently to smoking bans than other population groups. Especially strict smoking
bans, which are currently in place in Saarland, North Rhine-Westphalia and Bavaria prove
to be effective in reducing smoking intensity among pregnant women. Similarly, [Anger et al.
(2011) find that smokers living in states with stricter smoke-free legislation reduce smoking
more than those living in states with more relaxed bans.

However, the results on declining smoking prevalence and also our estimates need to
be considered with care. For most studies including this one, smoking during pregnancy
is a self-reported measure, meaning that mothers do not need to admit to smoking during
pregnancy. In Germany, smoking during pregnancy is socially unaccepted, therefore mothers
might fear negative consequences when admitting to smoking during pregnancy. [Bergmann
et al.| (2008) find overall decreasing trends in smoking, however it is increasing among young
women. Therefore, Bergmann et al.| (2008) assume strong underreporting for smoking during
pregnancy, since most studies report significantly lower smoking rates even at the beginning
of pregnancy, where they should be at least comparable to those in the childbearing age
group. Similarly, Fleitmann et al. (2010) assume strong underreporting when it comes to
smoking during pregnancy. Therefore, our results may only act as a lower bound for the
effect of smoking bans on smoking during pregnancy due to underreporting issues.

As this study has shown, smoking prevalence during pregnancy is declining, and especially
strict smoking bans enforce lower cigarette consumption among pregnant women. This
effect of bans on smoking behavior found, might only hold true for the special subgroup of
interest, but it indicates, that in order to enforce smoking cessation or reduction in cigarette

consumption in the general population, stricter smoking bans in all of Germany might need
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to be considered.
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Chapter 4.

Effect of Temperature and Weather
Shocks on Health at Birth: Evidence from

the US

4.1. 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.
These extreme weather events threaten health in different ways, for example through the
stress associated with the shock, food, and water insecurities, undernutrition, and forced dis-
placements. Especially vulnerable groups, including older populations, women, and children
are disproportionately prone to climate-sensitive health risks. While the impact of these
events on human health has been extensively studied with a focus on average effects, less
attention has been paid to possible heterogeneity in their effects on the health of infants born
to mothers who were exposed to them during pregnancy. 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 and to be able to identify the most vulner-

able groups, as it may affect the infant’s long-term outcomes, in line with the fetal origins
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hypothesisﬂ

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)EL gestation length, and 5-minute Apgar scoreﬂ Follow-
ing 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 by employing a recently developed decomposition approach.

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. Given
that exposure to extreme heat shows the strongest effects, the main analysis focuses on the
effect of heat shocks on weight-related birth outcomes exclusively. We find a significant
reduction in standardized birth weight due to heat shock exposure. The heat shocks con-
sidered do particularly affect the most vulnerable infants, as they significantly increase the
SGA rate. We find strong heterogeneity, especially in the effect on standardized birth weight.
Analysis of heterogeneity in the effects reveals that especially infants born to black, Mex-
ican, and low-educated mothers are disproportionately prone to heat-related health issues.
The decomposition, however, reveals that none of these factors on their own can explain the
heterogeneity found.

The analysis of heat shocks is motivated by our evaluation of exposure to the entire

!The 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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temperature distribution, where especially exposure to extremely hot temperatures is found
to significantly decrease birth weight. Exposure to days with temperatures exceeding 24
°C has adverse effects on infants’ health at birth. The strongest effect can be found for
the exposure to a day with temperatures of more than 32° C, which decreases birth weight
by 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, so exposure to
temperatures below 0 tends to have mitigating effects. Exposure to extreme rainfall does
not significantly affect any of the measures of health at birth used. Concerning timing,
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 analysis of the average 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., 2020b, Deschénes et al., 2009, Le and Nguyen, 2021)). Understanding the
heterogeneity in the effects of extreme weather shocks on health at birth is crucial for several
reasons. 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. 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. We estimate
the conditional average treatment effect of a temperature shock on birth outcomes of interest
using a causal forest (Athey et al., [2019), which we then analyze further to uncover drivers
of heterogeneity. 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 devel-
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oped 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 the 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. We can nonetheless detect weak heterogeneity by
mother’s age, where increased age amplifies the effect of heat shock exposure and mitigating
effects of excessive weight gain.

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, [Deschénes 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, Deschénes et al.l 2009), China (Chen;
2020b)), Vietnam (Le and Nguyen, 2021)), and sub-Saharan Africa (Bratti et al., 2021).

These studies use different ways to measure the exposure to extreme temperature events, i.e.,

Deschénes et al.| (2009), Chen et al.| (2020b)) use the count of days in certain temperature bins,

'Andalon 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
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by extreme heat events. Similar to this study, |[Deschénes 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 the mother’s race, education, and sex of the child (Deschénes et al.,
2009, |Le and Nguyen| 2021)).

While a large body of literature assesses the effects of in utero exposure to weather events
(Andalon et al., 2016} Deschénes et al., 2009, |Rocha and Soares, 2015| [Zhang et al., [2020)),
they mostly neglect a fundamental problem regarding a mechanical correlation between ges-
tation 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 tem-
perature 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 inter-
action 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 con-
ception. 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 the 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
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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 (Deschénes
et al., 2009, |Le and Nguyen, 2021). This paper addresses an important gap in our under-
standing of the complex relationship between heat exposure 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 con-
sider outcomes other than birth weight and gestation length (Andalén et al., 2016| [Molina
and Saldarriagal 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.

4.2. Data

4.2.1. 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|, 2018). The data pro-
vides 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
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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 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.

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 weighﬂ 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

4Standardized birth weight is calculated as follows: First, we calculate mean reference birth weight and its
standard deviation 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.
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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 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.

4.2.2. Weather Data

Meteorological data were obtained from two sources: the North America Land Data Assimi-
lation System (NLDAS) available on CDC WONDER (https://wonder.cdc.gov/)) and the
National Centers for Environmental Information (NCEI, https://www.ncei.noaa.gov/).
We gather information on ambient temperature, rainfall and sunshine exposure from the
North America Land Data Assimilation System| which can be accessed on county leveﬂ
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/m?). Several

studies have found effects of either of these weather conditions on health or health at birth

5The|North America Land Data Assimilation System|provides the following information on county aggrega-
tion: 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 4.1.: 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 4.2.: 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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(i.e., /Andalon et all 2016, |Rocha and Soares, 2015, |Zhang et al., |2020)).

Over the 25 years that we observe, there is a slight increase in average temperatures, see
figure [4.1] 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°C1, (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 . 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 shows that mothers who experience a heat shock during pregnancy are on av-
erage 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 mater-
nal 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 moth-
ers 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
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Average Temperature in the Counties considered

20

Average Temperature

-20

1980 1990 2000
Year

Figure 4.1.: Average Temperature
Note: This plot shows the average daily temperature per month in the counties consid-
ered. The grey area indicates the range for the maximum and minimum value for average
temperature in a certain month.

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 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 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.

4.3. Empirical Strategy

4.3.1. 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 ¢ we define the outcome under potential
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Rainfall in the Counties considered

N
S

Average Rainfall (in mm)
o

1980 1990 2000
Year

Figure 4.2.: 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.

treatment as Yi(Ti), T; € {0,1}, where Yi(o) denotes the potential outcome if individual ¢ did

(1)

not receive the treatment and Y, denotes the potential outcome if 7 did receive the treat-

ment. In any case, we can only observe the realized outcome Y% = TiYi(l) +(1- TZ-)Yi(O),
since both potential outcomes can never be observed together. The propensity score p(X;) =
P(T; = 1|X;) denotes the probability of receiving the treatment, giving the observable covari-
ates of individual i. The average treatment effect (ATE) is defined as 747p = E[Yi(l) — YZ-(O)],
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
(@) =B = 71X = 2], (4.)

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 uncon-
foundedness {Yi(o),Yi(l)} 1 T;|X; and overlap 0 < P(T; = 1|X;) < 1 in the covariate
distributions to be able to identify the ATE and CATE.
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a Temperature Shock

@ Gestation Length
e Birth Outcome

Q Unobserved Factors

Figure 4.3.: DAG representation of the relation between Outcomes, Gestation and Temper-
ature Exposure

4.3.2. Identification Challenges

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 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 source of bias in the estimates (Imbens, 2020)|E|. So

in the given setup, both conditioning and not conditioning on gestation length induces bias.

6 A 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 (Hernandez-Diaz et al., |2006). Similar to gestation length in figure
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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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.l 2021, |Chen et al., |2020b, Deschénes
et al., 2009, |[Le and Nguyen, |2021)). Only (Currie et al.| (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 mea-
sures 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 ges-
tation 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 [C.2] illus-
trates the problem of the mechanical correlation between gestation length and temperature

exposure.

4.3.3. 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 7(z) = 7 for all z € X
Y = g(X;) + Tim + ¢. (4.2)

Let m(X;) = E[Y;|X;] be the expected outcome and p(X;) the propensity score as defined

before, then the model can be rewritten as

Yi =m(X;) = (Ti = p(Xi))T + € (4.3)
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and one can estimate 7 using the following estimator, which is a semiparametrically efficient
estimator under unconfoundedness (Robinson, (1988, |Chernozhukov et al., [2018b)
o m i (Y= (X)) (T = 5(X0))
= . 5 .
i (T = B(X0))

Athey et al.|(2019)) build on this idea, but allow the treatment effect to differ with observ-

(4.4)

ables. To estimate 7(z) they rely on equation (4.4)), but assume the treatment effect to be
constant in a sufficiently small neighborhood N(z). 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 S, C 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 pu(z) = E[Y;|X; = z]:

5 L Vi1({X; € Ly(x),i € Sp})
BXE;HXEM)W&H’ 49

where Ly is the leaf containing x in tree b.
Thinking of the random forest as an adaptive kernel method, with data-adaptive kernel

a;(z), we can equivalently write

e T AKX € Ly(r),i € S))
_;az(a:)Yz, a;(z) = Z ST ACREI (4.6)

where the weights «;(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:

S ) (Y = (X0) (T = 5(X0)
i i) (T; = p(Xi))?

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

7(r) =

(4.7)
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to estimate unknown propensity scores p(x) and marginal outcomes m(z) 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 a;(x).

The average treatment effect (ATE) can be estimated by a variant of doubly robust aug-

mented inverse-propensity weighting (AIPW):

TATE = P < (X5) + X1 = (X)) Y; (X;) — (T — p(Xy)) (Xz))) (4.8)
Ly (o - LR C SN
T (um(Xz) Ao)( z)+p(3(i)(Yz fn (X 1—p(§<i)(y’ uo(X,))>,

where (1) (X;) = EY;| Xy, T;] = m(X;) + (T; — p(X;))7(X;). Cross-fitting is used to avoid
overfitting, for both the ATE and CATE prediction (see |Chernozhukov et al. (2018a)) for
details on cross-fitting.). 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.

4.3.4. Assessing Treatment Effect Heterogeneity

To judge whether there is heterogeneity and whether the estimated 7(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 —in(z) = Bi(Ti — p(X3))7(2) + Bo(T; — p(Xy)) * (F(z) — 7(x)), (4.9)

where (T} — p(X;))7(z) refers to the mean forest prediction and (T; —p(X;)) * (7(z) — 7(x))
to the differential forest prediction. A coefficient 81 close to 1 suggests that the mean forest

prediction is correct. The p-value of the By coefficient acts as an omnibus test for the
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presence of heterogeneity. If (9 is significantly different from 0, we can reject the null of no
heterogeneity.

Following chapter[2] we will additionally use an effect decomposition to uncover differences
in treatment effects solely attributable to a single variable. The decomposition allows us to
detect mothers’ characteristics 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 treat-
ment 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 can be decomposed as

Fromy (W) — Frgiiy (W) = Freey () — Friiiy W]+ [Frgiey (W) — Friiy @)] - (4.10)

Total Effect Structural Effect Compositional Effect

F; k) (y) is the observed distribution function of 7(z) for population k. F. ;s (y) represents
the counterfactual distribution function of 7 that would have prevailed for population k, if
they faced populations j’s distribution of 7. It can also be interpreted as the distribution
function of 7 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 (3| in appendix and
section 2.4.3

4.3.5. 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

82



Chapter 4. Effect of Temperature and Weather Shocks on Health at Birth

shocks, we model the effect of temperature and rain exposure during pregnancy as follows:

n
}/icmy =a+ Z Bkncmy + 'YWcmy + eXicmy + Ne + bm + Vy + 0s + TN + €iemy, (411)
k=1

where the dependent variable Yj.,, is the birth outcome of infant ¢, in county ¢ and month m
and year y. The key variable of interest is T}¢,,, which is the count of days during pregnancy,
where the temperature or rainfall lies in bin k. The vector We,,, contains several weather
controls, such as average rainfall, snowfall, and sunshine in county ¢, month m, and year y.
Xiemy 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 7., month of birth u,,, year of
birth v,, and state level o,. 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:
n
Y;cmy =a+ Z /BER];anzy + ’YWcmy + aXicmy +Ne + tm +Vy + s + U TNe + €iemy, (4~12)
k=1

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

TTRl TR2 . TTR3

interest TILE ~either corresponds to iemy> Licmy: ienmy

iemy which are counting the days the

temperature (or rainfall) falls in bin & 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 (4.11]).

4.4, Results

4.4.1. Temperature Effects

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

The results displayed follow equation (4.11]), so the estimates show the effect of an additional
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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 (corre-
sponding 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 tem-
peratures above 32 °C. Overall, effects most profound in the second and third trimesters
(see appendix |C.4). 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. Deschénes 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.| (2020b) 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.

4.4.2. 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
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Table 4.3.: 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
Fized-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
R? 0.0092 0.0900 0.0039 0.0376 0.0265 0.0283
Within R? 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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significant effect on the outcomes of interest (see appendix |C.5). The results in table
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.

15

Heat Wave Exposure

Mo
[lE

0.00 0.25 0.50 0.75 1.00
Propensity Score Estimate p(X)

Figure 4.4.: 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.

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 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 |Stiirmer 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
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indicated in figure [4.4]

Effect of Heat Wave Exposure on Standardized Birth Weight
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Figure 4.5.: 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.

Effect of Heat Wave Exposure on Small for Gestational Age Birth
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Figure 4.6.: 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.

Figure [4.5] shows a histogram of the estimated CATE of the heat shock on standard-
ized birth weight and the ATE with corresponding 95% confidence intervals. The average

treatment effect is —0.0124 (see table and is significantly different from zero. It corre-
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Table 4.4.: 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 equation (4.8)).
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

sponds to a reduction of around 6 grams of birth weight. The calibration test in table [I.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 heterogeneity being present since the coefficient of ‘differential.forest.prediction’ is
significantly greater than 0.

Figure displays the CATE estimates for the effect of a heat shock in small for ges-
tational age birth. We observe a small but significant increase in SGA rate of 0.0042 (see
table . 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
show that the average treatment effect estimate is correct, however the test cannot detect

substantial heterogeneity in the effect.

Table 4.5.: Calibration Test Results

Birth Outcome Variables Estimate Std. Error t value Pr(>t)
. . mean.forest.prediction 0.9520 0.4352 21877 0.0143

Std. Birth Weight . ential forest prediction  0.2056 0.0871  2.3598  0.0091
SCA 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 (4.9).

Given that the literature agrees on negative effects of in-utero exposure to heat events on
health at birth, the results displayed in figure [{.5are 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.
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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 treat-
ment effects for groups into the effect of a single variable, while keeping the other char-
acteristics comparable. So the decomposition follows the procedure in [3] Given that the
differences found between most and least affected groups (table were mostly regarding
the mother’s age, race, Hispanic origin, and weight gain, we restrict the decomposition anal-
ysis to these factors. Figure [£.7 shows the full decomposition for mother’s age. For all 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 [3 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 a = 0.05, meaning
we use bootstrap confidence bands for confidence level 0.975 but discount for splitting un-
certainty, resulting in a confidence level of 0.95. The z-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
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Table 4.6.: 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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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 counter-
factual 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 stan-
dardized 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 obser-
vation. We do observe that differences in race tend to amplify effects, but these are not
significantly different from zero (figure . Similarly, we cannot detect significant modifi-
cation by Mexican or other Hispanic origins (figure or any level of mother’s education
(figure . Only the decomposition for weight gain during pregnancy reveals weak miti-
gating effects for excessive weight gain (figure .

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
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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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4.4.3. Placebo Test

Table [4.7] 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 4.7.: 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 equation (4.8]).
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 standardized 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.

4.5. 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 hetero-
geneity 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.
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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 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
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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 of Chapter 2

A.l. Glossary: Medical Terminology

Apgar Score

Body Mass Index (BMI)

Fetal growth retardation

Gestation length

The Apgar score is a measure to quickly judge the
health condition of the newborn right after birth. It
is routinely measured 1 and 5 minutes after birth, for
newborn with low scores, measurement may be contin-
ued thereafter. It is derived by assessing the newborn
on five simple criteria (appearance, pulse, grimace, ac-
tivity, respiration), each evaluated on a scale from 0 to
2. The final Apgar score is the sum of the five criteria,
ranging from 0 to 10. A newborn with Apgar score of
7 — 10 is considered healthy, a score of 4 — 6 is consid-
ered moderately abnormal, whereas a score of 0 — 3 as
low (American Academy of Pediatrics, 2015)).

Body Mass Index (BMI) is a person’s weight in kilo-
grams (or pounds) divided by the square of height
in meters (or feet). A high BMI can indicate high
body fatness. BMI screens for weight categories that
may lead to health problems, but it does not diagnose
the body fatness or health of an individual. (https:
//wuw.cdc.gov/healthyweight/assessing/bmi/index.html])

Fetal growth retardation (FGR) is a condition
in which an unborn baby (fetus) is smaller than
expected for the number of weeks of pregnancy
(gestational age). It is often described as an
estimated weight less than the 10th percentile.
(https://www.stanfordchildrens.org/en/topic/default?

id=intrauterine-growth-restriction-iugr-90-P02462)

Fetal development period from the time of conception
until birth. For humans, the full gestation period is
normally 9 months, or 40 weeks. (https://www.rxlist.
com/gestation_period/definition.htm)
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Gestational hypertension

Low birth weight (LBW)

Miscarriage

Multiparous

Neonate

Nulliparous

Obesity

Overweight

Parity

Plurality

Gestational hypertension is a form of high blood pres-
sure in pregnancy. It occurs in about 6 percent of
all pregnancies. Another type of high blood pressure
is chronic hypertension—high blood pressure that is
present before pregnancy begins. (https://www.chop.
edu/conditions-diseases/gestational-hypertension)

Birth weight below 2500 grams.

A miscarriage is usually defined as loss of a baby be-
fore the 20th week of pregnancy. (https://www.cdc.gov/
ncbddd/stillbirth/facts.html)

Multiparous — the mother has previously given birth
more than once (http://www.datadictionary.wales.nhs.
uk/index.html#!WordDocuments/parity.htm)

A newborn infant, or neonate, is a child under 28
days of age. During these first 28 days of life, the
child is at highest risk of dying. (https://www.who.int/

westernpacific/health-topics/newborn-health)

Nulliparous — the mother has never previously
given birth (http://www.datadictionary.wales.nhs.uk/
index.html#!WordDocuments/parity.htm)

If your BMI is 30.0 or higher, it falls within the obe-
sity range. Obesity is frequently subdivided into cate-
gories:

e Class 1: BMI of 30 to < 35
e (Class 2: BMI of 35 to < 40

e Class 3: BMI of 40 or higher.

41

Class 3 obesity is sometimes categorized as “se-
vere” obesity. (https://www.cdc.gov/obesity/basics/
adult-defining.html)

If your BMI is 25.0 to <30, it falls within the
overweight range. (https://www.cdc.gov/obesity/basics/
adult-defining.html)

Parity is the number of times a woman has
given birth to a live neonate (any gestation) or
at 24 weeks or more, regardless of whether the
child was viable or non-viable (i.e.  stillbirths).
(http://www.datadictionary.wales.nhs.uk/index.html#
'WordDocuments/parity.htm)

The number of fetuses delivered live or dead at any
time in the pregnancy regardless of gestational age, or
if the fetuses were delivered at different dates in the
pregnancy. (https://wuw.cdc.gov/nchs/nvss/facility-
worksheets-guide/33.htm?Sort=URL}%3A%,3Aasc&Categories=

Newborny20Information)
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Preterm Birth

Primiparous

Resuscitation

Small for gestational age

(SGA)

Stillbirth

Preterm is defined as babies born alive before 37 weeks
of pregnancy are completed. There are sub-categories
of preterm birth, based on gestational age:

e extremely preterm (less than 28 weeks)
e very preterm (28 to 32 weeks)

e moderate to late preterm (32 to 37 weeks).

(https://www.who.int/news—room/fact—sheets/detail/
preterm-birth)

Primiparous — the mother has previously given
birth once Only (http://www.datadictionary.wales.nhs.
uk/index.html#!WordDocuments/parity.htm)

Neonatal resuscitation is defined as the set of
interventions at the time of birth to support
the establishment of breathing and circulation.
(https://bmcpublichealth.biomedcentral.com/articles/
10.1186/1471-2458-11-53-512)

Small for gestational age is a term used to describe
a baby who is smaller than the usual amount for the
number of weeks of pregnancy. SGA babies usually
have birthweights below the 10th percentile for babies
of the same gestational age. This means that they are
smaller than many other babies of the same gestational
age. (https://www.chop.edu/conditions—diseases/small—
gestational-age)

A stillbirth is the death or loss of a baby before or
during delivery. It is defined as loss of a baby at or after
20 weeks of pregnancy. (https://www.cdc.gov/ncbddd/
stillbirth/facts.html)
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A.2. Overview: Effect of Smoking on Birth Weight

Effect of Smoking during Pregnancy on Birth Weight
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Figure A.1.: Overview of Estimates of the effect of smoking on birth weight
Note: The figure provides an overview of treatment effect estimates for the effect of smoking
on birth weight in the economics and medical literature (Sexton and Hebel, 1984, |Hebell

et al., 1988 [Abell et al., [1991], Wilcox, [1993| Nordstrom and Cnattingius, [1994) [Evans and|

Ringel, 1999, [Hamilton|, 2001}, [Almond et al.l [2005| [Lien and Evans|, [2005] [England et al.,

2007, [Currie et all 2009, [Cattaneol, 2010, Miyake et all 2013, [Bharadwaj et al., 2014, [Knopik

et al., [2016, [Suzuki et al., 2016, Cardenas et al.|,

2019). Some studies provide several point

estimates for different reasons. |Cattaneo (2010

and |[Nordstrom and Cnattingius (1994)

provide dose dependent estimates, |Currie et al|

2009) provide estimates with and without

controlling for mothers fixed effects, [Evans and Ringel (1999) provide OLS and IV estimates,

England et al| (2007) use different smoking indicators (self-reported and based on cotinine

levels), and [Knopik et al.| (2016]) use models with
family members.
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A.3. Decomposition: Alternative Health Outcomes

Table A.2.: Overview: Empirical Results alternative Health Outcomes

Decomposition by

Weight
Effect of
Smickir(l) Mother’s Parit Prepregnancy Weight Gain Sex
g Age Y BMI Gain Recom-
on .
mendation
++ ++ -- -- - 0
strong . strong strong strong mitigating
amplifying o D D effects of
. amplifying  mitigating  mitigating - no effect
Birth effects of gaining .
. . effects of effects of effects of differ-
Weight increased ) . . above
, increased increased increased ence
mother’s arit BMI weicht sajp  lecommen-
age patity ght & dation
+ 0 - - 0 0 0
amplifying  no strong
o . no no
. effects of modifying  mitigating o e no effect
Gestation modifying  modifying .
increased effect of effects of differ-
Length ) . . effect of effect of
mother’s increased increased weioht eain  weioht oain €
age parity BMI st & sht &
++: strong amplification, +: amplification, 0: no effect, -: weak mitigation, - -: strong

mitigation

A.3.1. Birth Weight

In order to catch absolute differences in the effect of smoking on birth weight related to

mediating factors of interest, we additionally present result for non-standardized birth weight.

This decomposition cannot fully control for gestation length.

Figure[A.2]shows the conditional average treatment effect of smoking on birth weight. The

figure shows substantial heterogeneity, estimates range from < —300g to no effect at around

0. The average treatment effect is around —160g.

We find strong modifying effect for mother’s age in the effect of smoking on birth weight

(Figure|A.3)). The total effect indicates significant differences between the age groups, which
the structural effect confirms. There is a monotone increase in the effect of smoking on birth
weight via mother’s age, making older mothers at great risk for harming their fetus severely

when smoking. There is —75 grams difference in the effect of smoking on birth weight can be
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Effect of Maternal Smoking on Birth Weight

Estimated Treatment Effect

-400

0.00 0.25 0.50 0.75 1.00
Quantile

Figure A.2.: Sorted CATE and ATE estimates of smoking on birth weight
Note: The solid black line shows the estimated CATE of smoking on birth weight sorted
in ascending order. The dashed black line shows the 95% confidence intervals derived via
bootstrapping. CATE is estimated using a causal forest as described in 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.

attributed to mother’s age in the group of mothers being 34 or older compared to mothers
younger than 23.

We find strong amplification with increased parity (Figure . For primipara and se-
cundipara, no large difference can be found. The strongest modification of the effect of
smoking on birth weight can be found for multipara, where around —30 grams of the total
difference can be attributed to multiparity. For weight gain during pregnancy (Figure 7
one can see that increased weight gain has mitigating effects up to 50g for the fetus of smok-
ing mothers. The mitigation is stable of the quantile indices. Mitigation seems to increase
linearly with weight gain.

Similarly, the prepregnancy BMI shows strong mitigating effects (Figure . Compared
to being underweight, a BMI considered normal weight can reduce the effect of smoking
on birth weight by up to 40 grams. The effect is similar to the mitigating effect of being
overweight. The structural effect is stable over the quantile indices for both groups. The
decomposition in the dimension of sex of newborn does not show significant differences

between male and female fetuses (Figure [A.9)).
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Effect Decomposition by Mothers Age

Quantiles of Cumulative Distribution Functions
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Figure A.3.: Birth Weight - Effect Decomposition by Mother’s Age
Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on 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 12 to 23 (the lowest
quintile). Decomposition follows the procedure described in [I| Total, structural and compositional effect are defined as in equation .
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 A.4.: Birth Weight - Structural Effect by Mother’s Age Figure A.5.: Birth Weight - Structural Effect by Parity
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Figure A.6.: Birth Weight - Structural Effect by Weight Gain Figure A.7.: Birth Weight - Structural Effect by BMI
Note: The figure shows the structural effect derived by decomposing the effect of maternal smoking during pregnancy on birth weight.
Decomposition follows the procedure described in[I] Positive difference corresponds to effect mitigation, whereas negative difference corresponds
to effect amplification respectively. Shaded areas show 95% confidence intervals.
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Structural Effect of Weight Gain
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Figure A.8.: Birth Weight - Structural Effect of Weight Gain Recommendations

Structural Effect of Sex of Child

50

group

female

-50

Difference in Treatment Effect (in grams)
o

0.00 0.25 0.50 0.75 1.00
Quantile

Figure A.9.: Birth Weight - Structural Effect of Sex of Newborn
Note: The figure shows the structural effect derived by decomposing the effect of maternal
smoking during pregnancy on birth weight. Decomposition follows the procedure described
in[I] Positive difference corresponds to effect mitigation, whereas negative difference corre-
sponds to effect amplification respectively. Shaded areas show 95% confidence intervals.
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A.3.2. Gestation Length

Effect of Maternal Smoking on Gestation Length

Estimated Treatment Effect

-0.75
0.00 0.25 0.50 0.75 1.00

Quantile
Figure A.10.: Sorted CATE and ATE estimates of smoking on Gestation Length

Note: The solid black line shows the estimated CATE of smoking gestation length sorted
in ascending order. The dashed black line shows the 95% confidence intervals derived via
bootstrapping. CATE is estimated using a causal forest as described in 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.

Another widely used indicator for health at birth is gestation length. The observable
mean difference in gestation length for babies born to smoker and non-smoker is only 0.17
weeks, and unlike a clear shift towards lower birth weights, smoking seems to be moving the
mass of the distribution towards the tails for the gestation length among smoking mothers.
The estimated average treatment effect of smoking on gestation length is —0.08 weeks. The
gestation length of some infants is more negatively affected (estimates up to —0.6 weeks),
and some even experience a positive effect of smoking on gestation (see Figure , which
can be explained by growth retardation of very large babies caused by smoking.

For mother’s age, Figure [A.T]] reveals weak effect modification by maternal age. The
structural effect reveals that there is an increase in treatment effects caused by age. The
difference in treatment effect that is solely based on mother’s age is at most 0.2 weeks,
corresponding to 1.4 days in difference of gestation length.

Figure shows the differences in effect magnitude that can be attributed to differ-
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ent levels of parity is very close to zero. Similarly, there seems to be no significant effect
modification that can be attributed to pregnancy weight gain (see Figure and .
Figure shows large differences in treatment effects of smoking on gestation length by
prepregnancy BMI. The structural effect reveals that 0.2 weeks difference in treatment effects
between underweight and obese mothers can be attributed to their prepregnancy weight. The

effect mitigation increases linearly with prepregnancy BMI.
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Effect Decomposition by Mothers Age

Quantiles of Cumulative Distribution Functions Total Effect
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Figure A.11.: Gestation Length - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on gestation length 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 12 to 23 (the lowest
quintile). Decomposition follows the procedure described in [I| Total, structural and compositional effect are defined as in equation .
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 A.12.: Gestation Length - Structural Effect of Parity Figure A.13.: Gestation Length - Structural Effect of BMI
. i Structural Effect of Weight Gain
Structural Effect of Weight Gain

04
- 04 )
¢ £
£ B 02
5 02 £
@ w
i group z group
€ :—_: (21,30] g = as recommended
g :L__: (3039] § 0.0 =S = = r—: above recommendation
§ 0.0 iy 2 =i iy
2 — eose) =
£ 3
@ =4
e 202
202 £
e (=]
o

0.00 0.25 0.50 0.75 1.00
0.00 0.25 0.50 0.75 1.00 Quantile

Quantile

Figure A.14.: Gestation Length -
Structural Effect of Weight Gain

Figure A.15.: Gestation Length -
Structural Effect of Weight Gain Recommenda-
tions
Note: The figure shows the structural effect derived by decomposing the effect of maternal smoking during pregnancy on gestation length.
Decomposition follows the procedure described in[I] Positive difference corresponds to effect mitigation, whereas negative difference corresponds
to effect amplification respectively. Shaded areas show 95% confidence intervals.
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A.4. Robustness Check: Heavy Smokers

Effect Decomposition by Mothers Age
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Figure A.16.: Heavy Smoking: Standardized Birth Weight - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on standardized birth weight by mother’s age for heavy smokers (more
than 20 daily cigarettes). 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 reference
group are mothers aged 12 to 23 (the lowest quintile). Decomposition follows the procedure described in 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 A.17.: Heavy Smoking: Standardized Birth Weight -
Structural Effect of Parity
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Figure A.18.: Heavy Smoking: Standardized Birth Weight -
Structural Effect of Prepregnancy BMI
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Figure A.20.: Heavy Smoking: Standardized Birth Weight -
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Note: The figure shows the structural effect derived by decomposing the effect of heavy maternal smoking during pregnancy on standardized
birth weight. Decomposition follows the procedure described in Positive difference corresponds to effect mitigation, whereas negative
difference corresponds to effect amplification respectively. Shaded areas show 95% confidence intervals.
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Figure A.21.: Heavy Smoking: Apgar Score - Effect Decomposition by Mother’s Age
Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on 5-minute Apgar score by mother’s age
for heavy smokers (more than 20 daily cigarettes). 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 12 to 23 (the lowest quintile). Decomposition follows the procedure described in Total,
structural and compositional effect are defined as in equation . 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.

Z J1o3dey)) jo xipuaddy 'y xipuoddy



V11

Structural Effect of Parity Structural Effect of BMI

0.10 0.10

g 2
°

(o] {3}
£ 005 35 005
g group E group
E oo £ _
o4 |===| primipara © I=== Normal Weight
Q 0.00 =5 ) © 0.00 =5 ,
- I==| secundipara = I=== Overweight
‘s = ‘s =
@ I~ multipara Py =i Obese
o o
5 5
5 -0.05 o 005
& E
[=) v o

-0.10 -0.10
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Quantile Quantile
Figure A.22.: Heavy Smoking: Apgar Score - Figure A.23.: Heavy Smoking: Apgar Score -
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Figure A.24.: Heavy Smoking: Apgar Score - Flaure 4252 gtiiiiusl“goglﬁfliti?g\%eiscﬁs eG_rain (Recommenda
Structural Effect of Weight Gain tions) &
Note: The figure shows the structural effect derived by decomposing the effect of heavy maternal smoking during pregnancy on 5-minute Apgar
score. Decomposition follows the procedure described in Positive difference corresponds to effect mitigation, whereas negative difference
corresponds to effect amplification respectively. Shaded areas show 95% confidence intervals.
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A.5. Robustness Check: Low Birth Weight

Effect Decomposition by Mothers Age
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Figure A.26.: Standardized Birth Weight (<2800g) - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on standardized birth weight by mother’s age, only considering birth
weight below 2800 grams. 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 reference
group are mothers aged 12 to 23 (the lowest quintile). Decomposition follows the procedure described in 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 A.29.: Standardized Birth Weight (<2800g) -
Structural Effect of Weight Gain

Figure A.30.: Standardized Birth Weight (<2800g) -
Structural Effect of Weight Gain (Recommenda-
tions)
Note: The figure shows the structural effect derived by decomposing the effect of maternal smoking during pregnancy on standardized birth
weight, only considering birth weight below 2800 grams. Decomposition follows the procedure described in [I] Positive difference corresponds
to effect mitigation, whereas negative difference corresponds to effect amplification respectively. Shaded areas show 95% confidence intervals.
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A.6. Robustness Check: Prepregnancy Smoking

Effect Decomposition by Mothers Age
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Figure A.31.: Prepregnancy Smoking: Standardized Birth Weight - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of prepregnancy smoking 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 reference group are mothers aged 12 to 23 (the lowest quintile).
Decomposition follows the procedure described in [I] 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 A.34.: Prepregnancy Smoking: Standardized Birth
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Weight -
Structural Effect of Prepregnancy BMI
Structural Effect of Weight Gain

G

£

w

€

Q

£ goe

E 0.0 LTJ as recommended

£ L'_—_I above recommendation

5 =

o

&

£

0 0.1

0.00 025 0.50 0.75 1.00
Quantile

Figure A.35.: Prepregnancy Smoking: Standardized Birth
Weight -
Structural Effect of Weight Gain (Recommenda-
tions)

Z J1o3dey)) jo xipuaddy 'y xipuoddy

Note: The figure shows the structural effect derived by decomposing the effect of prepregnancy smoking on standardized birth weight.
Decomposition follows the procedure described in[I] Positive difference corresponds to effect mitigation, whereas negative difference corresponds
to effect amplification respectively. Shaded areas show 95% confidence intervals.
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Effect Decomposition by Mothers Age
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Figure A.36.: Prepregnancy Smoking: Apgar Score - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of prepregnancy smoking on Apgar score 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 12 to 23 (the lowest quintile).
Decomposition follows the procedure described in Total, structural and compositional effect are defined as in equation . 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 A.37.: Prepregnancy Smoking: Apgar Score - Figure A.38.: Prepregnancy Smoking: Apgar Score -
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Figure A.39.: Prepregnancy Smoking: Apgar Score - Structural Effect of Weight Gain (Recommenda-

Structural Effect of Weight Gain .
tions)
Note: The figure shows the structural effect derived by decomposing the effect of prepregnancy smoking on the 5-minute Apgar score.
Decomposition follows the procedure described in[I] Positive difference corresponds to effect mitigation, whereas negative difference corresponds
to effect amplification respectively. Shaded areas show 95% confidence intervals.
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A.7. Robustness Check: Propensity Trimming

Effect Decomposition by Mothers Age
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Figure A.41.: Propensity Trimming: Standardized Birth Weight - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of smoking during pregnancy on standardized birth weight by mother’s age. We only consider observations
with a propensity of smoking falling between the 2.5-th percentile for treated observations and the 97.5-th percentile for untreated observations. The figure 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 reference group are mothers aged 12 to 23
(the lowest quintile). Decomposition follows the procedure described in [1| 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 A.42.: Propensity Trimming: Standardized Birth Weight Figure A.43.: Propensity Trimming: Standardized Birth Weight
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Figure A.44.: Propensity Trimming: Standardized Birth Weight Figure A.45.: }Dropensmy Trimming: Standardized Birth Weight
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Note: The figure shows the structural effect derived by decomposing the effect of maternal smoking during pregnancy on standardized birth
weight. We only consider observations with a propensity of smoking falling between the 2.5-th percentile for treated observations and the
97.5-th percentile for untreated observations. Decomposition follows the procedure described in Positive difference corresponds to effect
mitigation, whereas negative difference corresponds to effect amplification respectively. Shaded areas show 95% confidence intervals.
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Figure A.46.: Propensity Trimming: Apgar Score - Effect Decomposition by Mother’s Age

Note: The figure displays the decomposition of the effect of smoking during pregnancy on the Apgar score by mother’s age. We only consider
observations with a propensity of smoking falling between the 2.5-th percentile for treated observations and the 97.5-th percentile for untreated
observations. The figure 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 12 to 23 (the lowest quintile). Decomposition follows the procedure described in Total, structural and compositional effect are
defined as in equation . 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 A.49.: Propensity Trimming: Apgar Score -
Structural Effect of Weight Gain

Figure A.50.: Propensity Trimming: Apgar Score -
Structural Effect of Weight Gain (Recommenda-
tions)
Note: The figure shows the structural effect derived by decomposing the effect of maternal smoking during pregnancy on the 5-minute Apgar
score. We only consider observations with a propensity of smoking falling between the 2.5-th percentile for treated observations and the
97.5-th percentile for untreated observations. Decomposition follows the procedure described in Positive difference corresponds to effect
mitigation, whereas negative difference corresponds to effect amplification respectively. Shaded areas show 95% confidence intervals.
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A.8. Decomposition: Full Decomposition Figures

A.8.1. Standardized Birth Weight
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Figure A.51.: Effect Decomposition by Parity

Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on standardized birth weight by parity. 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 reference group which are nulliparous mothers. Decomposition follows
the procedure described in[1| Positive difference corresponds to effect mitigation with increasing parity, whereas negative difference corresponds to effect amplification

with increasing parity respectively. Shaded areas show 95% confidence intervals.
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Figure A.52.: Effect Decomposition by prepregnancy BMI

Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on standardized birth weight by prepregnancy
BMI. 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 underweight
mothers. Decomposition follows the procedure described in Total, structural and compositional effect are defined as in equation .
Positive difference corresponds to effect mitigation with increasing BMI, whereas negative difference corresponds to effect amplification with
increasing BMI respectively. Shaded areas show 95% confidence intervals.
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Figure A.53.: Effect Decomposition by pregnancy Weight Gain

Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on standardized birth weight by weight gain
in pounds. 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
gaining less than 22 pounds (lowest quartile). Decomposition follows the procedure described in (1| Total, structural and compositional effect
are defined as in equation ([2.12). Positive difference corresponds to effect mitigation with increasing weight gain, whereas negative difference
corresponds to effect amplification with increasing weight gain respectively. Shaded areas show 95% confidence intervals.
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Figure A.54.: Effect Decomposition by Weight Gain Recommendations
Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on standardized birth weight by weight gain
recommendations. 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
gaining less than recommended based on guidelines published by |CDC — National Center for Health Statistics|(2021). Decomposition follows

the procedure described in [I| Total, structural and compositional effect are defined as in equation ([2.12). Shaded areas show 95% confidence
intervals.
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Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on 5-minute Apgar score by parity. 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 reference group are nulliparous mothers. Decomposition follows the
procedure described in Positive difference corresponds to effect mitigation with increasing parity, whereas negative difference corresponds to effect amplification
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Figure A.55.: Apgar Score - Effect Decomposition by Parity
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Note:

Figure A.56.: Apgar Score - Effect Decomposition by Weight Gain

corresponds to effect amplification with increasing weight gain respectively. Shaded areas show 95% confidence intervals.
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The figure displays the decomposition of the effect of maternal smoking during pregnancy on 5-minute Apgar score by weight gain
in pounds. 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
gaining less than 22 pounds (lowest quartile). Decomposition follows the procedure described in (1| Total, structural and compositional effect
are defined as in equation (2.12). Positive difference corresponds to effect mitigation with increasing weight gain, whereas negative difference
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Figure A.57.: Apgar Score - Effect Decomposition by Weight Gain Recommendations
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Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on 5-minute Apgar score by weight gain
recommendations. 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
gaining less than recommended based on guidelines published by |CDC — National Center for Health Statistics|(2021). Decomposition follows
the procedure described in [I| Total, structural and compositional effect are defined as in equation ([2.12). Shaded areas show 95% confidence

intervals.
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Figure A.58.: Apgar Score - Effect Decomposition by prepregnancy BMI
Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on 5-minute Apgar score by prepregnancy
BMI. 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 underweight
mothers. Decomposition follows the procedure described in Total, structural and compositional effect are defined as in equation .
Positive difference corresponds to effect mitigation with increasing BMI, whereas negative difference corresponds to effect amplification with
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Effect Decomposition by Sex of Child
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Figure A.59.: Apgar Score - Effect Decomposition by Sex of Newborn
Note: The figure displays the decomposition of the effect of maternal smoking during pregnancy on 5-minute Apgar score by sex of newborn.
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 underweight mothers.
Decomposition follows the procedure described in Total, structural and compositional effect are defined as in equation . Positive
difference corresponds to effect mitigation with by sex. Shaded areas show 95% confidence intervals.
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A.9. Overview: Literature on Heterogeneity

Table A.3.: Overview Medical Literature on Heterogeneity

Outcome

Findings

N Obs Method

Controls

birth weight
for
Cnattingius et al.|(1985): gestational
“Smoking, Maternal Age, age (stan-
and Fetal Growth* dardized
birth

weight)

e smoking is the most important risk

factor for fetal growth retardation

e among smokers reduction in birth
weight is stronger with increasing

maternal age

e maternal age does not influence
standardized birth weight on its

own

regression
3,022
analysis

parity, maternal age, prepregnancy
weight, maternal height, smoking,
renal disease, previous live birth

< 2500g, previous stillbirth, alcohol
addiction, recurrent spontaneous
abortions, hypertension, elevated
AFP, uterine anomaly, urinary tract
infection, vaginal bleeding, general

disease
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Table A.3 : Continued from previous page
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Outcome Findings Sample Size Method Controls
e significant interaction between
maternal age and moderate or
Cnattingius|(1989): “Does heavy smoking
small-for-
age potentiate the relative risk for SGA for heavy maternal age, parity, relationship with
gestational- logistic
smoking-related risk of smokers vs non-smokers is 1.9 in 280,809 father, smoking habits, type of birth
age regression
fetal growth retardation? women aged 15-19 (singleton, multiples)
(SGA)
relative risk for SGA for heavy
smokers vs non-smokers is 3.4 in
women aged 40-44
among multiparas, the
1 smoking-related effect on the
Cnattingius et al.|(1993): low birth
increase in the odds ratio of low
“Effect of age, parity, and weight and
birth weight and preterm delivery logistic
smoking on pregnancy preterm 538,829 maternal age, parity, smoking habits
is greater than among nulliparas regression
outcome: A delivery,

population-based study*

fetal death

there is a smoking-related relative

increase in the odds ratios for SGA

births with advancing maternal age
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Table A.3 : Continued from previous page

Outcome

Findings

Sample Size Method

Controls

Cnattingius|(1997):
“Maternal Age Modifies
the Effect of Maternal
Smoking on Intrauterine
Growth Retardation but
Not on Late Fetal Death

and Placental Abruption*

D’Souza et al.|(1981):
“Smoking in pregnancy:
associations with
skinfoldthickness,
maternal weight gain, and

fetal size at birth*

late fetal
death,
placental
abruption,
and SGA
birth

skinfold
thickness,
birth

weight, head
circumfer-

ence

effect modification of smoking by

maternal age is found only

regarding fetal growth

for smoking women aged 40-44

years, the risk increase of SGA

births was 4.5

risk increase of SGA birth among

smoking teenagers is only 2.0

heavy smokers gain significantly

less weight than non-smokers

no significant difference in skinfold

thickness between smoker and

non-smokers

fetal growth retardation is not

caused by nutritional deficiencies

logistic
1,057,711
regression

mean
452  comparison

using t-test

maternal age, cigarette smoking,

parity, cohabitation with father

smoking, maternal age, height, parity,

duration of pregnancy
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Table A.3 : Continued from previous page

Outcome Findings Sample Size Method Controls
e smokers have significantly smaller
birth . . .
Haworth et al.|(1980b): infants, while having comparable
' weight, . . mean dietary intake, smoking habits,
“Fetal growth retardation pregnancy weight gain
length, head comparison, maternal age, height, pregravid
in cigarette-smoking ) e dietary intake of smokers is not ] ] ] ]
circumfer- 536  t-tests, weight, pregnancy weight gain, parity,
mothers is not due to less than that of the nonsmokers . . . . .
ence, regression ethnic origin, educational level, family
decreased maternal food .
APGAR o fetal growth retardation due to analysis income, insurance status
intake" .
Score smoking is not caused by the
mother’s diminished intake of food
e birth weight and length increases
significantly with increasing
‘ . mean dietary intake, smoking habits,
Haworth et al.|(1980a): maternal weight
) birth weight comparisons, maternal age, height, prepregnancy
“Relation of maternal e maternal obesity and cigarette . . . . .
) ) ) and testing for weight, pregnancy weight gain, parity,
cigarette smoking, obesity, smoking act independently of each 536 Lo . . . .
crown-heel significance of  ethnic origin, educational level, family
and energy consumption other
length mean income, insurance status, marital
to infant size" .
e maternal overweight does not differences status

protect the fetus against

growth-retardation by smoking
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Table A.3 : Continued from previous page

Outcome Findings Sample Size Method Controls
e increasing prepregnancy BMI
La Merrill et al.|(2011): reduces the risk of SGA and
“Prepregnancy body mass increases birth weight maternal race, ethnicity, maternal
SGA, birth
index, smoking during weight effect of smoking during pregnancy 34,928 GLM birthplace, education, parity, delivery
pregnancy, and infant on SGA and birth weight is year, sex of newborn
birth weight" noticeably reduced among obese
and overweight women
‘ mother: race, parity, height, age,
Misra et al.|(2005): maternal smoking reduces birth
OLS, education, smoking, birth weight,
Maternal smoking and weight
Generalized IUGR, welfare program participation,
birth weight: Interaction . : .
birth weight o effect size on birth weight 989 (+500) Estimating hospitalization as child; grandmother:
with parity and mother’s :
moderated by parity and the Equations adult height, BMI, education, poverty
own in utero exposure to s :
mother’s own in utero exposure to (GEE) ratio, smoking, sexually transmitted

smoking*

smoking

disease
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Table A.3 : Continued from previous page

Outcome

Findings Sample Size Method

Controls

Muscati et al.|(1996):

“Increased Energy Intake

in Pregnant Smokers Does SGA
Not Prevent Human Fetal

Growth Retardation®

Nabet et al.|(2007):

“Smoking during

pregnancy according to preterm
obstetric complications delivery
and parity: results of the

europop study*

e the risk of preterm delivery

e smoking is independently

associated with higher energy
intake, but lower maternal weight

gain and birth weight

energy intake is positively logisti
ogistic

associated with a small increment 1,339 .
regression

in birth weight

negative effect of smoking fetal
growth retardation cannot be
mitigated by increasing energy

intake

smoking increases the risk of

preterm delivery

logistic
9,389

regression

associated with smoking is higher

for multiparae than primiparae

maternal pregravid weight, height,
pregnancy weight gain, smoking
status, physical activity, energy intake
throughout the duration of pregnancy,

birth weight

smoking during pregnancy, maternal
age, maternal weight, height, marital
status, educational level, working
during pregnancy, obstetric history,
complications during pregnancy,
gestational age at birth, birth weight
and the clinical condition of the

newborn
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Table A.3 : Continued from previous page

Outcome Findings Sample Size Method Controls
e women 35 years or older, smokers,
and nulliparas have higher risks of
] association
Raymond et al.|(1994): risk of stillbirth maternal age, parity, smoking,
tested
“Effects of maternal age, stillbirth; oy : pregnancy complications
‘ . the association between smoking 638,242 \*-test, ‘ ‘
parity, and smoking on growth and stillbirth is explained by the logistic (hypertension, diabetes, placental
the risk of stillbirth retardation combination of intrauterine growth ) complications), gestational age
regression
retardation and placental
complications
factors independently increasing .
maternal smoking, maternal age,
T ] the smoking-related risk of fetal ) ) )
Spinillo et al.|(1994b): education, marital status, parity,
o growth retardation: male fetus, o . .
“Factors potentiating the fetal growth logistic prepregnancy weight, BMI, weight
. . . nulliparity, maternal age 20 years 1,041 ) ) ) )
smoking-related risk of retardation regression gain, previous LBW birth, sex,

fetal growth retardation®

or less, history of first trimester
haemorrhage, low (less than 50 kg)

prepregnancy weight

haemorrhage, hypertension, alcohol,

coffee
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Table A.3 : Continued from previous page

Outcome

Findings Sample Size Method

Controls

Spinillo et al.|(1994a):
“Interaction between fetal
gender and risk factors for

fetal growth retardation®

Suzuki et al.|(2011):
“Gender differences in the
association between
maternal smoking during
pregnancy and childhood
growth trajectories:

multilevel analysis*

fetal growth

retardation

BMI of child

e fetal growth retardation is more
common in female than male

fetuses

e maternal smoking in pregnancy is
a significant risk factor for growth e logistic
retardation in both male and regression

female fetuses

o cffect of maternal smoking is
significantly stronger in male

fetuses

e mean birth weight of both male
and female children born to
smoking mothers is significantly

lower than for non-smokers 1,619 OLS

e smoking during pregnancy
decreases infant birth weight

regardless of gender

social class, education, prepregnancy
weight, BMI, previous LBW infant,
smoking, maternal age, hypertension,
anemia, placenta previa, low weight

gain, sex of newborn

birth order, birth weight, gestational
week of delivery and maternal BMI at
the first pregnant checkup between
the smoking and non-smoking mothers

by the children’s gender
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Table A.3 : Continued from previous page

Outcome Findings Sample Size Method Controls
t-test,
e maternal smoking during one-way
Varvarigou et al.|(2009): birth pregnancy causes a delay in fetal ANOVA,
“Impact of Maternal weight, growth, which is greater in male Mann- maternal smoking status and number
Smoking on Birth Size: length and offspring 2,108 Whitney U of cigarettes smoked per day, age,
Effect of Parity and Sex head cir- e the effect is enhanced with test, parity
Dimorphism* cumference increasing parity but independent Spearman
of maternal age rank
correlation
birth effect of smoking on fetal growth
Wu Wen et al. weight, and gestational age is significantly
(1990):“Smoking, maternal intrauterine greater with advancing maternal
logistic race, parity, marital status, maternal
age, fetal growth, and growth age 15,539
regression weight, weight gain, and alcohol use
gestational age at retardation,

delivery*

and preterm

delivery

smoking reduces birth weight by
134 g in young women, and 301 g

in women older than 35
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Outcome

Findings

Sample Size

Method Controls

Zarén et al.|(2000):
“Maternal smoking affects
fetal growth more in the

male fetus*

Zhang and Yang|(2019):
“Maternal smoking and
infant low birth weight:
Exploring the biological
mechanism through the
mother’s prepregnancy

weight status*

birth

weight, head
circumfer-
ence,
ultrasound
measure-

ments

LBW

e negative effect of smoking on fetal

growth is stronger for male fetuses

e birth weight reduction for male
fetus: 8.2%; only 4.8% for female

fetus

e increased maternal BMI reduces
the odds of delivering a LBW

infant

e BMI explains about 10.2% of the
adverse impact of maternal

smoking on having a LBW child

856

6,550

age, parity, smoking, alcohol, height,

ANOVA
weight gain, prepregnancy weight,
t-test, OLS
BMI, gestation age

<
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D
=
E.:
><
>
<
3

regression race, marital status, poverty status, a

models, employment status, mothers age, 2.
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Appendix B.

Appendix of Chapter 3

B.1. Group Fixed Effects

To minimize we make use of an iterative algorithm proposed by Bonhomme and Manresa
(2015). Given a fixed number of groups, chosen by the researcher, we use an iterative
algorithm consisting of an assignment and an update step, which are repeated until numerical
convergence. The algorithm for GFE assignment is very similar to the well-known clustering
algorithm kmeans.

Procedure 2: GFE estimator - Iterative:
For a given number of groups g € {1,...,G}:

1. Set random starting value (§(), a(9), i = 0.

2. Compute for all s € {1,...,N}:

T
g§i+l) = argmin Z(SmOkingst —xy0 — as(lls)t)z
I =1

3. Compute

N T
(00D o+D) = argmin Z Z(Smokingst — 0 — ag<i+1>t)2
o 51 t=1 °

4. Set © = ¢+ 1 and repeat until convergence.
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Appendix C.
Appendix of Chapter 4

Appendix

C.1. Weather Data Overview

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

Figure C.2.: Counties with sufficient overlap in propensity score estimates
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Average Days in Temperature Bins per Month

20

»
3
o
5
3
£
> 10

U=

Figure C.3.: Average count of days in temperature bins per month
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Figure C.4.: Average count of days in rainfall bins per month

C.2. Mechanical Correlation of Gestation and Temperature
Exposure

Table [C.I] 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 effects.
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Table C.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
Fized-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 R? 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 hﬁ)e

Signif. Codes: ***: 0.01,

147

rtensign. Standard errors clustered by County of residence in parentheses.
0.05, *: 0.1
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C.3. Decomposition

Procedure 3: Effect Decomposition

Repeat multiple times using different random splits into auxiliary and main sample:

e Split the sample into auxiliary (A) and main sample (M)
e On Auxiliary sample: train the causal forest

e On Main sample:
— Obtain estimates 7(x) of the treatment effect via the causal forest trained on A

— Define number of populations & € K based on the partitioning variable X* € X
(continuous variables need to be categorized)

— Vk € 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 F %, of the covariate distributions Fl, via
Py, (@) = 5 X% Lxzap k€K

* Obtain estimates Frgw)(o)\Xo of the conditional distribution via
Fyx(ylr) = A(P(x)'B(y)), Vyel

*x Obtain estimates of the counterfactual distributions via
Friim (W) = [y, Fryx; (ylz)dFx, (z)

x Obtain decomposition via

Frieiiey () — Friiiny () = [Freiiy () — Friiey (W] + [Fr ey (¥) — Friiii ()]

J/

Total Effect Structural Effect Compositional Effect

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

transformation Q. k) (v) := F;Ql‘\m (p), pe(0,1).
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C.4. Temperature Effects - Trimester

We further analyze sensitivity to the timing of the temperature exposure. Table shows
the effects separately for each trimester, following equation . Results are not sensitive
to including additional controls such as weather and mother’s fixed effects. 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 C.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
Fized-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
R? 0.0900 0.0900 0.0901 0.0376 0.0376 0.0376 0.0283 0.0283 0.0283
Within R? 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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C.5. Rainfall Effects

We additionally analyze effects of rainfall exposure. Table shows the results of equa-
tion for exposure to rainfall using our preferred specification including mother’s char-
acteristics 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 re-
duction 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 . See table for effect
estimates for rainfall exposure. We therefore cannot find significant effects of rainfall ex-
posure on any of the outcomes of health at birth. No effects of rainfall on health at birth
is partly in line with previous literature. |Andalon 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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Appendix C. Appendix of Chapter 4

Table C.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
Fized-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
R? 0.0091 0.0900 0.0039 0.0376 0.0265 0.0283
Within R? 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 C.4.: Trimester Rainfall Effects

eql

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
Fized-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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