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Abstract: Exposure to air pollution during pregnancy is known to cause adverse infant health 
outcomes. However, less is known about the effect of pollution on fertility. In this paper, I use 
EPA air quality monitor data and NCHS vital statistics from 1980–2002 to examine associations 
between air pollution levels and race-specific county-level fertility nine months later. I use an 
instrumental variables framework to provide an alternate set of coefficients to OLS for fine 
particulate matter. With a p-value of 0.12, I find that a one standard deviation increase in fine 
particulate matter (PM 10) causes a roughly 7% reduction in county fertility. This is not robust to 
population weighting, suggesting possible treatment effect heterogeneity. 
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I. Introduction 

There is a large literature documenting the negative effect of air pollution on a variety of 

health outcomes. Though average ambient levels of most air pollutants have been declining in 

the U.S. over the past few decades, increasing proportions of the population live in more polluted 

urban areas, resulting in an ambiguous change to net exposure.1 A much smaller literature 

examines the effect of air pollution on fecundity and fertility. This issue is particularly relevant 

as the average age of first-time mothers and the percentage of children born to women older than 

35 both increase. Control over fertility is clearly valued at the individual level, and difficulty 

conceiving affects 20 percent of American couples.2 Fertility is also critical at the regional and 

societal level, since birth patterns determine future labor market and demographic patterns. Since 

some populations (particularly nonwhite, low SES) are more exposed to air pollution 

residentially, impacts on health would also have inequality implications. Understanding the 

effects of pollutants on fertility is critical to inform locational decisions for industry, roadways, 

and housing that will affect generations to come. 

One of the only papers that considers the causal effect of air pollution on fertility is Clay 

et al. (2018), which looks at the effects of decreases in airborne lead caused by the phase-out of 

lead from gasoline. The authors find a 6.7 percent increase in annual mean fertility resulting 

from the average decrease in county-level airborne lead from 1978–1988. I add to this literature 

by examining the relationship between other common pollutants, specifically fine particulate 

matter (PM 10), on fertility at the county level from the 1980s to the 2000s.3 Following Chay and 

																																																	
1 Statistic from Center for Disease Control and Prevention Morbidity and Mortality Weekly Report, 2017. 
2 Gnoth et al., 2005. About 20 percent of couples are unable to conceive within 6 menstrual cycles, 10 percent 
within 12 menstrual cycles, and 5 percent within 48 menstural cycles. 
3 I look at PM 10 because this is the only regulatory change that affects a meaningful number of counties and for 
which I observe sufficient data before and after. 
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Greenstone (2005), Bishop et al. (2018), and Clay et al. (2018), I also use variation in pollution 

induced by the Clean Air Act in 1970 to estimate a causal effect of particulate matter on county-

level fertility during this time. 

 

II. Background 

Overview of Existing Studies 

Air pollution is known to cause ailments including cardiovascular disease, stroke, cancer, 

asthma, dementia, and premature birth (Carre et al. 2017). To the extent that these illnesses 

manifest in people of childbearing age, some of these conditions could have the added effect of 

reducing fertility at least temporarily and would be picked up in my estimates. An understanding 

of the validity of independent biological pathways through which air pollution reduces fertility is 

therefore important when assessing the relevance of this investigation. The medical literature has 

studied possible pathways through which pollutant exposure may cause a direct reduction in 

fertility and reproductive fitness. Mice and rats exposed to ambient levels of outdoor urban air 

pollution are shown to exhibit decreased fecundity (Mohallem et al. 2005). Additionally, 

examinations of women receiving in vitro fertilization treatments reveal that exposure to nitrogen 

dioxide, ozone, and particulate matter is associated with increased rates of miscarriage and 

irregular cell allocation patterns early in an embryo’s development (Legro et al. 2010). 

Researchers have also noted associations between exposure to sulfur dioxide and particulate 

matter and unhealthy sperm motility and morphology, both of which impact the chance of 

pregnancy (Selevan et al. 2000).4 Fewer and less rigorous studies have looked at the female 

																																																	
4 Sperm motility is the sperm’s ability to move efficiently, and is measured as the percent of sperm that have normal 
tail movement under a microscope. Sperm morphology is the shape and size of the sperm, and is measured as the 
percent of sperm that appear normal under a microscope. (Amelar et al., 1980). 
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gamete, but those that have find an association between air pollutant exposure and altered 

ovulation processes (Tomei et al. 2006). 

This research has three primary weaknesses when interpreting findings in practice. First, 

people can change their behavior to mitigate the circumstances of their environment. For 

instance, they can reduce their exposure to pollution and thus the risk of adverse health outcomes 

by staying indoors or living in low-pollution areas, or they can change their sexual behavior to 

increase the odds of becoming pregnant. The effective impact of pollutants may therefore be 

different from their estimated effects in randomized control trials. Furthermore, studies on 

animals cannot always be extrapolated to humans. These factors limit the practical applicability 

of laboratory studies. Medical, non-laboratory studies of humans, though based on real-world 

levels of exposure, are often missing important variables such as health-seeking behavior and 

habits like tobacco consumption, or are not able to isolate the effect of pollution exposure (Carre 

et al., 2017).5 This suggests that individual-level studies of association may not be appropriate 

for measuring the health impacts of air pollution. Socioeconomic status, education, 

race/ethnicity, level of air pollution exposure, and fertility are all correlated, preventing 

associative literature from isolating total causal effects of pollution on fertility. 

 

Summary of Pollutants 

 The specific effects and mechanisms of different pollutants can be confusing and 

technical. Here, I provide a summary of the main effects and sources of each pollutant in this 

																																																	
5 For instance, Thurston et al. (2000) compares women who go into careers that require pollution exposure to those 
who find jobs that do not require high levels of pollutant exposure. Selevan et al. (2000) examines men in two 
regions of the Czech Republic, one of which is industrial and one of which is rural. Systematic differences between 
the people in those careers/regions, which almost certainly exist, prevent a causal interpretation of the association 
between pollution and the desired outcome. 
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project and when possible contextualize the sensory impact of their presence. First, a note on 

units. Particulate matter is measured in micrograms per cubic meter; this is roughly equivalent to 

parts per billion, the unit of nitrogen dioxide and sulfur dioxide. Ozone and carbon monoxide are 

measured in parts per million.6 A concentration of 3 ppm is equivalent to saying that in a million 

molecules of air, three would be expected to be of that pollutant. Most ozone exposure measured 

on EPA air quality monitors is less than 1 ppm, which seems quite small. For context, acetone 

(nail polish remover) can be smelled starting at 0.40 ppm, ammonia can be smelled starting at 

0.043 ppm, and chlorine can be smelled starting at 0.021 ppm (American Industrial Hygiene 

Association, 2013). 

 

Particulate Matter 

PM 10 measures the total mass of airborne solid or liquid particles less than 10 

micrometers or less in diameter, and PM 2.5 measures the total mass of these particles less than 

2.5 micrometers in diameter (for context, the width of a human hair is about 50 micrometers). 

These particles are generated in two main ways: mechanical disruption (e.g., kicking up dust 

when driving over an unpaved road, construction sites, wildfires) and chemical reactions in the 

atmosphere. These particles enter the body mainly through the respiratory system; finer particles 

are able to penetrate the body further through the alveoli, and thus have more severe health 

consequences. To help contextualize this, Guo and Mosley (2000) measured the particulate 

matter released in a small laboratory when burning commercial candles. There was a lot of 

variety in the amount of particles released; one 9-wick paraffin candle burned in released 41 

micrograms per hour per wick; another released 3120 micrograms per hour per wick. Particulate 

																																																	
6 Metrics found in this table: https://www.epa.gov/criteria-air-pollutants/naaqs-table. 
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matter surged in both cases when the flame was put out; that little plume of smoke from blowing 

out a candle is an example of particulate matter (Boguski, 2006). 

 

Ozone (O3) 

Ozone has a weaker association with fertility than particulate matter, though in a study of 

women undergoing IVF exposure after embryo implantation was shown to decrease the odds of 

live birth (Legro et al., 2010).7 Concentrations of ozone are about twice as high outdoors as 

compared to indoors; fine particulate matter is only about 5 percent lower inside, and is harder to 

avoid via marginal actions (Laumbach et al., 2015). Ozone exists naturally in the stratosphere, 

and blocks some of the stronger UV rays from entering the Earth’s atmosphere (the 

chlorofluorocarbon “ozone hole” is caused by the depletion of this stratospheric ozone). 

However, at the ground level, ozone can cause a variety of respiratory issues and can harm 

ecosystems. Ground-level ozone forms when nitrogen oxides and volatile organic compounds 

react in the presence of sunlight, which is why seasonal variation is particularly pronounced for 

this pollutant. Industrial facilities and car exhaust are some of the sources of the pollutants that 

become ground-level ozone.  

 

Sulfur Dioxide (SO2) 

 Sulfur dioxide is released from burning fossil fuels and copper mining; very small 

amounts are also released naturally in geological processes such as volcano eruptions, but 99 

																																																	
7 The EPA actually releases two separate files on particulate matter: one file with observations that use EPA-
approved methods, and another file that produces data that is useful enough to report but gathered with a collection 
method that the EPA is not allowed to use to inform decisions. For counties that have observations of each type, the 
median difference between the measures is 0.2 micrograms per cubic meter; this is such a small percentage of the 
mean of the measures that I currently construct one PM 2.5 measure from these two files. If a county-month has an 
observation using the approved measures, this is the estimate I use; if not, I use the non-EPA measure. The EPA-
approved file begins in 1997, while the other file begins in 1988. 



6 
	

percent is manmade.8 Zou et al. (2011) found that exposure to SO2 during pregnancy increases 

the probability of low birthweight among infants born to mothers older than 35. Dales et al. 

(2004) found that exposure to this sulfur dioxide, nitrogen dioxide, and carbon monoxide 

increase the risk of Sudden Infant Death Syndrome in the short term. To the best of my 

knowledge, there are no studies linking fertility and SO2, though Liu et al. (2017) linked SO2 

exposure and decreased sperm quality. Levels of sulfur dioxide declined a lot during this time 

period, but standards for sulfur dioxide were not updated between 1980 and 2002.9 Controlling 

for SO2 levels should account for the impact of this decrease. 

 

Nitrogen Dioxide (NO2) 

Road traffic, coal-burning appliances, and tobacco smoke contribute to NO2 production 

and exposure (Jarvis et al, 2010). Legro et al. (2010) showed, in a study of women undergoing 

IVF, that increased exposure to nitrogen dioxide during pregnancy is associated with a decreased 

chance of pregnancy. In another study, a 10 ppb increase in NO2 levels was associated with a 16 

percent increase in the chance of spontaneous pregnancy loss (Leiser et al., 2019). Exposure to 

NO2 is thought to decrease sperm cell counts in males, though this was shown in an experiment 

on rats (Watanabe, 2005). Levels of nitrogen dioxide declined a lot during this time period, but 

standards for nitrogen dioxide were not updated between 1980 and 2002.10 Controlling for NO2 

levels should account for the impact of this decrease. 

 

Carbon Monoxide (CO) 

																																																	
8 Public Health Statement, The Agency for Toxic Substances and Disease Registry (1998). 
9 Sulfur Dioxide Trends, EPA. 
10 Nitrogen Dioxide Trends, EPA. 
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Carbon monoxide is a colorless, odorless gas released by burning organic compounds like 

fossil fuels. It is also released in vehicle exhaust, tobacco smoke, and wildfires.11 Currie (2009) 

finds large negative causal effects on infant health for children exposed in utero to carbon 

monoxide from vehicular exhaust, using individual-level data of women living near major roads 

as EZ-Pass was introduced in the 1990s. These effects were larger for smokers and women over 

35. Exposure to high levels of carbon monoxide increases the likelihood of miscarriage, though 

counties do not have ambient CO levels high enough to trigger this in a meaningful way.12 A 

study of women undergoing IVF found CO exposure to be associated with decreased pregnancy 

odds (Choe et al., 2018). Standards for carbon monoxide were not updated between 1980 and 

2002. 

 

III. Data 

Birth and Population Data 

For birth and population data, I use NCHS natality data and the National Cancer 

Institute’s Surveillance, Epidemiology, and End Results Program (SEER)’s county-level 

population estimates from 1980–2002. I drop Alaska and Hawaii from all datasets, as geographic 

coding schemes change inconsistently over time in these states. 

NCHS natality data provides individual-level births, which I code to geographic location 

using the mother’s county of residence to provide an estimate of in-utero exposure. This data 

also includes information on race, defined as the mother’s race (white, black, other). I do not 

compute estimates for women who are neither white nor black, since this category refers to 

different populations in different counties. I aggregate all data to the county-race-month level. 

																																																	
11 NIH ToxTown, Carbon Monoxide. 
12 The National Institute for Occupational Safety and Health, “Smoke and Byproducts of Burning.” 
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From 1980–1988, births are available for all U.S. counties. From 1989–2002, births are only 

available for counties with a population greater than 100,000. Further explanation of this NCHS 

data can be found in the Appendix.  

SEER annual population data for 1980–2002 includes population data broken counts by 

age, sex, and race. The number of women aged 15-44 of a given race in a county-year comprises 

the denominator of fertility rate, my outcome of interest.13 

Notably, I use annual population data to compute monthly fertility rates. This is 

concerning if systematic seasonal migration of women 15-44 is correlated with seasonal 

pollution patterns, though this does not seem terribly likely. Using an annual denominator for 

this age group is not without precedent; this annual population estimate is also used by the BLS 

to compute monthly employment statistics. The fertility rate is constructed as follows: 

𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒𝑚𝑟 =  𝑏𝑖𝑟𝑡ℎ𝑠𝑚,𝑟∗12
𝑤𝑜𝑚𝑒𝑛 𝑎𝑔𝑒𝑑 15−44𝑦,𝑟

∗ 1000 . 

The specific month in which the data is collected is m (January 1980 and January 1981 

considered distinct), the year in which the data is collected is y, and the race of the population in 

question is r. This formula scales births annually, and represents the expected annual number of 

births per thousand women aged 15-44, a commonly used unit in the fertility literature. 

 

 

 

 

																																																	
13 SEER counts are based on decennial census estimates, and account for births, deaths, military relocations, and 
foreign migration; they are unable to account for most domestic migration between census years. The gap between 
expected population and actual population in census years is retroactively narrowed using an exponential formula, 
available here (formula at the bottom of page 1): https://www2.census.gov/programs-surveys/popest/technical-
documentation/methodology/intercensal/intercensal-nat-meth.pdf. 
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Pollutant Data 

 I use EPA National Ambient Air Quality Standards (NAAQS) daily annual data files to 

measure pollution. I aggregate daily observations to the monthly level.14 In regressions, I restrict 

the analysis to data from monitors intended to measure the exposure of the local population 

(8,672 monitors, or 30% of monitors).15, 16 Monitor placement is likely nonrandom; however, 

enough of the population live in a county with a monitor (Figure 1) that my estimates provide 

important information. I use data on particulate matter (both fine particulate matter, or PM 10, 

and very fine particulate matter, or PM 2.5) and all four criteria gasses (ozone (O3), carbon 

monoxide (CO), sulfur dioxide (SO2), and nitrogen dioxide (NO2)) on which the EPA collects 

data. 

																																																	
14 Monthly averages are constructed by taking the geometric mean of all observations for a given population monitor 
in the specified month, then taking the geometric mean of all population monitors in a county.  
15 Imputed attainment designation uses all EPA-approved monitors to determine attainment status, but the value of 
the pollutant included in the regression must be from a population monitor. 
16 Other purposes for monitors include “extreme downwind” (identifying routes by which large amounts of pollution 
are spreading from one region to another through wind patterns); “quality assurance” (making sure measurements 
are consistent across monitor types and designs); and “source oriented” (if local pollution is generated by a primary 
organization, isolating that actor). More information can be found here: 
https://www3.epa.gov/ttnamti1/pamsmain.html; 
https://www3.epa.gov/ttnamti1/files/ambient/pm25/qa/Final%20Handbook%20Document%201_17.pdf. 
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Figure 1: The type of particulate matter observed by the EPA changed over time, from total suspended particulates 
(TSP) in the 1970s to PM 10 in the 1980s to PM 2.5 in the late 1990s; this is why monitor prevalence changes so 
dramatically for these pollutants over this time. 
 

Descriptive Statistics 

Table 1 provides a short executive summary of key statistical metrics for understanding 

the distributions of my key variables. In the regressions to follow, I restrict the sample to county-

months with over 1,000 women of the population of interest aged 15–44 in order to prevent 

outlier fertility rates from small counties from obscuring results (further explanation and 

unrestricted descriptive statistics in Appendix). This means that the samples run in each 

regression are slightly distinct. See Figures 1 and 2 for distributional summaries of fertility rates 

and fertility in the dataset by sample. 

Figure 3 displays the distribution of pollution levels relative to cutoff values for 

pollutants whose NAAQS standards changed over time. Particulate matter cutoffs tend to be 

more binding than ozone cutoffs. Figure 4 displays monthly pollution exposure over time, with 
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darker lines representing higher percentiles. Pollutant levels decline between 1980 and 2002, and 

seasonal variation becomes slightly less substantial during this period. 

 

 

 

 

Table 1: Descriptive Statistics 
 Mean Standard Deviation N 

O3, population 
monitors (ppm) 

0.026 0.0106 54,499 

PM 10, population 
monitors 

(micrograms per m3) 
 

26.790 12.087 41,192 

PM 2.5, population 
monitors 

(micrograms per m3) 
 

13.232 5.209 15,722 

SO2, population 
monitors (ppb) 

 

7.123 5.636 33,852 

NO2, population 
monitors (ppb) 

 

18.691 8.669 26,610 

CO, population 
monitors (ppm) 

 

0.886 0.539 31,623 

Fertility rate, all 
 

69.070 20.250 376,368 

Fertility rate, white 
 

66.664 19.997 369,060 

Fertility rate, black 79.802 27.334 139,344 
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Figure 2: County-Level Fertility Rates, by Race 

I limit the range of these plots to fertility rates between 0 and 200 in order to prevent outliers from obscuring the 
distribution’s shape. This limitation means that some observations are not observed in these figures. This omits 0.04% 
of observations in the pooled histogram, 0.04% in the white histogram, and 0.18% in the black histogram. 

 

 

Figure 3: Measured pollutant levels, for monitors with population exposure as an intended purpose 
Each row is a sample population, and each column is a pollutant. The red lines represent attainment threshold values. 
The rightmost line represents some average of maximum values (see Table 2 for exact definitions). On the ozone 
exposure graph, the rightmost line is off the x axis. The leftmost line generally represents some sort of requirement 
for the annual mean value. 
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Figure 4: Exposure measured on population monitors, by month. Blue lines represent the 95th, 75th, 50th, 
25th, and 5th percentiles in a given month. Red lines represent regulatory thresholds set during the period. The 
thresholds for pollutants without red lines are so high as to be off the scale; some of these are limits on maximum 
levels rather than means, and others are simply nonbinding from 1980–2002. 

 

IV. Research Design 

OLS Model 

This paper considers outcomes exactly nine months after pollution exposure. In the short-

term, both women and men are less fertile when exposed to pollution, and women are more 

likely to experience pregnancy loss (Leiser et al., 2019). I first run an OLS regression of fertility 

rates on pollution with month and county fixed effects to estimate the association between 

pollution and fertility, with and without population weights.17 These effects should absorb 

variation that is county-specific and time invariant, as well as variation over time that takes place 

in all counties. However, omitted variable bias is still likely to affect this model. For instance, if 

changes in unobserved factors are correlated with changes in pollution and changes in fertility, 

my OLS point estimate would be a biased estimate of the true parameter. Since nonwhite women 

																																																	
17 I.e., January 1981, February 1981, and January 1982 each have unique indicator values. 
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are more likely to live in more heavily polluted areas within a county (Gray 2014), I also run 

regressions using race-specific fertility rates as outcome variables to detect what are likely 

stronger effects. In conjunction with the minimum population restriction of 1,000 and discussed 

in my summary statistics, this means that my samples are slightly different depending upon the 

outcome under consideration. 

My OLS baseline specification is of the form: 

𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒𝑚+9,𝑐,𝑟 =  𝛼 +  𝛽𝑖  𝑝𝑜𝑙𝑙𝑢𝑡𝑎𝑛𝑡𝑖,𝑐,𝑚 +  𝛿𝑐 + 𝜏𝑚 + 𝑋𝑐,𝑦 

where 𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒𝑚+9,𝑐,𝑟 is the fertility rate in county c during month m for race r; 𝛼 is a 

constant; 𝛽𝑖 is a unique coefficient for the pollutant included (either ozone, PM 10, or PM 2.5); 

𝛿𝑐 are county fixed effects; and 𝜏𝑚 are month fixed effects. Xc, y is a vector of county-year 

controls; this includes percent black population, the unemployment rate, logged county 

population, and indicators for the distribution of women in the county of the population in 

question aged 15–44 using 5-year bins. To check the model’s strength, I also consider quadratic 

functional forms, county time trends, and restriction to physically small counties that may be 

better measured using only one monitor. 

 

IV Model 

I hope to discern the degree to which air pollution causes a reduction in fertility given 

that people can change their behavior to mitigate pollutant exposure. As discussed above, 

omitted variables are still a very real concern for this model even with the inclusion of time and 

county fixed effects, especially given the relationship between pollution, fertility, and urban 

status. 
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The economics literature studying air pollution makes use of the many natural 

experiments produced by regulation and technological change.18 Following Walker (2013) and 

Chay and Greenstone (2005), who look at housing prices, and Bishop et al. (2018), who examine 

dementia, I use variation in air pollution induced by the Clean Air Act’s National Ambient Air 

Quality Standards (NAAQS) to estimate the effect of air pollution on fertility (Table 2). The 

instrument is attainment of a NAAQS standard. The designation of NAAQS standards should 

have caused a larger reduction of the regulated pollutant for counties in violation of the NAAQS 

standard (nonattainment counties) than for counties in line with the NAAQS standard (attainment 

counties), as nonattainment counties worked to get below the standard to avoid facing pecuniary 

consequences. 

In practice, the EPA is conservative in officially designating nonattainment status; more 

places violate attainment standards than are officially designated nonattainment.19 However, 

counties over the NAAQS limit, faced with the threat of official designation, are still 

incentivized to lower their pollution. Therefore, I impute attainment status based on the EPA’s 

published attainment rules rather than using officially designated attainment status in order to 

more accurately capture the practical impact of the policy.20 

 

 

 

																																																	
18 For example, Currie and Walker (2011) use address-level data to look at how the sharp reduction of local 
pollution that came with the introduction of EZ-Pass in New Jersey and Pennsylvania around 2000 affected infant 
health for pregnant women living near toll areas of major roadways. 
19 Once designated nonattainment, a county must reduce their pollution levels and apply to the EPA for 
redesignation. If the EPA does not deem their efforts sufficient, the county may face the removal or reduction of 
federal highway funds (Clean Air Act Amendments, 1970). 
20 Using imputed attainment is common in the literature around pollution, though sometimes it is because the EPA 
does not have attainment records going back to 1970, when NAAQS standards were first set. Chay and Greenstone 
(2005) and Walker (2013) both use imputed attainment as their instrument. 
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Table 2: Pollutant Standards21 
Pollutant Enacted Standard Designation 

period 
Ozone Feb 8, 1979 

 
No more than one day per year with 
max hourly ozone levels above 0.12 
ppm  
 

Daily 

Ozone July 18, 1997 Annual fourth-highest daily maximum 
8-hr concentration, averaged over 3 
years must be less than 0.08ppm 
 

Annual 

PM10 July 1, 1987 Over a three-year period, there should 
not be more than three days with 
PM10>150 micrograms per cubic meter 
 

Daily 

PM10 July 1, 1987 Annual arithmetic mean should not 
exceed 50 micrograms per cubic meter 
 

Annual 

PM2.5 July 18, 1997 The annual 98th percentile, averaged 
over 3 years, cannot exceed 65 
 

Annual 

PM2.5 July 18, 1997 The annual arithmetic mean, averaged 
over 3 years, cannot exceed 15 

Annual 

 

Any of these legislative changes are candidates for instruments that can be used to try to estimate 

the causal effect of pollution on fertility. In the broadest of terms, for an estimate to be calculated 

the instrument must affect enough counties to provide both attainment and nonattainment groups 

of suitable size; this disqualifies using 1997 ozone regulations, as only five counties were 

nonattainment and contained population monitors. Using an instrumental variable requires four 

assumptions to be met: monotonicity, relevance, independence, and exclusion. These are 

discussed below. 

a. Monotonicity. This criterion requires that no observations are defiers; that is, no county’s 

level of a pollutant would increase if they were designated nonattainment for that pollutant 

relative to if they had been designated attainment. One scenario in which this could occur is 

																																																	
21 See Appendix for specifics on how standards were coded. 
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if counties very far above permitted levels know they cannot reasonably get to attainment 

levels, and instead accept any pecuniary consequences and try to attract industry from other 

counties trying to reduce pollution levels once attainment levels are released. I have no 

evidence of any behavior of this sort. 

b. Relevance. This criterion requires being above the NAAQS standard to be associated with a 

greater drop in the levels of that pollutant than being below the standard. This is empirically 

testable in the first stage of a 2SLS regression. A possibility is that monitors are not very 

good proxies for county pollution, which could cause the instrument to be relatively weak. 

Bento and Freedman (2014) note that the areas around monitors may experience larger 

reductions in pollution than the county as a whole. See Appendix for information on the 

monitoring radius of each monitor; this is a real concern for this project, as counties are 

usually larger than these radii. 

Figure 6 shows average pollution levels in attainment and nonattainment counties, as 

defined by PM 10 1987 standards and imputed using 1986 pollution levels. 
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Figure 6: All three instruments show sharp drops after the instrument is introduced. The left panels show annual 
averages of particulate matter (to prevent seasonal variation from obscuring the pattern), where the blue line 
represents the counties nonattainment for the instrument in question in 1986 and the red line represents the counties 
whose values are below the 1987 attainment value in 1986. The right panel shows the difference between annual 
averages of attainment and nonattainment counties, where the horizontal red line represents no difference between 
average levels in attainment and nonattainment counties and the vertical red line is 1987, the year in which the PM 
10 was regulated. The sharp convergence of annual averages that begins in 1987 for all three instruments supports 
the relevance criterion. 

 
c. Independence. This criterion requires that, conditional on controls, the instrument as good as 

randomly assigned. Given the county and year fixed effects included in this model, if time-

static county-level factors are systematically different in attainment counties versus 

nonattainment counties, the assumption is not violated, but if time-variant county-level 

factors correlated with fertility rates are systematically different by attainment status the 

criterion is violated. For example, if nonattainment counties have higher manufacturing 

concentrations in the years I observe, county fixed effects will absorb this variation and not 
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violate the independence criterion. If nonattainment counties are developing at a different 

rate than attainment counties, however, this would not be picked up in my model and would 

violate the independence criterion.  

d. Exclusion. This criterion asserts that attainment status only affects fertility through exposure 

to the regulated pollutant. This is the assumption in the most danger of being unknowingly 

violated; if a county is trying to get their pollution levels to decrease, the way they do this 

may impact fertility. For example, a county or state could increase regulation or oversight of 

industry; this may cause workers to lose their jobs or have lower salaries, and change their 

desired number of children. 

 

As a way to look at the precision of methods of lowering levels of a pollutant, I examine 

levels of other pollutants in my dataset based on attainment status for PM 10. If 

nonattainment counties lower their levels of nonregulated pollutants, it implies counties 

lower pollution rather bluntly, in ways that may affect fertility rates through other channels. 

This would threaten the validity of IV estimates. If nonattainment counties raise their levels 

of nonregulated pollutants, it suggests that they are substituting one type of pollution for 

another. If, however, pollution rates by attainment status neither converge nor diverge when a 

different pollution is regulated, then counties are able to regulate pollution in a relatively 

careful way that plausibly may not affect fertility. Figure 7 displays the average levels of 

pollutants other than particulate matter over time in PM 10 attainment and nonattainment 

counties, with one figure per attainment definition. Counties that show up in the figures 

below had multiple monitor types and thus may be different than differently monitored 
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counties, but this is the strongest indication of the magnitude of possible exclusion restriction 

violations that I can produce with this data. 

 

Figure 7. Note: Red vertical lines mark 1987, the year PM 10 standards were set. The first row shows levels of 
pollution for each type of county; the second row shows the difference between attainment and nonattainment 
counties in the cell above, with 0 marked horizontally. 
 

For the regulations on annual maximum levels, it appears from Figure 7 that the 

exclusion restriction is not well met. For all pollutants but ozone, annual levels seem to begin 

to converge after the standard is set in place. If levels of other pollutants were the only thing 

changing, these could be controlled for and the instrument would still be valid. However, it 

seems likely that these convergences are byproducts of larger economic shifts in 

nonattainment counties, shifts which may affect fertility rates in unobserved ways. If this is 

happening, an IV estimate will be misleading. 
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Figure 8. Note: Red vertical lines mark 1987, the year PM 10 standards were set. The first row shows levels of 
pollution for each type of county; the second row shows the difference between attainment and nonattainment 
counties in the cell above, with 0 marked horizontally. 
 

For the next attainment designation, the restriction on three-year average levels, Figure 8 

shows that nonattainment and attainment counties seem to head towards convergence after 

the new PM 10 standard is enacted. SO2 and NO2 have noisier trends, and it’s not clear that 

attainment status for PM 10 is influential in determining levels of these pollutants. This 

indicates that this change to the standards is likely not meeting the exclusion restriction. 
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Figure 9. Note: Red vertical lines mark 1987, the year PM 10 standards were set. The first row shows levels of 
pollution for each type of county; the second row shows the difference between attainment and nonattainment 
counties in the cell above, with 0 marked horizontally. 

 

For an indicator of whether a county violated either 1987 PM 10 standard, in Figure 9 it 

appears that attainment status is quite influential in determining levels of other pollutants. This 

indicates that the exclusion restriction may not be met, and the IV estimate may not be causal. 

For the instrumental variables estimate, I compare results aggregated to the year level in 

two years, one soon before the implementation of the new regulations and one afterwards. The 

first stage of my IV model estimated using attainment status is specified as: 

𝑃𝑜𝑙𝑙𝑢𝑡𝑎𝑛𝑡 𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒 = 𝛼 + 𝛽 ∗ 𝑎𝑡𝑡𝑎𝑖𝑛𝑚𝑒𝑛𝑡 𝑠𝑡𝑎𝑡𝑢𝑠 +  𝛿𝑐 + 𝜏𝑦 + 𝑋𝑐,𝑦. 
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This model should isolate the variation in pollutant exposure driven by attainment 

designation status and my observed covariates. Counties above the attainment threshold are 

given an incentive to reduce their levels of the pollutant in question that counties below the 

threshold do not have. In order to meet the relevance criterion, the coefficient on imputed 

attainment status should be positive. 

 The second stage of my IV model uses the extra drop in pollution predicted by attainment 

status to predict fertility rates: 

𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑡𝑦 𝑟𝑎𝑡𝑒IIIIIIIIIIIIIIIIII = 𝐴2 + 𝐵2  𝑝𝑜𝑙𝑙𝑢𝑡𝑎𝑛𝑡 𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒 L + 𝛿𝑐 + 𝜏𝑦 + 𝑋𝑐,𝑦 

If the instrument is to be believed, the coefficient on predicted pollutant exposure in the 

regression above can be interpreted as the causal effect of a given pollutant on fertility rates. This 

coefficient is expected to be negative; an increase in a component of pollutant exposure should 

be associated with decreased fertility. 

 

V. OLS Results 

Tables 3 displays my OLS results without population weights, while Table 4 presents 

results weighted by the number of women 15–44 of the population of interest living in the 

county. Standard errors are clustered at the county level. Though often statistically insignificant, 

these results give an indication of some likely weaknesses of an OLS model. I calculate the mean 

and standard deviation of each pollutant across all county-month observations and normalize the 

measures such that each pollutant has mean 0 and standard deviation 1. Therefore, the 

coefficients can be interpreted as the association between a one standard deviation change in 

levels of the pollutant and fertility outcomes (in my sample).22 The coefficients in Table 3 can be 

																																																	
22 This one standard deviation change incorporates all county-years in my sample. This means that the unit change 
may or may not be a realistic change in pollution levels for a given county. 
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interpreted as the association between the explanatory variable and the outcome in the average 

county. Coefficients in Table 4 can be interpreted as the association between the explanatory 

variable and the outcome in the county in which the average woman lives. 

For example, consider Panel A, Specification (4) in both of these tables. In Table 3, if a 

monitored county were selected at random, a one standard deviation increase CO is expected to 

be associated with a 0.089 decease in that county’s fertility rate, measured in births per thousand 

women. In Table 4, if a woman aged 15–44 in a PM CO-monitored county were selected at 

random, a one standard deviation increase in CO is expected to be associated with a 0.167 unit 

decrease in her county’s fertility rate (a 0.2% decrease from the mean fertility rate). 

Both tables exhibit similar coefficient behavior across panels. With the exception of 

sulfur dioxide, coefficients on pollution tend to have a positive sign and relatively small 

magnitude. As the science stands now, there is no plausible biological pathway for increased 

pollution to directly cause higher fertility, so I interpret these positive coefficients to mean that 

omitted variables are likely biasing my estimates even with fixed effects to absorb cross-county 

time-invariant differences and nationally consistent, time-variant changes. Results for black 

women tend to be more negative than results for the pooled sample or white women, but across 

pollutants the main takeaway from these tables is the high variability of these estimates. 

These results are highly dependent upon the specification. Adding county time trends, 

quadratic pollutant functional forms, and county size cutoffs all change the resulting coefficients 

quite a bit, affecting both magnitude and sign. This lack of robustness to specification suggests 

that OLS is a poor identification strategy here. 
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Table 3: OLS by Race Regression Results   
Specification: (1) (2) (3) (4) (5) (6) 

Panel A: All Women 
Ozone 0.412***      

 (0.133)      
PM 10  0.031     

  (0.088)     
PM 2.5   0.073    

   (0.089)    
CO    -0.089   

    (0.154)   
NO2     0.285  

     (0.198)  
SO2      -0.239 

      (0.154) 
       

R squared 0.813 0.824 0.872 0.841 0.846 0.784 
n 50,606 37,390 12,276 29,473 24,661 31,564 

       
Panel B: White Women 

Ozone 0.265**      
 (0.134)      

PM 10  0.072     
  (0.096)     

PM 2.5   0.110    
   (0.096)    

CO    0.148   
    (0.195)   

NO2     0.385*  
     (0.230)  

SO2      -0.250 
      (0.170) 

       
R squared 0.815 0.835 0.873 0.841 0.850 0.783 

n 50,605 37,390 12,276 29,473 24,661 31,564 
       
Panel C: Black Women 

Ozone 1.307***      
 (0.301)      

PM 10  -0.231     
  (0.178)     

PM 2.5   0.207    
   (0.172)    

CO    -0.402   
    (0.346)   

NO2     -0.174  
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     (0.316)  
SO2      -0.572 

      (0.392) 
       

R squared 0.501 0.541 0.534 25,954 21,148 26,490 
n 41,987 30,548 10,423 0.548 0.562 0.520 
       

County FE X X X X X X 
Year-Month FE X X X X X X 

County-Level 
Controls X X X X X X 

 
Notes: *p<0.1; **p<0.05; ***p<0.01. Observations are at the county-month level and are restricted to counties with 
over 1000 women of the population of interest and monitors that are placed specifically to measure population 
exposure. Pollutant levels are standardized to have a mean of 0 and standard deviation of 1, so coefficients are 
interpreted as the change in fertility rates associated with a one sample standard deviation increase in a given 
pollutant. This standardization is done before regressions are run, so the unit change for a given pollutant is 
consistent across panels and tables even though the counties with outcome observations may differ. County 
covariates are percent black, log population, and 5-year age bins for the distribution of the female population 15–44. 
Standard errors are clustered at the county level. 
 

Table 4: OLS by Race Regression Results, Population Weighted   
Specification: (1) (2) (3) (4) (5) (6) 

Panel A: All Women 
Ozone 0.323*      

 (0.192)      
PM 10  0.195*     

  (0.103)     
PM 2.5   0.128    

   (0.078)    
CO    -0.169   

    (0.211)   
NO2     0.130  

     (0.213)  
SO2      -0.899** 

      (0.425) 
       

R squared 0.848 0.856 0.901 0.848 0.8661 0.852 
n 50,606 37,390 12,276 29,473 24,661 31,564 

       
Panel B: White Women 

Ozone 0.129      
 (0.212)      

PM 10  0.270**     
  (0.110)     

PM 2.5   0.178    
   (0.095)    
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CO    0.066   
    (0.284)   

NO2     0.009  
     (0.337)  

SO2      -1.238** 
      (0.566) 

       
R squared 0.861 0.884 0.916 0.870 0.876 0.867 

n 50,605 37,390 12,276 29,473 24,661 31,564 
       
Panel C: Black Women 

Ozone 1.461***      
 (0.314)      

PM 10  -0.029     
  (0.176)     

PM 2.5   0.056    
   (0.132)    

CO    -0.367   
    (0.335)   

NO2     0.347  
     (0.249)  

SO2      0.083 
      (0.409) 
       

R squared 0.676 0.740 0.700 0.731 0.749 0.718 
n 41,987 30,548 10,423 25,954 21,148 26,490 
       

County FE X X X X X X 
Year-Month FE X X X X X X 

County-Level 
Controls X X X X X X 

 
Notes: *p<0.1; **p<0.05; ***p<0.01. Observations are at the county-month level and are restricted to counties with 
over 1000 women of the population of interest and monitors that are placed specifically to measure population 
exposure. Pollutant levels are standardized to have a mean of 0 and standard deviation of 1, so coefficients are 
interpreted as the change in fertility rates associated with a one sample standard deviation increase in a given 
pollutant. This standardization is done before regressions are run, so the unit change for a given pollutant is 
consistent across panels and tables even though the counties with outcome observations may differ. County 
covariates are percent black, log population, and 5-year age bins for the distribution of the female population 15–44. 
Standard errors are clustered at the county level. 
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VI. IV Results 

          In light of the likely biased OLS results reported above, I provide IV estimates of the 

effect of PM 10 on fertility. Table 5 contains first stage results, and Table 6 contains second 

stage results. Between limitations on the number of PM 10 monitors in 1986 and the restriction 

of births data after 1988, my IV regressions have only about 130 counties. With a valid IV, these 

coefficients can be interpreted as a causal estimate; this IV has a few weaknesses that may 

prevent that interpretation, but these coefficients are still preferred to the OLS tables above. For 

simplicity and ease of interpretation, these estimates are calculated by comparing counties using 

only two time periods, one before the 1987 designation and one after. I aggregate to the year 

level to prevent seasonality from affecting these estimates. Below are comparisons of 1986, the 

last year before redesignation in 1987 and thus the closest measure of pre-designation pollution 

levels, to a few years after the designation. Notably, the first stage is weak for all estimates; 

ideally, this F statistic would be at least 10 for an instrument to be considered strong. This is an 

issue with the relevance criteria and is likely do to the relatively small sample size when 

comparing across only two time periods for counties with monitors in both. 

 The panels in Table 5 and Table 6 use 1986 as the first year and either 1988, 

1990, 1992, 1994, or 1996 as the second year. This aims to capture the timing of the legislation’s 

impact and balance increased noise with increased efficacy of the standard over time. The first 

stage gets stronger each year, with a levelling-off in 1994. This implies that it takes a few years 

for counties to lower their pollution levels after pollution regulations are announced. Second 

stage results are harder to interpret, which is at least partially due to a weak first stage, and there 

is not a clear trend in the results. Specifications using 1990 and 1992 as final years are the most 
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in line with expected signs and magnitudes. No other NAAQS standards were redesignated 

between 1986 and 1996. 

          Though this issue plagues all three legislative instruments, the first and third columns have 

much stronger first stages and estimates closer to statistical significance. In the initial years after 

the standard is released, the estimated impact of a given PM 10 reduction is larger than the 

impact of an identical reduction later on. This suggests that the relationship between pollution 

and fertility may be nonlinear. It could also be due to the use of imputed attainment rather than 

official attainment; it seems likely that counties above the standard that are not officially 

designated nonattainment perform the bulk of their reduction soon after the release of the 

standard. It is surprising that the coefficients on black fertility rates are so different than those on 

the white and pooled samples, but not in a systematic way. If it is not statistical noise, this could 

be because economic consequences violate the exclusion restriction and hit this population 

harder, or because, if population monitors are more likely to be placed in white areas of a county, 

reductions in pollution occurred in areas near monitors and did not benefit the full county. 

 Columns 4–6 are weighted by population. If the causal effect of PM 10 on 

fertility is the same across places, the coefficients in these columns would be expected to be 

identical to those in columns 1–3. Almost none of these values are statistically significant, 

although this could be statistical noise. This could also indicate treatment effect heterogeneity. 

For instance, if a county where a high proportion of residents spend substantial time outdoors 

had a decline in pollution, this may have a larger causal effect on fertility than an identical 

decline in a county where people spend more time indoors because residents are less exposed to 

ambient outdoor levels. 
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Table 5: IV Regression Results, First Stage    

Outcome: 
Race-Specific 
Fertility Rate 

(1) 
Annual 

Max 

(2) 
Three 
Year 
Mean 

(3) 
Annual 
Max or 

Three Year 
Mean 

(4) 
Annual 
Max, 

Population 
Weighted 

(5) 
Three 
Year 

Mean, 
Population 
Weighted 

(6) 
Annual 
Max or 

Three Year 
Mean, 

Population 
Weighted 

Before = 1986, After = 1988    
PM 10, All 0.467 

(0.351) 
-0.070 
(0.445) 

0.369 
(0.355) 

0.708 
(0.276) 

-0.186 
(0.470) 

0.574 
(0.314) 

First Stage F 1.769 0.026 1.082 6.55 0.160 3.349 
       

PM 10, White 0.467 
(0.357) 

-0.043 
(0.440) 

0.374 
(0.357) 

0.622** 
(0.270) 

-0.083 
(0.442) 

0.490 
(0.302) 

First Stage F 1.716 0.010 1.103 5.290 0.036 2.657 
       

PM 10, Black 0.621 
(0.455) 

0.156 
(0.799) 

0.490 
(0.490) 

0.618 
(0.445) 

-0.258 
(0.604) 

0.602 
(0.465) 

First Stage F 1.850 0.040 1.000 1.932 0.185 1.664 
       

Before = 1986, After = 1990    
PM 10, All 0.762** 

(0.336) 
0.476 

(0.543) 
0.713* 
(0.379) 

0.838*** 
(0.280) 

0.260 
(0.567) 

0.756* 
(0.329) 

First Stage F 5.153 0.774 3.534 9.000 0.212 5.290 
       

PM 10, White 0.721** 
(0.321) 

0.517 
(0.526) 

0.683* 
(0.359) 

0.761** 
(2.89) 

0.366 
(0.573) 

0.689** 
(0.329) 

First Stage F 5.063 0.960 3.648 6.97 0.410 4.410 
       

PM 10, Black 0.713 
(0.451) 

0.450 
(0.926) 

0.645 
(0.481) 

1.043* 
(0.529) 

0.303 
(0.785) 

1.026* 
(0.603) 

First Stage F 2.496 0.240 1.796 3.881 0.152 2.890 
       

Before = 1986, After = 1992    
PM 10, All 0.812** 

(0.374) 
0.380 

(0.572) 
0.741* 
(0.400) 

0.957** 
(0.386) 

0.041 
(0.779) 

0.846* 
(0.444) 

First Stage F 4.709 0.449 3.423 4.709 0.003 3.648 
       

PM 10, White 0.790** 
(0.349) 

0.436 
(0.564) 

0.751* 
(0.378) 

0.884** 
(0.406) 

0.094 
(0.769) 

0.781* 
(0.446) 

First Stage F 5.108 0.593 3.960 4.752 0.014 3.063 
       

PM 10, Black 0.844* 
(0.426) 

0.446 
(0.780) 

0.772* 
(0.433) 

1.226** 
(0.497) 

0.287 
(0.666) 

1.194** 
(0.571) 

First Stage F 3.920 0.325 3.168 6.052 0.185 4.368 
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Before = 1986, After = 1994    

PM 10, All 1.061*** 
(0.396) 

0.532 
(0.670) 

1.006** 
(0.428) 

1.108*** 
(0.379) 

0.288 
(0.683) 

1.008** 
(0.441) 

First Stage F 7.182 0.640 5.523 8.58 0.176 5.244 
       

PM 10, White 1.039*** 
(0.369) 

0.650 
(0.623) 

0.997** 
(0.392) 

1.094** 
(0.418) 

0.378 
(0.656) 

0.962** 
(0.452) 

First Stage F 7.952 1.160 6.45 6.864 0.336 4.537 
       

PM 10, Black 1.134** 
(0.545) 

0.680 
(1.084) 

1.063* 
(0.608) 

1.082*** 
(0.389) 

0.308 
(0.890) 

1.063** 
(0.449) 

First Stage F 4.326 0.397 3.063 7.728 0.123 5.617 
       

Before = 1986, After = 1996    
PM 10, All 1.143** 

(0.514) 
0.422 

(0.801) 
1.014* 
(0.542) 

1.085*** 
(0.363) 

0.299 
(0.708) 

0.926** 
(0.458) 

First Stage F 4.973 0.281 3.497 8.94 0.176 4.08 
       

PM 10, White 1.112** 
(0.491) 

0.516 
(0.729) 

0.990* 
(0.520) 

1.041** 
(0.402) 

0.375 
(0.651) 

0.845* 
(0.498) 

First Stage F 5.108 0.504 3.610 6.708 0.336 2.890 
       

PM 10, Black 1.025** 
(0.457) 

0.522 
(1.050) 

0.907* 
(0.516) 

1.012*** 
(0.259) 

0.707 
(0.708) 

0.999*** 
(0.306) 

First Stage F 5.018 0.250 3.098 15.366 1.000 10.628 
       

County FE X X X X X X 
Year FE X X X X X X 

County-Level  
Controls 

X X X X X X 

Population- 
Weighted 

   X X X 

       
Notes: *p<0.1; **p<0.05; ***p<0.01. Observations are at the county-month level and are restricted to counties with 
over 1000 women of the population of interest and monitors that are placed specifically to measure population 
exposure. Pollutant levels are standardized to have a mean of 0 and standard deviation of 1, so coefficients are 
interpreted as the change in fertility rates associated with a one sample standard deviation increase in a given 
pollutant. This standardization is done before regressions are run, so the unit change for a given pollutant is 
consistent across panels and tables even though the counties with outcome observations may differ. County 
covariates are percent black, log population, and 5-year age bins for the distribution of the female population 15–44. 
Standard errors are clustered at the county level. 
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Table 6: IV Regression Results, Second Stage    

Outcome: 
Race-Specific 
Fertility Rate 

(1) 
Annual 

Max 

(2) 
Three 
Year 
Mean 

(3) 
Annual 
Max or 

Three Year 
Mean 

(4) 
Annual 
Max, 

Population 
Weighted 

(5) 
Three 
Year 

Mean, 
Population 
Weighted 

(6) 
Annual 
Max or 

Three Year 
Mean, 

Population 
Weighted 

Before = 1986, After = 1988    
PM 10, All -6.671 

(4.485) 
0.136 

(21.375) 
-5.832 
(4.784) 

-0.475 
(1.124) 

1.580 
(6.704) 

-0.025 
(1.333) 

First Stage F 1.769 0.026 1.082 6.55 0.160 3.349 
       

PM 10, White -7.336 
(4.748) 

-1.064 
(34.595) 

-6.501 
(4.948) 

-1.190 
(1.594) 

2.480 
(16.301) 

-0.819 
(1.915) 

First Stage F 1.716 0.010 1.103 5.290 0.036 2.657 
       

PM 10, Black 8.453 
(5.421) 

0.156 
(0.799) 

10.204 
(7.3112) 

0.155 
(2.209) 

-1.043 
(5.115) 

0.203 
(2.234) 

First Stage F 1.850 0.040 1.000 1.932 0.185 1.664 
       

Before = 1986, After = 1990    
PM 10, All -2.304 

(1.643) 
-0.368 
(3.298) 

-1.682 
(1.619) 

-1.274 
(1.323) 

0.079 
(6.978) 

-0.596 
(1.469) 

First Stage F 5.153 0.774 3.534 9.000 0.212 5.290 
       

PM 10, White -2.686 
(1.870) 

0.767 
(2.951) 

-2.103 
(1.837) 

-2.391 
(1.764) 

-0.262 
(4.939) 

-1.732 
(2.017) 

First Stage F 5.063 0.960 3.648 6.97 0.410 4.410 
       

PM 10, Black -0.681 
(2.057) 

0.128 
(6.063) 

1.381 
(2.695) 

-0.337 
(2.002) 

-13.674 
(15.572) 

-0.267 
(1.993) 

First Stage F 2.496 0.240 1.796 3.881 0.152 2.890 
       

Before = 1986, After = 1992    
PM 10, All -1.453 

(1.709) 
-0.116 
(4.567) 

-1.014 
(1.844) 

0.560 
(1.408) 

-0.220 
(48.153) 

1.155 
(1.679) 

First Stage F 4.709 0.449 3.423 4.709 0.003 3.648 
       

PM 10, White -2.306 
(1.914) 

1.093 
(4.129) 

-1.647 
(1.925) 

-0.578 
(1.612) 

4.469 
(26.252) 

0.173 
(2.010) 

First Stage F 5.108 0.593 3.960 4.752 0.014 3.063 
       

PM 10, Black -1.109 
(2.803) 

-8.059 
(7.429) 

-0.901 
(2.864) 

3.194** 
(1.594) 

-14.436 
(16.876) 

3.205** 
(1.594) 

First Stage F 3.920 0.325 3.168 6.052 0.185 4.368 
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Before = 1986, After = 1994    

PM 10, All 0.607 
(1.280) 

-0.422 
(3.542) 

0.632 
(1.357) 

1.843 
(1.218) 

-0.827 
(6.272) 

2.080 
(1.343) 

First Stage F 7.182 0.640 5.523 8.58 0.176 5.244 
       

PM 10, White 0.984 
(1.272) 

1.392 
(2.893) 

0.391 
(1.290) 

1.366 
(1.167) 

4.543 
(5.848) 

2.035 
(1.452) 

First Stage F 7.952 1.160 6.45 6.864 0.336 4.537 
       

PM 10, Black -3.448 
(3.163) 

-8.434 
(8.958) 

-3.188 
(3.269) 

1.578 
(2.256) 

-24.649 
(42.162) 

1.675 
(2.265) 

First Stage F 4.326 0.397 3.063 7.728 0.123 5.617 
       

Before = 1986, After = 1996    
PM 10, All 0.306 

(1.097) 
-0.808 
(3.274) 

0.309 
(1.257) 

0.710 
(1.171) 

0.058 
(5.711) 

0.958 
(1.480) 

First Stage F 4.973 0.281 3.497 8.94 0.176 4.08 
       

PM 10, White -0.454 
(1.139) 

1.326 
(2.784) 

-0.107 
(1.243) 

-0.059 
(1.181) 

5.285 
(6.807) 

0.845 
(0.498) 

First Stage F 5.108 0.504 3.610 6.708 0.336 2.890 
       

PM 10, Black -2.602 
(3.743) 

-4.925 
(11.137) 

-2.101 
(4.006) 

1.380 
(1.837) 

-8.022 
(7.723) 

1.469 
(1.845) 

First Stage F 5.018 0.250 3.098 15.366 1.000 10.628 
       

County FE X X X X X X 
Year FE X X X X X X 

County-Level  
Controls 

X X X X X X 

Population- 
Weighted 

   X X X 

       
Notes: *p<0.1; **p<0.05; ***p<0.01. Observations are at the county-month level and are restricted to counties with 
over 1000 women of the population of interest and monitors that are placed specifically to measure population 
exposure. Pollutant levels are standardized to have a mean of 0 and standard deviation of 1, so coefficients are 
interpreted as the change in fertility rates associated with a one sample standard deviation increase in a given 
pollutant. This standardization is done before regressions are run, so the unit change for a given pollutant is 
consistent across panels and tables even though the counties with outcome observations may differ. County 
covariates are percent black, log population, and 5-year age bins for the distribution of the female population 15–44. 
Standard errors are clustered at the county level. 
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VII. Conclusion 

          Estimates of changes to fertility are important, and reproductive, germ-line consequences 

are an overlooked effect of pollution. Using an instrumental variables identification strategy, I 

find a one standard deviation increase in fine particulate matter to be associated with a 1–2 unit 

decrease in county-level fertility rates, though this is not statistically significant. A weakness of 

this analysis is the sporadic nature of pollution monitors for the early years of the sample. In the 

future, a researcher with access to NCHS restricted natality data could conduct an analysis with 

more consistent pollution data to strengthen these results. Municipality-level analysis for a 

smaller region of the country could also help pin down these parameters. The NAAQS legislative 

instrument is worth further examination; though it’s used in the literature fairly frequently, 

possible issues with the exclusion restriction raised when standards affect pollutants they do not 

directly regulate indicate that its theoretical basis may be weaker than it seems at first glance. 
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Appendix 

 

NCHS Natality Data 

NCHS natality data contains data on the child’s race, the mother’s race, and the father’s 

race, though which variables are included changes by year. Child’s race is not available after 

1993, and father’s race, though available in all years, is often missing. Mother’s race is the most 

consistently measured race variable, so this is the variable I use to determine race. Pre-1993 it 

can be coded as missing, while post-1993 it must be filled out. 

St. Clair (FIPS 01115) and Shelby (FIPS 01117) counties, both in Alabama, are dropped 

from the sample, as their fertility rates change dramatically while their populations remain 

constant in what can only be explained by a coding error. 

NCHS only reports the number of births in a county; small counties may not experience 

any births in a given month, and this lack of births is a meaningful zero. However, some larger 

counties also are missing births for a month (about 0.6% of the sample in the years before 1989); 

it’s unlikely that there were truly no births in the county, and more likely that the records were 

somehow distorted. To address this, zeroes are imputed when the number of births in the 

previous month in that county was 20 or fewer. If the number of births in the previous month 

was over 20, the births value is left missing. For the first month, the same rule applies but births 

are compared to the second month because there is no preceding month. 

 

Back to Section III 

 

 



36 
	

Population Cutoffs 

The standard deviation of the fertility rate variable is quite large for women of color in the 

unrestricted sample. For example, Towns County, GA (FIPS 13281) is one of the small counties 

pulling this number up; it had 1,217 female residents aged 15–44 in 1980. Of these women, 

1,213 were white, and one was black. There were two births to black mothers (likely twins, 

though one or both could have been born to women younger than 15 or older than 44) during 

August, causing the black fertility rate assigned to this county observation to be 24,000 children 

per thousand women. Especially for women of color, this small-sample ratio issue is not 

uncommon. Descriptive statistics in the unrestricted sample are below. 

 
Table 1: Descriptive Statistics: Unrestricted Sample 

Variable 

Mean 
(Standard 
Deviation) 

Population-
Weighted Mean 

(Standard 
Deviation) n 

All Women Fertility rate 70.1 
(24.7) 

 

66.8 
(12.7) 

407,413 

White Fertility rate 68.2 
(24.9) 

 

64.9 
(14.0) 

405,005 

Black Fertility rate 75.2 
(358.0) 

74.3 
(1,16.2) 

359,773 

All Births 182.2 
(552.0) 

 

1,690.8 
(3,007.9) 

409,381 

White Births 100.4 
(330.9) 

 

1,122.7 
(2,205.1) 

352,995 

Black Births 22.1 
(108.4) 

305.1 
(583.0) 

352,995 

All Fertile Population 86,770.6 
(30,409.3) 

 

278,002.0 
(454,990.3) 

 

448,813 

White Fertile Population 65,032.3 
(24,592.3) 

 

207,943.2 
(334,444.2) 

 

448,813 
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Black Fertile Population 18,456.5 
(4,412.9) 

47,178.0 
(81,411.8) 

448,813 

Ozone (ppm) 0.026 
(0.011) 

 

0.025 
(0.011) 

54,499 

PM 10 (micrograms per cubic 
meter) 

26.79 
(12.09) 

 

28.79 
(11.94) 

41,192 

PM 2.5 (micrograms per cubic 
meter)  

  

 

Back to Section III 

 

Monitor Data 

In this paper, readings from a small number of monitors is often intended to proxy for pollutant 

exposure for women living over a large area of land. Below is a summary of the land area for 

which monitors are intended to proxy. Larger distances tend to be located in rural areas, since 

there is less development and local fluctuation in pollutant levels. Restricting pollution data to 

monitors intended to measure population levels of exposure may mitigate this somewhat. 

 

Ozone Monitors: Intended Radius Breakdown 

Distance Count Percent 

0 m – 100 m 15 0.65% 

100 m – 500 m 38 1.65% 

500 m – 4 km 955 41.56% 

4 km – 50 km 857 37.29% 

50 km – hundreds km 433 18.84% 
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PM10 Monitors: Intended Radius Breakdown 

Distance Count Percent 

0 m – 100 m 84 2.45% 

100 m – 500 m 412 11.99% 

500 m – 4 km 2,578 75.05% 

4 km – 50 km 218 6.35% 

50 km – hundreds km 143 4.16% 

 

PM 2.5 Monitors: Intended Radius Breakdown 

Distance Count Percent 

0 m – 100 m 91 3794 2.40% 

100 m – 500 m 131 3.45% 

500 m – 4 km 2,607 68.71% 

4 km – 50 km 518 13.65% 

50 km – hundreds km 447 11.78% 

 

NO2 Monitors: Intended Radius Breakdown 

Distance Count Percent 

0 m – 100 m 76 6.64% 

100 m – 500 m 76 6.64% 

500 m – 4 km 625 54.63% 

4 km – 50 km 260 22.73% 

50 km – hundreds km 107 9.35% 
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SO2 Monitors: Intended Radius Breakdown 

Distance Count Percent 

0 m – 100 m 29 1.28% 

100 m – 500 m 133 5.87% 

500 m – 4 km 1,708 75.38% 

4 km – 50 km 268 11.83% 

50 km – hundreds km 128 5.65% 

 

CO Monitors: Intended Radius Breakdown 

Distance Count Percent 

0 m – 100 m 291 29.63% 

100 m – 500 m 137 13.95% 

500 m – 4 km 452 46.03% 

4 km – 50 km 60 6.11% 

50 km – hundreds km 42 4.28% 

 

Back to Section IV 
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Attainment Imputation 

Attainment designation was often complex (see Table 2), and my imputation required small 

idiosyncratic judgements. Here I explain the specifics of how each attainment designation was 

coded. 

Ozone 

i. Applies to each day until July 18, 1997. If more than one day in the preceding 365 

exceeded 0.12 ppm of ozone, the day was designated nonattainment. If a month had 

one or more nonattainment days, it was designated nonattainment. The cutoff of this 

definition affects only a small number of observations; 714 observations have 

between 1 and 15 nonattainment days in a month, while 181,116 have over 15 

nonattainment days in a month. 

ii. Applies to all months after and including July 1997. Each calendar year, the fourth-

highest value was collected and averaged with the fourth-highest daily values from 

the previous two calendar years. If this value exceeds 0.08 ppm, all 12 months are 

coded nonattainment for that calendar year (except months before July 1997, which 

are coded missing). Technically, this measure should be calculated using 8-hour data 

instead of daily data; my calculation is therefore conservative, and the counties coded 

nonattainment are the most severe cases. 

PM 10 

i. Applies to each day after and including July 1, 1987. If more than three days in the 

preceding 1095 days exceed 150 micrograms per cubic meter of ozone, the day is 

designated nonattainment by one metric. If a month has one or more nonattainment 

days, it is designated nonattainment by this metric. The cutoff of this definition 
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affects only a small number of observations; 127 observations have between 1 and 15 

nonattainment days in a month, while 160,262 have over 15 nonattainment days in a 

month. 

ii. Applies to each month after and including July 1987. If the mean of all collected 

measurements in a calendar year exceeded 50 micrograms per cubic meter, each 

month in that year is designated nonattainment (except months preceding July 1987, 

which is left missing). 

iii. Importantly, though PM 10 was not regulated before 1987, Total Suspended 

Particulates (TSP), an earlier iteration of particulate measurement that included larger 

particles, was regulated, so the extent to which changes in PM legislation are binding 

is unclear. TSP data is not provided online, so I am unable to verify the practical 

relevance of this standard beyond inferential speculation on the first stage coefficient 

of this as a legislative instrument. 

PM 2.5 

i. Applies to all months after and including July 1997. Each calendar year, the value in 

the 98th percentile was collected and averaged with the 98th percentile values from the 

previous two calendar years. In cases where not enough values were collected to have 

an even 98th percentile, this was replaced with the 97th (269 county-years), 96th (27 

county-years), or 95th (11 county-years) percentiles as needed. If this value exceeds 

0.08 ppm, all 12 months are coded nonattainment for that calendar year (except 

months before July 1997, which are coded missing). 

ii. Applies to all months after and including July 1997. Each calendar year, mean of all 

values collected in that calendar year is averaged with the means collected in the two 
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previous calendar years. If this value exceeds 15 micrograms per cubic meter, all 12 

months are coded nonattainment for that calendar year (except months before July 

1997, which are coded missing). 

iii. Both TSP and PM 10 were regulated at this point, so PM 2.5 regulations may not be 

binding in all places. 

	

Back to Table 2 
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