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Abstract 

Research on the effect of in utero shocks on health at birth may be influenced by in utero 

selection. This study outlines a conceptual framework and shows that the results of the standard 

empirical approach are biased if (i) the exposure changes the probability of fetal death and (ii) 

health differences exist between deceased and surviving fetuses. Furthermore, an empirical 

example is provided to illustrate, the potential importance of fetal selection. Examining the 

impact of heat on birth weight, I find that accounting for fetal selection substantially increases 

the heat effect compared to the standard approach. These results suggest that incorporating the 

distorting effect of fetal losses into the estimations may be critical in some cases to provide 

more informed guidance for public policy. 
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1. Introduction 

There is a vast literature on the effect of various shocks, exposures, and interventions during 

pregnancy on birth outcomes. This includes studies on the effect of various environmental and 

other factors, e.g. exposure to air pollution (Coneus and Spiess, 2012; Currie et al., 2009; 

Gehrsitz, 2017; Liu et al., 2022; Mouganie et al., 2023; Rangel and Vogl, 2019), toxic chemicals 

and pesticides (Calzada et al., 2023; Currie et al., 2011; Currie and Schmieder, 2009), storms 

and hurricanes (Currie and Rossin-Slater, 2013; Jones, 2020), water contamination (Currie et 

al., 2013; Wang et al., 2022), introduction of smoking bans (Bharadwaj et al., 2014; Hajdu and 

Hajdu, 2018), exposure to violence and crime (Currie et al., 2022; Grossman and Khalil, 2022; 

Koppensteiner and Manacorda, 2016; Le and Nguyen, 2020), prenatal nutrition programs 

(Bitler and Currie, 2005; Currie and Rajani, 2015; Haeck and Lefebvre, 2016; Hoynes et al., 

2011), cash transfers (Amarante et al., 2016; Chung et al., 2016; Hoynes et al., 2015), and so 

on.  

These studies are interested in the effect of an event (which may be a shock, exposure, or 

intervention) on health at birth: how the health of an average newborn changes when is exposed 

to the event while in utero (compared to when not exposed). The conventional empirical 

approach uses live birth data and compares the health of two groups of newborns: (i) those who 

were exposed to the event and (ii) those who were not exposed to the event. However, even if 

the “treatment status” (exposure to the event) is randomly assigned, the event can affect not 

only the outcome of interest but may also change the group of newborns for whom the outcome 

is observed. Therefore, the estimated effect may incorporate not only the actual effect on health 

at birth, but also the effect of different forms of selection that induce changes in the number of 

fetuses that survive to live birth. First, the exposure can change the survival probability of some 

fetuses (in utero selection). Second, the anticipation of the event may induce behavioral changes 

that affect the timing of conceptions (selection into pregnancy). Some women (and their 

partners) may delay, bring forward or cancel pregnancy, or decide to have a child, as a result of 

information about an upcoming event. Third, if the exposure to the event is prolonged and 

affects the pre-conception period as well, it may also influence reproductive health, leading to 

changes in the number of conceptions.1 It means that uncovering the causal effect of the event 

 
1 Further difficulties might arise due to the fact that in most administrative and survey databases it is the place of 

residence at birth that is known and not the history of residence during pregnancy. Adverse events during 

pregnancy may induce migration processes, which can lead to a difference between where women live during 

pregnancy and at the childbirth. Although this type of selection does not affect the number of newborns, it makes 

it difficult to correctly assign the exposure to the event to individuals. 
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by simply comparing the exposed and non-exposed birth cohorts is often not straightforward 

(even in experimental settings). 

Since none of these selections is likely to be random, their effect cannot be ignored. Fetal 

losses due to exposure to an adverse event are likely to remove fetuses with below-average 

health, while a positive event may help the “marginal” fetuses to survive to live birth. Facing 

the possibility of being exposed to an adverse event, some more cautious, more educated, and 

forward-thinking women may delay pregnancy, reducing the number of babies exposed to the 

event. Assuming that these women are also more careful during pregnancy and better informed 

about factors affecting the outcome of pregnancy, the „missing” newborns would probably have 

been of above-average health. In sum, the different exposure-induced selection processes (in 

utero selection, selection into pregnancy) have similar impacts on the number of newborns, but 

their compositional effect on health at birth may be opposite to each other.  

This paper examines a special case: exposure to an event where only in utero selection (a 

change in the probability of fetal death) is present, while selection into pregnancy is very 

unlikely to play a role. The potential importance of in utero selection cannot be overlooked, as 

the mortality of human embryos between fertilization and live birth is very high: between 40% 

and 70%, and most of these losses remain clinically unobserved (Jarvis, 2016; Wilcox et al., 

2020). Although many early embryo losses are caused by chromosomal abnormalities due to 

random errors in embryo development, environmental and behavioral factors may also play an 

important role (Larsen et al., 2013; Regan and Rai, 2000; Simpson, 2007; van den Berg et al., 

2012). 

In this paper, I first formalize the problem by applying the principal stratification approach 

(Frangakis and Rubin, 2002; Rubin, 2006) and show that in utero selection distorts the effect 

estimated by the standard empirical approach using live birth data if (i) the exposure to an event 

changes the chance of fetal death and (ii) the potential health at birth of the deceased fetuses 

(which would have been observed if they had survived in a counterfactual situation) is different 

from that of the surviving fetuses. 

Next, I present an empirical example. The aim of this exercise is to highlight the potential 

importance of selection bias. I also show a simple way of obtaining a corrected estimate that 

accounts for the distorting effect of fetal mortality. The assumptions applied for this exercise 

are common in the literature: (i) a negative (positive) event does not decrease (increase) the 

chance of fetal mortality, (ii) the potential health at birth of fetuses whose survival depends on 

the exposure to the event is lower than that of fetuses that survive anyway. Specifically, I 

examine the effect of in utero exposure to hot temperatures on birth weight. The number of hot 
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days during the whole pregnancy cannot be accurately predicted before pregnancy and can be 

considered random (after conditioning on time-trend and seasonality), therefore behavioral 

changes affecting the number of births are unlikely to happen. The deviation of the weather 

from the long-term trend and seasonality can only be forecasted with a high degree of accuracy 

one or two weeks in advance (Bauer et al., 2015), thus, it is unlikely to change many pregnancy 

decisions made several weeks or months earlier. In addition, heat exposure in the pre-

conception and post-conception periods can be distinguished, and although they may be 

correlated, their effects can be estimated separately.2 Consequently, the most important heat-

induced selection process that affects the number of conceptions that survive to live birth is the 

spontaneous death of the fetus.  

Examining exposure to in utero temperature is important in itself. As the Earth’s climate is 

projected to warm rapidly in the next decades (IPCC, 2018, 2014), understanding the effects of 

heat is a particularly interesting public policy issue. Health at birth plays an important role in 

shaping later life outcomes (Behrman and Rosenzweig, 2004; Bharadwaj et al., 2018; Black et 

al., 2007; Currie, 2009; Figlio et al., 2014; Helgertz and Nilsson, 2019; Lambiris et al., 2022), 

so several previous studies have analyzed the effect of in utero exposure to heat on birth weight 

and other pregnancy outcomes (for a review see Hajdu and Hajdu, 2022a). Most of them 

concluded that hot temperatures reduce birth weight and increase the chance of low birth weight 

(Andalón et al., 2016; Chen et al., 2020; Cil and Kim, 2022; Conte Keivabu and Cozzani, 2022; 

Davenport et al., 2020; Deschênes et al., 2009; Hajdu and Hajdu, 2021a; Molina and 

Saldarriaga, 2017; Ngo and Horton, 2016). At the same time, other papers have shown that heat 

causes a substantial increase in the risk of pregnancy loss (Davenport et al., 2020; Hajdu and 

Hajdu, 2023, 2021b; Sexton et al., 2021), which suggests that the effect of hot temperatures on 

birth weight is likely to be underestimated in the literature since a non-negligible proportion of 

pregnancies do not reach the stage of live birth if exposed to heat. 

In this paper, I use Hungarian administrative data on more than 5 million live births 

conceived between 1975 and 2019. First, applying the standard approach of the literature, I 

show that exposure to heat during pregnancy leads to lower birth weight. Exposure to one 

additional day with an average wet bulb temperature >20°C in utero, relative to a day with an 

average wet bulb temperature ≤20°C, reduces birth weight by 0.38 grams. But the number of 

conceptions that survive to live birth is also reduced due to exposure to hot temperatures. In the 

second step of the analysis, I show that each additional >20°C day during the pregnancy causes 

 
2 In addition, exposure to an above-average number of heat days during pregnancy can be considered a relatively 

mild shock – at least in continental climates –, so heat-induced migration can be rightly considered insignificant. 
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a reduction of 0.16 percent in the number of conceptions that survive to live birth. In the final 

part of the paper, I show that even a slightly unbalanced selection process can result in a large 

birth weight difference between the deceased and surviving fetuses. The potential birth weight 

of the deceased fetuses may be at least a couple of hundred grams lower than that of the 

surviving fetuses. It means that even under a very conservative assumption of the difference in 

the potential birth weight of deceased and surviving fetuses, the bias caused by in utero selection 

is severe. Consequently, the corrected estimate of the effect of a >20°C day, which accounts for 

the effect of in utero selection, is at least twice the estimate based on the usual empirical 

approach. 

This paper contributes to the economics literature on the impact of shocks during 

pregnancy on health at birth. Although it is well understood in this literature that endogenous 

selection can be a problem (see e.g., Almond and Currie, 2011), it is still not a standard practice 

in empirical studies to test whether the results are affected by selection bias or to estimate the 

approximate magnitude of the bias. It is usually assumed that in utero selection reduces the 

strength of the effect to be estimated and is therefore considered less important to quantify it.3 

This approach has negative consequences from both a scientific and a public policy perspective. 

In cases where the fetal selection is particularly dominant and the estimated effects may be 

statistically insignificant, the papers can remain in the “file drawer” (Dickersin, 1990; Franco 

et al., 2014). From a policy perspective, the main drawback of not quantifying the distorting 

effects of endogenous selection is that it may lead to potentially misleading guidance for public 

policy and provides inaccurate input for cost-benefit analysis. In related literature that examines 

the effect of early life shocks on adult outcomes, selection bias due to childhood mortality is 

also a frequently discussed issue, however, its extent is also usually not quantified (Currie and 

Vogl, 2013). The main issue is similar to the problem of in utero selection, and Bozzoli et al. 

(2009) show in an illustrative model that under certain circumstances the effect of selection 

(removal of the least healthy) can outweigh the effect of scarring (the effect on adult outcomes). 

Other fields, like epidemiology and population health, are also well aware of the problem of in 

utero selection (Bruckner and Catalano, 2018; Raz et al., 2018), but only simulation studies 

have addressed the issue (e.g., Nobles and Hamoudi, 2019), and the literature lacks 

quantification of the bias in real-world data. I add to the literature by showing that the effect of 

in utero selection can be substantial, but a corrected estimate of the effect of interest can be 

calculated in a simple way, without the need to rely on additional data sources. 

 
3 Note, however, that in the presence of different forms of selection, as discussed above, the sign of net bias is not 

clear. 
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The paper is also related to the literature that examines the issue of sample selection which 

is relevant to many fields of applied microeconomics. Previous papers constructed a bound on 

a “treatment” effect assuming that selection affects observations at the top or the bottom of the 

distribution of the outcome variable (Horowitz and Manski, 2000; Lee, 2009; Zhang and Rubin, 

2003), but these bounds are often too wide to be useful for public policy, and their 

implementation is not evident in non-experimental settings with continuous treatment (e.g. 

exposure to air pollution or heat). In the case of fetal selection, plausible assumptions (supported 

by observational and simulation results) can be made about the exposure-induced selection 

process. Such assumptions are used in this paper to provide more useful guidance for public 

policy. 

The rest of the paper proceeds as follows. Section 2 outlines a conceptual framework to 

formalize the problem, describe the bias arising from in utero selection, and help in 

understanding the steps of the empirical analysis. The next sections provide an empirical 

example to illustrate the potential importance of fetal selection when considering the effect of 

an event on health at birth. Section 3 describes the data used in the analysis and outlines the 

empirical models. Section 4 presents the results. Section 5 discusses the implications of the 

findings and concludes.  

2. Conceptual framework 

This section outlines a simple conceptual framework, based on the principal stratification 

approach (Frangakis and Rubin, 2002; Rubin, 2006), that formalizes the bias that arises from 

in utero selection in the standard estimation of the effect of an event on the health of newborns. 

Selection into pregnancy and other forms of selection are ignored within this framework. That 

is, it is assumed that exposure to an event influences the number of births only through changes 

in the number of fetal deaths. I start by presenting the estimate obtained using the standard 

empirical approach of the literature and show how the actual effect of interest can be derived 

from it.  

Let Ai be a binary variable representing the exposure to an event. This event can have a 

positive or negative effect on health. Ai takes the value 1 if fetus i was exposed to the event 

while in utero and 0 otherwise. Let Si be a binary variable with value 1 if fetus i survives to live 

birth and 0 otherwise. Let the pair Si0 and Si1 denote the survival to live birth of fetus i for Ai=0 

and Ai=1, respectively. Depending on Ai and Si there are four types of fetuses (Table 1). Fetuses 

with Si0=1 and Si1=1 survive to birth regardless of exposure to the event (Type 1). Fetuses with 

Si0=1 and Si1=0 survive to birth only if they have not been exposed to the event (Type 2). Fetuses 
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with Si0=0 and Si1=1 survive to birth if they have been exposed to the event, but not otherwise 

(Type 3). Finally, fetuses with Si0=0 and Si1=0 cannot survive to birth under any conditions 

(Type 4). Let Hi denote the health at birth of fetus i. Let the pair Hi0 and Hi1 denote the potential 

health of fetus i for Ai=0 and Ai=1, respectively. 

 

Table 1: Typology of fetuses by exposure and survival to live birth 

  exposed to the event 

(Ai=1) 

  survive 

(Si=1) 

do not survive 

(Si=0) 

not exposed to 

the event 

(Ai=0) 

survive 

(Si=1) 

Type 1 

Si0=1 and Si1=1 

Type 2 

Si0=1 and Si1=0 

do not survive 

(Si=0) 

Type 3 

Si0=0 and Si1=1 

Type 4 

Si1=0 and Si0=0 

 

Since health at birth is observable only for those fetuses that survive to live birth, the causal 

effect of the event can only be determined for Type 1 fetuses. This is the real question for many 

studies, and can be labeled the “actual” effect of the event on health at birth: 

 ∆Ĥ = E[Hi1|Si0=1,S
i1

=1] – E[Hi0|Si0=1,S
i1

=1]. (1) 

However, when the effect of an event is assessed, usually live birth data are used and the 

health of two groups of newborns are compared: (i) newborns who were exposed to the event 

and (ii) newborns who were not exposed to the event. This comparison is, by definition, looking 

at those fetuses that survive until live birth: 

 ∆H = E[Hi1|Si1=1] – E[Hi0|Si0=1]. (2) 

The problem with this estimate is that the cohorts of exposed and non-exposed newborns 

are not fully comparable, and is different from (1), the effect of interest. We can use the four 

types of fetuses in Table 1, and express E[Hi0|Si0=1] and E[Hi1|Si1=1] in (2) as the weighted 

average of health at birth of Type 1 and Type 2 fetuses, and Type 1 and Type 3 fetuses, 

respectively, where the weights are the conditional probabilities of survival and fetal death: 
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 E[Hi0|Si0=1] = P[Si1=1|Si0=1]×E[Hi0|Si0=1,Si1=1]  

 + P[Si1=0|Si0=1]×E[Hi0|Si0=1,Si1=0]. (3) 

 E[Hi1|Si1=1] = P[Si0=1|Si1=1]×E[Hi1|Si0=1,Si1=1] 

 + P[Si0=0|Si1=1]×E[Hi1|Si0=0,Si1=1]. (4) 

Substituting (3) and (4) into (2), and given that P[Si1=1|Si0=1] + P[Si1=0|Si0=1] = 1, and 

P[Si0=1|Si1=1] + P[Si0=0|Si1=1] = 1, we can obtain:  

 ∆H = E[Hi1|Si0=1,S
i1

=1] – E[Hi0|Si0=1,S
i1

=1]  

+ P[Si1=0|Si0=1]×(E[Hi0|Si0=1,Si1=1] – E[Hi0|Si0=1,Si1=0]) 

 – P[Si0=0|Si1=1]×(E[Hi1|Si0=1,Si1=1] – E[Hi1|Si0=0,Si1=1]). (5) 

On the right-hand-side of (5), we first see the effect of the event on health at birth of Type 

1 fetuses (∆Ĥ). The other two terms represent the effects of selections caused by the exposure. 

Compared to a baseline population of newborns, some newborns may “disappear” as a result 

of fetal mortality, while other fetuses that have previously deceased may survive due to 

exposure to the event. If these fetuses are not randomly selected, then they distort the estimate 

of the effect of the event. The impact of the selections depends on (i) the extent of the in utero 

selection and (ii) the difference in potential health at birth between fetuses that survive to birth 

in any case and fetuses whose survival depends on the exposure.  

Taking into account the characteristics of the event, (5) can be further simplified. It is 

reasonable to assume that an adverse event during pregnancy would not change the outcome of 

pregnancy from death to survival. In other words, fetuses that survived the exposure to the 

adverse event, would not have died in a counterfactual situation in which they were not exposed. 

This is called monotonicity (Rubin, 2006; Zhang and Rubin, 2003). Formally, 

P[Si0=0|Si1=1] = 0. Therefore, for a negative event: 

 ∆H = ∆Ĥ + P[Si1=0|Si0=1]×(E[Hi0|Si0=1,Si1=1] – E[Hi0|Si0=1,Si1=0]). (6) 

The bias in the estimate of the standard approach is the product of (i) the chance of fetal 

death due to exposure among fetuses that survive to live birth in the absence of the exposure 

and (ii) the difference in the potential health between fetuses that survive to live birth and those 

that do not survive to live birth if exposed to the adverse event, conditionally that they survive 

to live birth without the exposure. Potential health in this case refers to the health of the fetuses 

which would have been observed if they had survived to live birth in the absence of the 

exposure. Simply stated, the value of this difference reveals which part of the health distribution 

the deceased fetuses are selected from. 
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Even if P[Si0=0|Si1=1] > 0, (6) can still be valid if 

E[Hi1|Si0=1,S
i1

=1] – E[Hi1|Si0=0,S
i1

=1] = 0. This would mean that fetuses that survived the 

exposure to the adverse event but would have died without the exposure are randomly selected 

from the health distribution. 

In contrast, monotonicity in the case of a beneficial event during pregnancy means that the 

event is unlikely to cause the death of a fetus that would otherwise have survived to live birth. 

Therefore, P[Si1=0|Si0=1] = 0. Thus, estimating the effect of a positive event gives: 

 ∆H = ∆Ĥ – P[Si0=0|Si1=1]×(E[Hi1|Si0=1,Si1=1] – E[Hi1|Si0=0,Si1=1]). (7) 

In this case, the bias is the product of (i) the share of “new” births caused by the positive 

event and (ii) the difference in the health at birth between the “regular” and “new” newborns.  

In the usual cases, the effect of an adverse event on health at birth is negative, whereas the 

effect of a beneficial event is positive. If the exposure changes the survival probability of some 

fetuses and these fetuses have below-average potential health, then (6) and (7) provide a lower 

bound of that the effect of the event on Type 1 fetuses. In an extreme case, when the magnitude 

of the bias is particularly large (selection dominates the estimation), the sign of the estimated 

effect may differ from the sign of the actual effect. On the other hand, if the exposure does not 

influence the survival of the fetuses or the selection is independent of the potential health, (6) 

and (7) give a good (unbiased) estimate of the effect of the exposure. 

How can we test whether selection bias exists and, if so, how can we estimate its magnitude 

and correct for it? The “actual” effect of the exposure on health at birth (∆Ĥ) can be estimated 

in three steps. First, ∆H has to be estimated, as it is usually done in the literature, using data on 

live births. Second, after creating a dataset aggregated at a geographical or temporal level 

(depending on the nature of the exposure) containing the number of conceptions that survive to 

live birth, the probability of death from exposure to the adverse event (P[Si1=0|Si0=1]) – 

conditional on survival without exposure – can be estimated using the log number of 

conceptions as the dependent variable in a regression. Similarly, in the case of a positive event, 

P[Si0=0|Si1=1] can be estimated. This can serve as a direct test of whether or not in utero 

selection distorts the estimate of the effect of the event in question. Finally, the 

E[Hi0|Si0=1,Si1=1] – E[Hi0|Si0=1,Si1=0] or the E[Hi1|Si0=1,Si1=1] – E[Hi1|Si0=0,Si1=1] term 

from (6) and (7) should be estimated. Again, these are the differences in the potential health 

between fetuses that survive to live birth irrespective of the exposure and those whose survival 

depends on the exposure. Unfortunately, these are not observable, as it cannot be identified 

which fetuses would have died in a counterfactual situation in which they were or were not 
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exposed to the event in question. However, because fetal mortality tends to remove those fetuses 

that are in poor potential health at birth, these health differences are unlikely to be negative. In 

short, although it is not possible to give an exact value for the actual effect of the exposure on 

the health of the newborns, it can be calculated under different assumptions about the difference 

in the potential birth weights. 

3. Data and methods 

3.1. Data 

The primary dataset of the empirical analysis is the live birth registry of the Hungarian Central 

Statistical Office (Hungarian Central Statistical Office, 2022a). It covers all live births in 

Hungary, and, among others, it contains information on the date of birth, pregnancy length, 

birth weight, and the mother’s municipality of residence for each newborn. The newborns’ 

conception date (C) was estimated from their date of birth (B) and gestational age (G) that is 

reported in completed weeks and calculated from the first day of the last menses: 

 C = B – 7×G + 15. (8) 

In (8) it is assumed that conceptions occur on the 15th day of the menstrual cycle. The 

estimated conception date and the mother’s county of residence allowed the creation of a 

county-by-year-by-week-level dataset containing the two outcome variables of this study: (i) 

the number of conceptions that survive to live birth per week in the twenty Hungarian counties 

(NUTS3 regions) and (ii) the average birth weight of these conceptions (newborns).4 

The analysis sample consists of live births conceived between 1975 and 2019, and is 

limited to births with non-missing information on birth date, pregnancy length, birth weight, 

and county of residence of the mother. These restrictions result in the exclusion of less than 1% 

of all conceptions. The final sample covers more than 5 million conceptions that survive to live 

birth (N=5,070,222) incorporated into 46,800 county-by-conception-year-by- conception-week 

cells. 

Information on ambient temperature is drawn from the European Climate Assessment & 

Dataset project (Cornes et al., 2018). The E–OBS 27.0e dataset (The ECA&D Project Team., 

2023) provides information, among others, on daily mean temperatures, humidity, and 

precipitation for Europe with a spacing of 0.1° × 0.1° in regular latitude/longitude coordinates 

starting from 1950. The gridded weather data were aggregated to the county-by-day level by 

 
4 Each year is divided into fifty-two weeks, therefore the 52nd calendar week is eight days long (except in leap 

years, when it lasts nine days). 
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averaging the temperatures and precipitation measures. Next, I calculated the wet-bulb 

temperature from the daily mean temperature and daily relative humidity data of the counties 

using the method of Stull (2011). I focus on daily mean temperature, which is a better indicator 

of the overall temperature exposure for a given day than the minimum or maximum 

temperature. Wet-bulb temperature is one of the most commonly used measures of heat stress. 

The main advantage of this measure is that it captures much better the thermal stress that people 

experience under different humidity conditions than dry-bulb temperature. 

For the analysis, I created a week-level dataset that shows the number of days when the 

daily average wet-bulb temperature is over 20°C. For simplicity, and since many previous 

studies found that the effects of mild and cold temperatures on birth weight are very similar and 

much weaker than the effect of hot temperatures (Deschênes et al., 2009; Hajdu and Hajdu, 

2021a; Molina and Saldarriaga, 2017), I focus on only extreme heat stress. Specifically, the 

effect of a >20°C day is compared to the effect of a ≤20°C day. Days with an average wet-bulb 

temperature >20°C are extremely heat-stressful. On these days the mean of the daily average 

dry-blub temperature is 26°C. In Hungary, the daily average dry-blub temperature of 25°C is 

the threshold for a first-level warning of extreme heat. 

In the final dataset, exposures to different weather conditions are calculated for the whole 

gestation period, assuming a 39-week-long pregnancy starting with the week of conception. 

Table 2 summarizes the dependent variables and the main right-hand-side variable: birth 

weight, number of conceptions, and wet-bulb temperature >20°C. The mean number of 

conceptions that survive to live birth is 108 (per week, per county), and they have an average 

birth weight of slightly more than 3200 grams. The number of days with an average wet-bulb 

temperature >20°C during the gestation period ranges between 0 and 50 days, with a mean of 

6 days. 

 

Table 2: Descriptive statistics 

Variable Mean SD Min Max N 

Birth weight 3215.7 95.3 2588.4 3569.1 46,800 

N of conceptions that survive to 

live birth 
108.3 79.1 16.0 788.0 46,800 

Exposure to wet-bulb temperature 

>20°C during pregnancy 
6.0 7.6 0.0 50.0 46,800 

Notes: Units of observations: county-by-year-by-calendar-week. The in utero exposure period is defined as a 39-

week-long period starting with the week of conception. 
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3.2. Methods 

First, the effect of heat exposure on birth weight is estimated by the standard empirical approach 

of the literature: 

 BWcyw = β
BW

∙TW20
cyw

 + ∑ γk∙Pcyw
k

k + δ∙TW20cyw
pre

 + ∑ μk∙Pcyw
k,pre

k  

 + ρ
cy

 + λw+ πw
' ∙tyw + πw

'' ∙tyw
2  + εcyw, (9) 

where BW is the average birth weight of newborns conceived in year y, calendar week w, and 

county c. TW20 is the variable of interest that shows the number of days with a daily average 

wet-bulb temperature >20°C during the entire pregnancy. βBW shows the effect of exposure to 

one additional >20°C day during pregnancy on newborns’ birth weight (relative to a day with 

an average wet-bulb temperature of ≤20°C). This corresponds to ∆H in (6). 

P is a vector of precipitation controls, which shows the number of days when the amount 

of daily precipitation falls in precipitation bin k (0 mm, 0−2 mm, 2−5 mm, 5−10 mm, over 10 

mm). Wet-bulb temperature and precipitation in the pre-conception period (five weeks) are 

entered as control variables (TW20pre and Ppre), as conceptions are affected by pre-conception 

weather (Barreca et al., 2018; Hajdu and Hajdu, 2022b), most likely via changes in reproductive 

health (Ahmad et al., 2012; Brown-Woodman et al., 1984; Hansen, 2009; Xiao et al., 2022; 

Zhou et al., 2020), and post-conception weather may be correlated with pre-conception weather. 

County-by-year fixed effects (ρ) absorb county-specific shocks to average birth weight at 

the year level. Calendar week fixed effects (λ) account for seasonal differences in birth weight. 

In addition, the seasonality of birth weight is allowed to change over time by the inclusion of 

calendar-week-specific quadratic time trends (π).5 Standard errors are clustered at county and 

year-by-calendar-week levels.  

The effect of heat on the number of conceptions (that survive to live birth) is analyzed with 

a similar equation: 

 ln(NCcyw
B

) = β
NC

∙TW20
cyw

 + ∑ γk∙Pcyw
k

k + δ∙TW20cyw
pre

 + ∑ μk∙Pcyw
k,pre

k  

 + ρ
cy

 + λw+ πw
' ∙tyw + πw

'' ∙tyw
2  + εcyw, (10) 

where NCB is the number of conceptions that survive to live birth in year y, calendar week w, 

and county c. Otherwise, the right-hand-side variables in (10) are the same as in (9). In this 

case, βNC shows the effect of a >20°C day on the log number of conceptions. Or in other words, 

 
5 Since the last calendar week of the year is eight or nine days long, while the other calendar weeks are seven days 

long, additional two variables are included in the regression, measuring the number of days in the 39-week-long 

gestation period and the 5-week-long pre-conception period. 
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100× βNC shows the percentage effect of a >20°C day on the number of conceptions.6 More 

importantly, − βNC is equivalent to the probability of fetal mortality due to heat exposure, under 

the condition that only those conceptions are considered that survive to live birth without the 

exposure. And this is what we are looking for from (6): P[Si1=0|Si0=1] (for proof, see Online 

Appendix B).  

4. Results 

4.1. Exposure to heat and birth weight 

The effect of exposure to heat during pregnancy on birth weight (βBW), estimated using the 

standard empirical approach, is reported in Column 1 of Table 3. I find that heat exposure has 

a significant influence on birth weight. Exposure to one additional day with an average wet-

bulb temperature >20°C while in utero reduces birth weight by 0.38 grams. The size of this 

effect is comparable to the results of previous studies using similar data and method (Chen et 

al., 2020; Deschênes et al., 2009; Hajdu and Hajdu, 2021a).7 

 

Table 3: The effect of exposure to heat on birth weight and number of conceptions 

 (1) (2) 

 Birth weight ln(N of conceptions) 

Avg. wet-bulb temperature >20°C 
−0.384** 

(0.091) 

−0.157** 

(0.022) 

N 46,800 46,800 

Notes: In Column 2, the coefficient and SE are multiplied by 100. The models have county-by-year 

fixed effects, calendar-week fixed effects, and calendar-week-specific quadratic time trends. 

Precipitation and pre-conception exposure to heat and precipitation are controlled for. The in utero 

exposure period is defined as a 39-week-long period starting with the week of conception. Standard 

errors clustered at the county and year-by-week levels are in parentheses. *p<0.05, **p<0.01. 

 

The sensitivity of this result is tested in several ways. First, a falsification test is performed 

(Table A1, Online Appendix A). In this exercise, temperature and precipitation are replaced by 

weather data that were measured exactly one year later. The idea is that the birth weight of 

newborns could not have been affected by future temperature, consequently, zero coefficients 

are expected to be estimated in this regression. A large and statistically significant temperature 

coefficient would imply that unmeasured seasonality drives the baseline result. The result of 

 
6 More precisely: (eβ

NC

–1) × 100 shows the percentage effect, but for small β they are indistinguishable. 
7 Taking into consideration the different reference temperature, temperature categories, and climatic conditions. 
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the falsification test strengthens the credibility of the baseline estimate: the estimated coefficient 

of exposure to days with an average wet-bulb temperature >20°C is not only statistically 

insignificant but practically zero. 

As further sensitivity tests, I experiment with alternative sets of fixed effects and time 

trends (Table A2, Online Appendix A), exclude some of the control variables, include lags of 

the dependent variable, treat exposure in the conception week as a control variable, and change 

the weights (Table A3, Online Appendix A). In general, I find that these alternative 

specifications lead to similar conclusions: heat stress during pregnancy reduces birth weight. 

The results also robust when using different measures of heat exposure: (i) N of days with an 

average wet-bulb temperature >19°C, (ii) N of days with an average wet-bulb temperature 

>21°C, (iii) N of days with an average dry-bulb temperature >25°C, (iv) N of days with an 

average dry-bulb temperature >27°C (Table A4, Online Appendix A). These results show that 

more extreme heat has stronger effects on health at birth and the survival chance of the fetus. 

4.2. In utero selection due to exposure to heat 

However, exposure to extreme heat while in utero can not only influence the health at birth but 

can also lead to the death of the fetus. When I estimate the effect of high wet-bulb temperature 

on the number of conceptions that survive to live birth (βNC), this is exactly what I find (Table 

3, Column 2). Exposure to one additional day with an average wet-bulb temperature >20°C 

during the pregnancy reduces the number of conceptions by 0.16%.8 In other words, the chance 

of fetal mortality is increased by 0.0016 for every heat day (among fetuses that survive to live 

birth in the absence of heat exposure). This result indicates that the estimated effect on birth 

weight is distorted by in utero selection.  

Similar to the birth weight analysis, I perform several robustness checks. Replacing the 

temperature and precipitation variables with weather data that were measured exactly one year 

later results in a close to zero coefficient of wet-bulb temperature >20°C (Table A1, Online 

Appendix A). The conclusion remains the same for alternative measures of heat exposure 

(Table A4, Online Appendix A). Using different fixed effects (Table A5, Online Appendix A) 

or control variables (Table A6, Online Appendix A) does not change the baseline conclusion. 

However, it is clear that failing to account for the pre-conception weather leads to a lower 

temperature coefficient. But it is not surprising; pre-conception exposure to heat has a strong 

effect on the conception rate (Barreca et al., 2018; Hajdu and Hajdu, 2022b) and is (negatively) 

 
8 Note that in Column 2 of Table 3, the coefficient and the SE are multiplied by 100. 
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correlated with post-conception exposure to heat. Therefore, excluding pre-conception weather 

from the control variables causes an omitted variable bias.  

 

4.3 The actual effect of exposure to heat 

It is clear from these results that the effect of heat on birth weight is underestimated by the usual 

empirical approach. The only question is exactly to what extent, and how to obtain the actual 

effect of heat (the effect on fetuses that survive to live birth irrespective of the exposure, ∆Ĥ) 

from the results of the previous sections. This is given by rearranging (6): 

 ∆Ĥ = ∆H – P[Si1=0|Si0=1]×(E[Hi0|Si0=1,Si1=1] – E[Hi0|Si0=1,Si1=0]). (11) 

Or using the regression coefficients from (9) and (10): 

 ∆Ĥ = β
BW

+ β
NC

×(E[Hi0|Si0=1,Si1=1] – E[Hi0|Si0=1,Si1=0]). (12) 

The latter equation shows that the effect of interest can be calculated using the estimate of 

the standard approach and the effect of the in utero selection. It is also obvious that there is only 

one unknown term left on the right-hand side of (12), which prevents us from obtaining the 

actual effect of heat on birth weight. This is the birth weight difference between the deceased 

and surviving fetuses (E[Hi0|Si0=1,Si1=1] – E[Hi0|Si0=1,Si1=0]). It is perhaps worth 

emphasizing that potential birth weight means their birth weight if they had not been exposed 

to warm temperatures. In other words, this birth weight difference indicates which part of the 

counterfactual health distribution the fetuses that deceased (due to heat exposure) are selected 

from. Unfortunately, this difference cannot be observed, but ∆Ĥ can be calculated for different 

hypothetical values of the birth weight difference. 

Figure 1 does exactly that. It depicts the actual effect of heat (∆Ĥ) and the estimate from 

the standard approach (βBW) as a function of the difference in the potential birth weight between 

surviving and deceased fetuses (E[Hi0|Si0=1,Si1=1] – E[Hi0|Si0=1,Si1=0]). Obviously, the 

standard estimate is independent of the difference between potential birth weights, therefore it 

is constant in the figure: −0.38 grams. It is also evident from (12) that if the birth weight 

difference is zero, then the estimated effect from the standard approach and the actual effect are 

identical. However, if the potential birth weight of the deceased fetuses is lower than that of 

fetuses that survive anyway, the actual effect of heat is stronger than the estimate obtained with 

the standard approach. Under the assumption that the potential birth weight of the surviving 

fetuses is 200 grams higher than that of the deceased fetuses, the actual effect is −0.70 grams, 

which is almost twice the baseline estimate. For a potential birth weight difference of 500 
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grams, the actual effect is more than three times the result of the standard approach (−1.17 

grams vs. −0.38 grams).  

 

Figure 1: The effect of heat on birth weight estimated by the standard approach and the 

actual effect of heat 

 

Notes: Shaded areas represent 95% confidence intervals calculated from 500 bootstrap samples. The 

estimate from the standard approach (solid line) are from Table 3. The actual effect of heat is 

calculated using (12) for different values of the last term (the difference in the potential birth weight 

between surviving and deceased fetuses).  

 

In general, Figure 1 shows that if heat-induced fetal mortality is more likely to affect lower 

birth weight fetuses, then the actual effect of heat on birth weight is larger than the estimated 

effect of the standard approach. Furthermore, this difference is larger the more selective the 

fetal mortality. Now only one question remains: how large is the potential birth weight 

difference between surviving and deceased fetuses? Although the actual difference cannot be 

observed in any way, there are some indications that it may be at least a few hundred grams. 

On panel A of Figure 2, I plot the average birth weight of newborns who survived the first 

month of life and those who died during this period by pregnancy length. Panel B of Figure 2 

shows similar values for live-born and stillborn infants. Both panels are based on individual-

level Hungarian administrative data between 1985 and 2019 (Hungarian Central Statistical 

Office, 2022b, 2022a, 2022c). Two important observations can be made by looking at these 

figures. First, although all these children reached an advanced stage of pregnancy, there is a big 

difference between the average birth weight of those who died soon after and those who 
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survived, even after controlling for pregnancy length. Second, this difference seems to be quite 

stable. In both figures, the birth weight difference is around 200-300 grams at most pregnancy 

weeks.  

 

Figure 2: Average birth weights of surviving and deceased infants 

 

Notes: Panel A is created using the registries of live birth and infant mortality of the Hungarian Central Statistical 

Office between 1985-2019. The average birth weight of the newborns surviving the first month of life is calculated 

using the average birth weight and the number of newborns who died in the first month of life and the total number 

of newborns. Panel B is created using the registries of live birth and stillbirths of the Hungarian Central Statistical 

Office between 1985-2019. Data with less than 28 weeks or more than 41 weeks of gestation are excluded. 

 

A simple simulation exercise also suggests that the birth weight difference in question is 

likely to be significant. Consider a hypothetical birth cohort of 100,000 fetuses, where the 

potential birth weight of each fetus is randomly selected from a normal distribution with a mean 

of 3200 and a standard deviation of 550.9 In this example, the potential birth weight of each 

fetus is that weight that would be observed if they were born. Next, assume that this fetal cohort 

is exposed to a hot day during its time in the womb. As a result, in line with the empirical 

estimate presented in Table 3, 0.16 percent of the cohort dies in the womb, while the other 99.84 

percent survive to live birth. Assume also that the deceased fetuses are randomly selected either 

from the bottom or top 50 percent of the potential birth weight distribution. Let s denote the 

share of the deceased fetuses that are selected from the bottom 50 percent. Consequently, the 

share of the deceased fetuses that are selected from the top 50 percent is (1−s). Define a measure 

of the strength of selection as 2s−1. Take two extreme scenarios. In the first one, the selection 

of the deceased fetuses is completely random (that is s is equal to 0.5): half of the deceased 

fetuses are randomly selected from the bottom 50 percent of the potential birth weight 

 
9 These values roughly correspond to the mean and standard deviation of the birth weights of the 5 million 

newborns in the sample of this paper. 
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distribution, while the other half are randomly selected from the top 50 percent. In this case, the 

strength of selection is 0. In the second scenario, the selection tends to remove those with low 

potential birth weight. In this case, all of the deceased fetuses are randomly selected from the 

bottom 50 percent of the potential birth weight distribution (that is s is equal to 1), and the 

strength of selection is 1. 

In this simulation the potential birth weight of all fetuses is known, therefore the 

counterfactual difference in the birth weights of the surviving and deceased fetuses can be 

calculated under different s (or in other words, under different values of strength of selection). 

Figure 3 shows this counterfactual difference as a function of the strength of selection. Not 

surprisingly when the deceased fetuses are selected completely randomly (the strength of 

selection is 0) the difference in the birth weights of the surviving and deceased fetuses is zero. 

When the strength of selection is 1 (all deceased fetuses are selected from the bottom 50 percent 

of the potential birth weight distribution), the birth weight difference is almost 450 grams. In 

an in-between scenario in which a quarter of the deceased fetuses are selected from the top half 

of the potential birth weight distribution and three-quarters from the bottom half (selection 

strength is 0.5), the deceased fetuses weigh 220 grams less than the surviving fetuses. 

 

Figure 3: Simulated difference in the potential birth weights of the surviving and deceased 

fetuses as a function of the strength of the in utero selection 

 

Notes: The shaded area represents 95% confidence intervals calculated from 500 replications. The solid line is the 

mean of the 500 replications. 
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Similar conclusions can be drawn from a slightly different simulation exercise using the 

same cohort of fetuses (Figure A1, Online Appendix A). In this simulation, the 0.16 percent of 

fetuses that do not survive to live birth are randomly selected from the bottom d percent of the 

birth weight distribution (where d runs from 100 to 50). When d is equal to 100, the selection 

is completely random and unconstrained, consequently, the difference in the birth weights of 

the surviving and deceased fetuses is zero. When the deceased fetuses are selected from the 

bottom 80 percent of the potential birth weight distribution (so only the heaviest 20 percent are 

“protected” from the selection), the birth weight difference is almost 200 grams. 

These results clearly show that even a slightly unbalanced selection process, which tends 

to remove fetuses with a lower potential birth weight, can result in a large birth weight 

difference between the deceased and surviving fetuses. Consequently, the potential birth weight 

of fetuses that die as a result of exposure to hot temperatures may be at least a couple of hundred 

grams lower than that of the surviving fetuses. Such a birth weight difference implies that the 

actual effect of heat exposure during pregnancy, which accounts for the effect of in utero 

selection, is substantially larger than the estimate from the usual empirical approach. 

5. Conclusions 

This paper focuses on the issue of fetal selection, which arises when the effect of in utero 

exposure to an event on health at birth is estimated. This issue is important because the presence 

of in utero selection may lead to biased results if the conventional approach in the literature is 

applied. By formalizing the problem, I show that a bias arises if (i) the exposure changes the 

chance of fetal death of the affected fetuses and (ii) there is a difference in the potential health 

at birth of the deceased and surviving fetuses (which would have been observed if they had 

survived in the counterfactual situation).  

Next, the paper presents an empirical example that highlights the potential significance of 

the selection bias. Using administrative data on conceptions that survive to live births in 

Hungary between 1975-2019, I show that the standard approach yields a small negative estimate 

of the effect of in utero exposure to heat on birth weight. Exposure to one additional day with 

an average wet-bulb temperature >20°C reduces birth weight by 0.38 grams. However, in utero 

exposure to heat also affects the survival probability of the exposed fetuses. Each >20°C day 

reduces the number of conceptions that survive to live birth by 0.16%. This means that the 

standard empirical approach gives a biased estimate of the effect of heat. The extent of this bias 

depends on the difference in the average potential birth weight between surviving and deceased 

fetuses. I show that even if we assume that this birth weight difference is moderate, the bias is 
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large. The corrected estimate of the effect of a >20°C day, which accounts for the impact of in 

utero selection, is at least twice the estimate from the conventional empirical approach. 

Although incorporating the distorting effect of fetal mortality into the estimate of the effect of 

heat may lead to a less certain answer about the impacts of the exposure, it increases the 

credibility of the results, or at least it should do so, and these corrected estimates may provide 

more useful and reliable guidance for public policy. 

From a narrower perspective, the empirical results of this paper mean that the projected 

impact of climate change on birth weight (Deschênes et al., 2009; Hajdu and Hajdu, 2021a; 

Ngo and Horton, 2016) is likely to be underestimated. According to the corrected estimate of 

the effect of heat, the impacts of climate change on newborns’ health may be considerably 

stronger than previously thought. 

The findings of this study are of course not only of interest for studies on the effect of heat 

exposure but are also relevant for all studies on the effect of various shocks, exposures, and 

interventions during pregnancy on birth outcomes. One of the main implications of this study 

is that future papers exploring the effects of different shocks should pay more attention to 

selection processes (that induce changes in the number of fetuses that survive to live birth) and 

how their effects can be incorporated into the estimates. Running a regression using the number 

of conceptions that survive to live birth as a dependent variable is a simple way to identify the 

potential problem of selection bias. Although the distorting effect of fetal selection may be 

negligible in some cases, it should be standard practice to test for the presence of selection 

biases and to obtain the approximate magnitude of the bias. 

References 

Ahmad, G., Moinard, N., Esquerré-Lamare, C., Mieusset, R., Bujan, L., 2012. Mild induced 

testicular and epididymal hyperthermia alters sperm chromatin integrity in men. 

Fertility and Sterility 97, 546–553. https://doi.org/10.1016/j.fertnstert.2011.12.025 

Almond, D., Currie, J., 2011. Killing Me Softly: The Fetal Origins Hypothesis. Journal of 

Economic Perspectives 25, 153–172. https://doi.org/10.1257/jep.25.3.153 

Amarante, V., Manacorda, M., Miguel, E., Vigorito, A., 2016. Do Cash Transfers Improve Birth 

Outcomes? Evidence from Matched Vital Statistics, Program, and Social Security Data. 

American Economic Journal: Economic Policy 8, 1–43. 

https://doi.org/10.1257/pol.20140344 

Andalón, M., Azevedo, J.P., Rodríguez-Castelán, C., Sanfelice, V., Valderrama-González, D., 

2016. Weather Shocks and Health at Birth in Colombia. World Development 82, 69–

82. https://doi.org/10.1016/j.worlddev.2016.01.015 

Barreca, A., Deschenes, O., Guldi, M., 2018. Maybe Next Month? Temperature Shocks and 

Dynamic Adjustments in Birth Rates. Demography 55, 1269–1293. 

https://doi.org/10.1007/s13524-018-0690-7 



21 

 

Bauer, P., Thorpe, A., Brunet, G., 2015. The quiet revolution of numerical weather prediction. 

Nature 525, 47–55. https://doi.org/10.1038/nature14956 

Behrman, J.R., Rosenzweig, M.R., 2004. Returns to Birthweight. The Review of Economics 

and Statistics 86, 586–601. https://doi.org/10.1162/003465304323031139 

Bharadwaj, P., Johnsen, J.V., Løken, K.V., 2014. Smoking bans, maternal smoking and birth 

outcomes. Journal of Public Economics 115, 72–93. 

https://doi.org/10.1016/j.jpubeco.2014.04.008 

Bharadwaj, P., Lundborg, P., Rooth, D.-O., 2018. Birth Weight in the Long Run. J. Human 

Resources 53, 189–231. https://doi.org/10.3368/jhr.53.1.0715-7235R 

Bitler, M.P., Currie, J., 2005. Does WIC work? The effects of WIC on pregnancy and birth 

outcomes. Journal of Policy Analysis and Management 24, 73–91. 

https://doi.org/10.1002/pam.20070 

Black, S.E., Devereux, P.J., Salvanes, K.G., 2007. From the Cradle to the Labor Market? The 

Effect of Birth Weight on Adult Outcomes. The Quarterly Journal of Economics 122, 

409–439. https://doi.org/10.1162/qjec.122.1.409 

Bozzoli, C., Deaton, A., Quintana-Domeque, C., 2009. Adult height and childhood disease. 

Demography 46, 647–669. https://doi.org/10.1353/dem.0.0079 

Brown-Woodman, P.D.C., Post, E.J., Gass, G.C., White, I.G., 1984. The Effect of a Single 

Sauna Exposure on Spermatozoa. Archives of Andrology 12, 9–15. 

https://doi.org/10.3109/01485018409161141 

Bruckner, T.A., Catalano, R., 2018. Selection in utero and population health: Theory and 

typology of research. SSM - Population Health 5, 101–113. 

https://doi.org/10.1016/j.ssmph.2018.05.010 

Calzada, J., Moscoso, B., Gisbert, M., 2023. The Hidden Cost of Bananas: The Effects of 

Pesticides on Newborns’ Health. Journal of the Association of Environmental and 

Resource Economists. https://doi.org/10.1086/725349 

Chen, X., Tan, C.M., Zhang, Xiaobo, Zhang, Xin, 2020. The effects of prenatal exposure to 

temperature extremes on birth outcomes: the case of China. J Popul Econ 33, 1263–

1302. https://doi.org/10.1007/s00148-020-00768-4 

Chung, W., Ha, H., Kim, B., 2016. Money Transfer and Birth Weight: Evidence from the 

Alaska Permanent Fund Dividend. Economic Inquiry 54, 576–590. 

https://doi.org/10.1111/ecin.12235 

Cil, G., Kim, J., 2022. Extreme temperatures during pregnancy and adverse birth outcomes: 

Evidence from 2009 to 2018 U.S. national birth data. Health Economics 31, 1993–2024. 

https://doi.org/10.1002/hec.4559 

Coneus, K., Spiess, C.K., 2012. Pollution exposure and child health: Evidence for infants and 

toddlers in Germany. Journal of Health Economics 31, 180–196. 

https://doi.org/10.1016/j.jhealeco.2011.09.006 

Conte Keivabu, R., Cozzani, M., 2022. Extreme Heat, Birth Outcomes, and Socioeconomic 

Heterogeneity. Demography 59, 1631–1654. https://doi.org/10.1215/00703370-

10174836 

Cornes, R.C., Schrier, G. van der, Besselaar, E.J.M. van den, Jones, P.D., 2018. An Ensemble 

Version of the E-OBS Temperature and Precipitation Data Sets. Journal of Geophysical 

Research: Atmospheres 123, 9391–9409. https://doi.org/10.1029/2017JD028200 

Currie, J., 2009. Healthy, Wealthy, and Wise: Socioeconomic Status, Poor Health in Childhood, 

and Human Capital Development. Journal of Economic Literature 47, 87–122. 

https://doi.org/10.1257/jel.47.1.87 

Currie, J., Graff Zivin, J., Meckel, K., Neidell, M., Schlenker, W., 2013. Something in the 

water: contaminated drinking water and infant health. Canadian Journal of Economics 

46, 791–810. https://doi.org/10.1111/caje.12039 



22 

 

Currie, J., Greenstone, M., Moretti, E., 2011. Superfund Cleanups and Infant Health. American 

Economic Review 101, 435–441. https://doi.org/10.1257/aer.101.3.435 

Currie, J., Mueller-Smith, M., Rossin-Slater, M., 2022. Violence While in Utero: The Impact 

of Assaults during Pregnancy on Birth Outcomes. The Review of Economics and 

Statistics 104, 525–540. https://doi.org/10.1162/rest_a_00965 

Currie, J., Neidell, M., Schmieder, J.F., 2009. Air pollution and infant health: Lessons from 

New Jersey. Journal of Health Economics 28, 688–703. 

https://doi.org/10.1016/j.jhealeco.2009.02.001 

Currie, J., Rajani, I., 2015. Within-Mother Estimates of the Effects of Wic on Birth Outcomes 

in New York City. Economic Inquiry 53, 1691–1701. 

https://doi.org/10.1111/ecin.12219 

Currie, J., Rossin-Slater, M., 2013. Weathering the storm: Hurricanes and birth outcomes. 

Journal of Health Economics 32, 487–503. 

https://doi.org/10.1016/j.jhealeco.2013.01.004 

Currie, J., Schmieder, J.F., 2009. Fetal Exposures to Toxic Releases and Infant Health. 

American Economic Review 99, 177–183. https://doi.org/10.1257/aer.99.2.177 

Currie, J., Vogl, T., 2013. Early-Life Health and Adult Circumstance in Developing Countries. 

Annual Review of Economics 5, 1–36. https://doi.org/10.1146/annurev-economics-

081412-103704 

Davenport, F., Dorélien, A., Grace, K., 2020. Investigating the linkages between pregnancy 

outcomes and climate in sub-Saharan Africa. Popul Environ 41, 397–421. 

https://doi.org/10.1007/s11111-020-00342-w 

Deschênes, O., Greenstone, M., Guryan, J., 2009. Climate Change and Birth Weight. American 

Economic Review 99, 211–17. https://doi.org/10.1257/aer.99.2.211 

Dickersin, K., 1990. The Existence of Publication Bias and Risk Factors for Its Occurrence. 

JAMA 263, 1385–1389. https://doi.org/10.1001/jama.1990.03440100097014 

Figlio, D., Guryan, J., Karbownik, K., Roth, J., 2014. The Effects of Poor Neonatal Health on 

Children’s Cognitive Development. American Economic Review 104, 3921–3955. 

https://doi.org/10.1257/aer.104.12.3921 

Franco, A., Malhotra, N., Simonovits, G., 2014. Publication bias in the social sciences: 

Unlocking the file drawer. Science 345, 1502–1505. 

https://doi.org/10.1126/science.1255484 

Frangakis, C.E., Rubin, D.B., 2002. Principal Stratification in Causal Inference. Biometrics 58, 

21–29. https://doi.org/10.1111/j.0006-341X.2002.00021.x 

Gehrsitz, M., 2017. The effect of low emission zones on air pollution and infant health. Journal 

of Environmental Economics and Management 83, 121–144. 

https://doi.org/10.1016/j.jeem.2017.02.003 

Grossman, D., Khalil, U., 2022. Neighborhood crime and infant health. Journal of Urban 

Economics 130, 103457. https://doi.org/10.1016/j.jue.2022.103457 

Haeck, C., Lefebvre, P., 2016. A simple recipe: The effect of a prenatal nutrition program on 

child health at birth. Labour Economics, SOLE/EALE conference issue 2015 41, 77–

89. https://doi.org/10.1016/j.labeco.2016.05.003 

Hajdu, T., Hajdu, G., 2023. Climate change and the mortality of the unborn. Journal of 

Environmental Economics and Management 118, 102771. 

https://doi.org/10.1016/j.jeem.2022.102771 

Hajdu, T., Hajdu, G., 2022a. Temperature, Climate Change, and Fertility, in: Zimmermann, 

K.F. (Ed.), Handbook of Labor, Human Resources and Population Economics. Springer, 

Cham, pp. 1–25. https://doi.org/10.1007/978-3-319-57365-6_262-1 



23 

 

Hajdu, T., Hajdu, G., 2022b. Temperature, climate change, and human conception rates: 

evidence from Hungary. J Popul Econ 35, 1751–1776. https://doi.org/10.1007/s00148-

020-00814-1 

Hajdu, T., Hajdu, G., 2021a. Temperature, climate change, and birth weight: evidence from 

Hungary. Popul Environ 43, 131–148. https://doi.org/10.1007/s11111-021-00380-y 

Hajdu, T., Hajdu, G., 2021b. Post-conception heat exposure increases clinically unobserved 

pregnancy losses. Scientific Reports 11. https://doi.org/10.1038/s41598-021-81496-x 

Hajdu, T., Hajdu, G., 2018. Smoking ban and health at birth: Evidence from Hungary. 

Economics & Human Biology 30, 37–47. https://doi.org/10.1016/j.ehb.2018.05.003 

Hansen, P.J., 2009. Effects of heat stress on mammalian reproduction. Philosophical 

Transactions of the Royal Society B: Biological Sciences 364, 3341–3350. 

https://doi.org/10.1098/rstb.2009.0131 

Helgertz, J., Nilsson, A., 2019. The effect of birth weight on hospitalizations and sickness 

absences: a longitudinal study of Swedish siblings. J Popul Econ 32, 153–178. 

https://doi.org/10.1007/s00148-018-0706-z 

Horowitz, J.L., Manski, C.F., 2000. Nonparametric Analysis of Randomized Experiments with 

Missing Covariate and Outcome Data. Journal of the American Statistical Association 

95, 77–84. https://doi.org/10.1080/01621459.2000.10473902 

Hoynes, H., Miller, D., Simon, D., 2015. Income, the Earned Income Tax Credit, and Infant 

Health. American Economic Journal: Economic Policy 7, 172–211. 

https://doi.org/10.1257/pol.20120179 

Hoynes, H., Page, M., Stevens, A.H., 2011. Can targeted transfers improve birth outcomes?: 

Evidence from the introduction of the WIC program. Journal of Public Economics 95, 

813–827. https://doi.org/10.1016/j.jpubeco.2010.12.006 

Hungarian Central Statistical Office, 2022a. Élveszületés, 1970-2020 [database]. 

Hungarian Central Statistical Office, 2022b. Csecsemőhalálozások, 1970-2020 [database]. 

Hungarian Central Statistical Office, 2022c. Késői magzati halálozások, 1970-2020 [database]. 

IPCC, 2018. Global Warming of 1.5°C. An IPCC Special Report on the impacts of global 

warming of 1.5°C above pre-industrial levels and related global greenhouse gas 

emission pathways, in the context of strengthening the global response to the threat of 

climate change, sustainable development, and efforts to eradicate poverty. Geneva, 

Switzerland. 

IPCC, 2014. Climate Change 2014: Synthesis Report. Contribution of Working Groups I, II 

and III to the Fifth Assessment Report of the Intergovernmental Panel on Climate 

Change. Geneva, Switzerland. 

Jarvis, G.E., 2016. Estimating limits for natural human embryo mortality. F1000Res 5, 2083. 

https://doi.org/10.12688/f1000research.9479.2 

Jones, B.A., 2020. After the Dust Settles: The Infant Health Impacts of Dust Storms. Journal of 

the Association of Environmental and Resource Economists 7, 1005–1032. 

https://doi.org/10.1086/710242 

Koppensteiner, M.F., Manacorda, M., 2016. Violence and birth outcomes: Evidence from 

homicides in Brazil. Journal of Development Economics 119, 16–33. 

https://doi.org/10.1016/j.jdeveco.2015.11.003 

Lambiris, M.J., Blakstad, M.M., Perumal, N., Danaei, G., Bliznashka, L., Fink, G., Sudfeld, 

C.R., 2022. Birth weight and adult earnings: a systematic review and meta-analysis. 

Journal of Developmental Origins of Health and Disease 13, 284–291. 

https://doi.org/10.1017/S2040174421000404 

Larsen, E.C., Christiansen, O.B., Kolte, A.M., Macklon, N., 2013. New insights into 

mechanisms behind miscarriage. BMC Med 11, 154. https://doi.org/10.1186/1741-

7015-11-154 



24 

 

Le, K., Nguyen, M., 2020. Armed conflict and birth weight. Economics & Human Biology 39, 

100921. https://doi.org/10.1016/j.ehb.2020.100921 

Lee, D.S., 2009. Training, Wages, and Sample Selection: Estimating Sharp Bounds on 

Treatment Effects. The Review of Economic Studies 76, 1071–1102. 

https://doi.org/10.1111/j.1467-937X.2009.00536.x 

Liu, X., Miao, H., Behrman, J.R., Hannum, E., Liang, Z., Zhao, Q., 2022. The Asian Games, 

air pollution and birth outcomes in South China: An instrumental variable approach. 

Economics & Human Biology 44, 101078. https://doi.org/10.1016/j.ehb.2021.101078 

Molina, O., Saldarriaga, V., 2017. The perils of climate change: In utero exposure to 

temperature variability and birth outcomes in the Andean region. Economics & Human 

Biology 24, 111–124. https://doi.org/10.1016/j.ehb.2016.11.009 

Mouganie, P., Ajeeb, R., Hoekstra, M., 2023. The Effect of Open-Air Waste Burning on Infant 

Health: Evidence from Government Failure in Lebanon. Journal of Human Resources. 

https://doi.org/10.3368/jhr.0621-11706R2 

Ngo, N.S., Horton, R.M., 2016. Climate change and fetal health: The impacts of exposure to 

extreme temperatures in New York City. Environmental Research 144, Part A, 158–

164. https://doi.org/10.1016/j.envres.2015.11.016 

Nobles, J., Hamoudi, A., 2019. Detecting the Effects of Early-Life Exposures: Why Fecundity 

Matters. Popul Res Policy Rev 38, 783–809. https://doi.org/10.1007/s11113-019-

09562-x 

Rangel, M.A., Vogl, T.S., 2019. Agricultural Fires and Health at Birth. The Review of 

Economics and Statistics 101, 616–630. https://doi.org/10.1162/rest_a_00806 

Raz, R., Kioumourtzoglou, M.-A., Weisskopf, M.G., 2018. Live-Birth Bias and Observed 

Associations Between Air Pollution and Autism. American Journal of Epidemiology 

187, 2292–2296. https://doi.org/10.1093/aje/kwy172 

Regan, L., Rai, R., 2000. Epidemiology and the medical causes of miscarriage. Best Practice & 

Research Clinical Obstetrics & Gynaecology 14, 839–854. 

https://doi.org/10.1053/beog.2000.0123 

Rubin, D.B., 2006. Causal Inference through Potential Outcomes and Principal Stratification: 

Application to Studies with “Censoring” Due to Death. Statistical Science 21, 299–309. 

Sexton, J., Andrews, C., Carruthers, S., Kumar, S., Flenady, V., Lieske, S., 2021. Systematic 

review of ambient temperature exposure during pregnancy and stillbirth: Methods and 

evidence. Environmental Research 197, 111037. 

https://doi.org/10.1016/j.envres.2021.111037 

Simpson, J.L., 2007. Causes of Fetal Wastage. Clinical Obstetrics and Gynecology 50, 10–30. 

https://doi.org/10.1097/GRF.0b013e31802f11f6 

Stull, R., 2011. Wet-Bulb Temperature from Relative Humidity and Air Temperature. Journal 

of Applied Meteorology and Climatology 50, 2267–2269. 

https://doi.org/10.1175/JAMC-D-11-0143.1 

The ECA&D Project Team., 2023. A European daily high-resolution gridded dataset (E-OBS), 

27.0e. 

van den Berg, M.M.J., van Maarle, M.C., van Wely, M., Goddijn, M., 2012. Genetics of early 

miscarriage. Biochimica et Biophysica Acta (BBA) - Molecular Basis of Disease, 

Molecular Genetics of Human Reproductive Failure 1822, 1951–1959. 

https://doi.org/10.1016/j.bbadis.2012.07.001 

Wang, R., Chen, X., Li, X., 2022. Something in the pipe: the Flint water crisis and health at 

birth. J Popul Econ 35, 1723–1749. https://doi.org/10.1007/s00148-021-00876-9 

Wilcox, A.J., Harmon, Q., Doody, K., Wolf, D.P., Adashi, E.Y., 2020. Preimplantation loss of 

fertilized human ova: estimating the unobservable. Hum Reprod 35, 743–750. 

https://doi.org/10.1093/humrep/deaa048 



25 

 

Xiao, L., Wang, Q., Ni, H., Xu, T., Zeng, Q., Yu, X., Wu, H., Guo, P., Zhang, Q., Zhang, X., 

2022. Effect of ambient temperature variability on sperm quality: A retrospective 

population-based cohort study. Science of The Total Environment 851, 158245. 

https://doi.org/10.1016/j.scitotenv.2022.158245 

Zhang, J.L., Rubin, D.B., 2003. Estimation of Causal Effects via Principal Stratification When 

Some Outcomes are Truncated by “Death.” Journal of Educational and Behavioral 

Statistics 28, 353–368. https://doi.org/10.3102/10769986028004353 

Zhou, Y., Meng, T., Wu, L., Duan, Y., Li, G., Shi, C., Zhang, H., Peng, Z., Fan, C., Ma, J., 

Xiong, C., Bao, W., Liu, Y., 2020. Association between ambient temperature and semen 

quality: A longitudinal study of 10 802 men in China. Environment International 135, 

105364. https://doi.org/10.1016/j.envint.2019.105364 

 

  



26 

 

Online Appendix 

 

Appendix A 

 

Table A1: Falsification test using weather one year later 

 (1) (2) 

 Birth weight ln(N of conceptions) 

Avg. wet-bulb temperature >20°C 
−0.034 

(0.108) 

0.055 

(0.029) 

N 46,800 46,800 

Notes: Exposure to high wet-bulb temperature during pregnancy is replaced by weather data 

measured exactly one year later. In Column 2, the coefficient and SE are multiplied by 100. The 

models have county-by-year fixed effects, calendar-week fixed effects, and calendar-week-specific 

quadratic time trends. Precipitation and pre-conception exposure to heat and precipitation are 

controlled for. The in utero exposure period is defined as a 39-week-long period starting with the 

week of conception. Standard errors clustered at the county and year-by-week levels are in 

parentheses. *p<0.05, **p<0.01. 

 



27 

 

Table A2: Sensitivity tests: experimenting with fixed effects (birth weight) 

 (1) (2) (3) (4) (5) (6) 

Avg. wet-bulb 

temperature >20°C 

−0.479** 

(0.083) 

−0.353** 

(0.093) 

−0.326** 

(0.113) 

−0.326* 

(0.130) 

−0.391** 

(0.110) 

−0.583** 

(0.134) 

Fixed effects C-Y, W C-Y, W C, Y, W Y, C-W C-Y, C-W C-Y-S, W 

Time trends W-spec. linear W-spec. cubic 
C-spec. quadratic, 

W-spec. quadratic 

C-W-spec. 

quadratic 

C-W-spec. 

quadratic 

W-spec. 

quadratic 

N 46,800 46,800 46,800 46,800 46,800 46,800 

Notes: Dependent variable: birth weight. C=county, Y=year, W=calendar week, S=season. Precipitation, and pre-conception exposure to heat and precipitation are 

controlled for. The in utero exposure period is defined as a 39-week-long period starting with the week of conception. Standard errors clustered at the county and year-

by-week levels are in parentheses. *p<0.05, **p<0.01. 
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Table A3: Sensitivity tests:  controls and weighting (birth weight) 

 (1) (2) (3) (4) (5) 

Avg. wet-bulb 

temperature 

>20°C 

−0.378** 

(0.101) 

−0.378** 

(0.091) 

−0.358** 

(0.081) 

−0.407** 

(0.098) 

−0.371** 

(0.095) 

Specification 

Excl. pre-

conception 

weather 

Excl. 

precipitation 

Weighted by 

the N of 

conceptions 

Incl. lagged 

dep. var. 

Conc. week 

as control 

N 46,800 46,800 46,800 46,700 46,800 

Notes: Dependent variable: birth weight. The models have county-by-year fixed effects, calendar-week fixed 

effects, and calendar-week-specific quadratic time trends. Precipitation and pre-conception exposure to heat and 

precipitation are controlled for (unless otherwise indicated). The in utero exposure period is defined as a 39-week-

long period starting with the week of conception (unless otherwise indicated). In Column 4, five lags of the 

dependent variable are included. In Column 5, the conception week is treated as a control variable, and the main 

exposure variables cover weeks 2-38 of the pregnancy. Standard errors clustered at the county and year-by-week 

levels are in parentheses. *p<0.05, **p<0.01. 
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Table A4: Alternative measures of heat exposure 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 Birth weight 
ln(N of 

conceptions) 
Birth weight 

ln(N of 

conceptions) 
Birth weight 

ln(N of 

conceptions) 
Birth weight 

ln(N of 

conceptions) 

Avg. wet-bulb temperature 

>19°C 

−0.262** 

(0.088) 

−0.084** 

(0.016) 
  

  
  

Avg. wet-bulb temperature 

>21°C 
  

−0.490** 

(0.161) 

−0.301** 

(0.045) 

  
  

Avg. dry-bulb temperature 

>25°C 
    

−0.247** 

(0.081) 

−0.118** 

(0.020) 
  

Avg. dry-bulb temperature 

>27°C 
    

  −0.335* 

(0.128) 

−0.234** 

(0.033) 

N 46,800 46,800 46,800 46,800 46,800 46,800 46,800 46,800 

Notes: In Column 2, Column 4, Column 6, and Column 8, the coefficient and SE are multiplied by 100. The models have county-by-year fixed effects, calendar-week fixed 

effects, and calendar-week-specific quadratic time trends. Precipitation and pre-conception exposure to heat and precipitation are controlled for. In Columns 5-8, humidity 

controls are also included. The in utero exposure period is defined as a 39-week-long period starting with the week of conception. Standard errors clustered at the county and 

year-by-week levels are in parentheses. *p<0.05, **p<0.01. 
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Table A5: Sensitivity tests: experimenting with fixed effects (number of conceptions) 

 (1) (2) (3) (4) (5) (6) 

Avg. wet-bulb 

temperature >20°C 

−0.174** 

(0.021) 

−0.154** 

(0.021) 

−0.184** 

(0.044) 

−0.206** 

(0.043) 

−0.184** 

(0.024) 

−0.145** 

(0.028) 

Fixed effects C-Y, W C-Y, W C, Y, W Y, C-W C-Y, C-W C-Y-S, W 

Time trends W-spec. linear W-spec. cubic 
C-spec. quadratic, 

W-spec. quadratic 

C-W-spec. 

quadratic 

C-W-spec. 

quadratic 

W-spec. 

quadratic 

N 46,800 46,800 46,800 46,800 46,800 46,800 

Notes: Dependent variable: ln(N of conceptions). Coefficients and SEs are multiplied by 100. C=county, Y=year, W=calendar week. Precipitation and pre-conception 

exposure to heat and precipitation are controlled for. The in utero exposure period is defined as a 39-week-long period starting with the week of conception. Standard 

errors clustered at the county and year-by-week levels are in parentheses. *p<0.05, **p<0.01. 
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Table A6: Sensitivity tests: controls (number of conceptions) 

 (1) (2) (3) (4) 

Avg. wet-bulb 

temperature >20°C 

−0.061* 

(0.023) 

−0.162** 

(0.021) 

−0.155** 

(0.021) 

−0.157** 

(0.022) 

Specification 

Excl. pre-

conception 

weather 

Excl. 

precipitation 

Incl. lagged 

dep. var. 

Conc. week as 

control 

N 46,800 46,800 46,700 46,800 

Notes: Dependent variable: ln(N of conceptions). Coefficients and SEs are multiplied by 100. The models have 

county-by-year fixed effects, calendar-week fixed effects, and calendar-week-specific quadratic time trends. 

Precipitation and pre-conception exposure to heat and precipitation are controlled for (unless otherwise 

indicated). The in utero exposure period is defined as a 39-week-long period starting with the week of 

conception (unless otherwise indicated). In Column 3, five lags of the dependent variable are included. In 

Column 4, the conception week is treated as a control variable, and the main exposure variables cover weeks 

2-38 of the pregnancy. Standard errors clustered at the county and year-by-week levels are in parentheses. 

*p<0.05, **p<0.01. 

 

Figure A1: Simulated difference in the potential birth weights of the surviving and 

deceased fetuses 

 

Notes: In this simulation, a cohort of 100,000 fetuses is used, where the potential birth weight of each fetus is 

randomly selected from a normal distribution with a mean of 3200 and a standard deviation of 550. The potential 

birth weight of each fetus is the weight that would be observed if they were born. It is assumed that 0.16 percent 

of the fetuses die in the womb, while the other 99.84 percent survive to live birth. The 0.16 percent of the deceased 

fetuses are randomly selected from the bottom d percent of the potential birth weight distribution (where d runs 

from 100 to 50). The counterfactual difference in the (potential) birth weights of the surviving and deceased fetuses 

is calculated under different d. The shaded area represents 95% confidence intervals calculated from 500 

replications. The solid line is the mean of the 500 replications. 
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Appendix B 

 

In addition to the notation introduced in Section 2 of the main text, let N[Si0,Si1] denote the 

number of different types of fetuses in our hypothetical cohort that are shown in Table 1. Thus, 

N[Si0=1,Si1=1] is the number of fetuses that survive to birth regardless of the exposure to the 

event in question. N[Si0=1,Si1=0] is the number of fetuses that survive to birth only if they have 

not been exposed to the event, and so on. With a similar notation N[Si1=1] and N[Si0=1] is the 

number of fetuses that survive to birth if they were exposed and unexposed to the event in 

question, respectively. 

Using these notations, βNC from (10) can be written as: 

 β
NC

 = ln(N[Si1=1]) – ln(N[Si0=1]) ≈  
N[Si1=1] – N[Si0=1]

N[Si0=1]
 

 = 
N[Si0=1,Si1=1] + N[Si0=0,Si1=1] − N[Si0=1,Si1=1] – N[Si0=1,Si1=0]

N[Si0=1]
 

 = 
N[Si0=0,Si1=1] – N[Si0=1,Si1=0]

N[Si0=1]
. (B1) 

Under the assumption that fetuses that survived the exposure to an adverse event, would 

not have died in a counterfactual situation in which they were not exposed (P[Si0=0|Si1=1] = 0, 

and therefore (N[Si0=0,Si1=1] = 0), (B1) can be simplified to: 

 β
NC

 ≈ –
 N[Si0=1,Si1=0]

N[Si0=1]
. (B2) 

Since by definition: 

 P[Si1=0|Si0=1] = 
 N[Si0=1,Si1=0]

N[Si0=1]
, (B3) 

it is easy to see that: 

 P[Si1=0|Si0=1] ≈ – β
NC

. (B4) 

 

 


