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This dissertation examines the linkages between public policy, environment and human
health. The first chapter evaluates the environmental impact of the world’s largest Low
Emission Zone (LEZ) in London. The second chapter reviews recent literature in assessing
the health effects of air pollution, and at the same time, provides a national scale estimation
on the impacts of four “criteria air pollutants” on fetal health using natality data in the
United States from 1991 to 2008. The third chapter explores fetal sensitivity to different air
pollution thresholds and analyzes the heterogeneous effects of air pollution across socioeco-

nomic groups.

Chapter one concerns the environmental impact of the world’s largest LEZ introduced in
London in early 2008. The LEZ policy restricts heavily polluting diesel vehicles from enter-
ing Greater London by charging 100 to 200 euros per day. The empirical estimation relies
on a difference-in-differences (DID) method that compares the air pollution concentrations
before and after the introduction of the LEZ. Using daily level particulate matter (PMg)
and nitrogen dioxide (NO3) data, I find that the initial phase of London’s LEZ does not lead
to substantially reduced air pollution inside London. The subsequent phases, on the other
hand, generate an 8 to 13 percent reduction of air pollution. A further spatial analysis shows

that a majority of this air pollution reduction occurs in industrial instead of roadside areas.



Combining data from traffic sectors, I provide evidence that the insignificant DID estimator
in the initial phase is partially caused by the positive spillover effects nearby and far from
Greater London. I supplement this result with evidence showing that drivers may substitute

toward a non-subject vehicle to avoid paying the LEZ fee inside the zone.

Chapter two provides a thorough literature review on the health impact of direct and indirect
exposures to air pollution. The reviewed articles span the fields of epidemiology, environ-
mental health, medical science and economics. For each reviewed article, I discuss in detail
the identification strategies, which include quasi-experimental design, instrumental variables
approach and difference-in-differences method. The estimation results, however, show some
degree of inconsistency. Motivated by the literature gap, the rest of Chapter 2 performs a
comprehensive analysis on the health effect of maternal exposure to air pollution using data
from over 20 million births in the United States from 1991 to 2008. For the four “criteria
air pollutants” studied, carbon monoxide imposes the greatest health risk on fetuses during
the first and third trimesters. Nitrogen dioxide, ozone and sulfur dioxide each shows some
adverse effects on birth outcome, but their impacts are weaker than those of carbon monox-
ide. In addition, I find that maternal avoidance behaviors against air pollution may largely
reduce the health risks of air pollution, especially for pre-term babies during the second

trimester.

Chapter three constructs an innovative pollution index to empirically investigate whether
there exists a “safety threshold” of air pollution. The econometric model is constructed based
on the traditional approach but has an important revision on the key regressor. Specifical-
ly, a series of hypothetical “safety thresholds” are tested against the assumption that only
pollution ranging above the threshold will convey explanatory power on health outcomes.
The model is estimated using individual-level birth data in the U.S. from 1991 to 2008. A-

mong the four pollutants analyzed, carbon monoxide imposes significant health risks even



if its concentration approaches zero, whereas nitrogen dioxide, ozone and sulfur dioxide do
not affect fetal health conditions unless their concentrations rise above certain thresholds.
According to my estimation, the thresholds that generate the most sensitive changes of fetal
birth weight are about 15.30 ppb for nitrogen dioxide, 0.029 ppm for ozone and 13.4 ppb for
sulfur dioxide, all at the weekly average level. Meanwhile, the analysis also implies the ex-
istence of heterogeneity in the responsiveness to air pollution across different socioeconomic
groups. In particular, smoking mothers giving subsequent births are found to be at high risk

of environmental hazards.
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Chapter 1

PUBLIC POLICY AND AIR POLLUTION:
EVIDENCE FROM THE WORLD LARGEST LOW EMISSION ZONE

1.1 Introduction

Air pollution is one of the leading health concerns in urban areas in Europe. According
to the World Health Organization, outdoor exposures to air pollution cause nearly 600,000
premature deaths in Europe each year (WHO 2012). The pollution-related shortened life
expectancy and loss of human capital are associated with 120 trillion pounds annual loss
(equivalent to 137 trillion US dollars) based on the estimates by the European Environmental
Agency (EEA) in 2013. Additionally, poor air quality may bring up issues in crop production,
food safety and human fertility, leading to substantial social costs in the long run (Murphy

et al. (1999); Zivin and Neidell (2011); Rosa et al. (2003)).

In Europe, one of the largest contributors to air pollution is transportation sector. Ac-
cording to EEA, transportation sector accounts for the emissions of about 58 percent total
nitrogen oxides (NO,), 30 percent carbon monoxide (CO), 21 percent sulfur dioxide (SO3)
and 21 percent particulate matter (PM;g) across 31 European countries in 2000 (EEA 2003).
In response to the overwhelmingly increasing concern on traffic emissions, governments in Eu-
ropean countries have established a series of policies and regulations over the recent decades,
including taxes on gasoline, subsidies on green vehicles transactions, and command-and-
control policies such as license plate programs. In this paper, I study a widely adopted
incentive-based traffic regulation - Low Emission Zone (LEZ). A typical LEZ regulation re-
stricts or disincentivizes heavily polluting vehicles from entering a targeted area. Advocates
of LEZ argue that the policy helps alleviate government enforcement costs while inducing

drivers to replace, upgrade or retrofit their non-compliant vehicles, creating both short-run



and long-run social benefits. Nevertheless, there is rising concern that LEZ might cause
behavioral adjustments in the form of detouring to avoid the zone or substituting toward
non-subject vehicles. The potential existence of such unwanted consequences may substan-
tially lower the policy’s effectiveness, and the resulting environmental spillovers may drive
down the average air quality improvements toward zero.

London has the world’s largest LEZ. Launched in February 2008, London’s LEZ covers
almost the entire area of Greater London. The initial phase of the LEZ affects over 50
thousand most polluting heavy goods vehicles (HGVs) driving inside and across the border
of Greater London. The extended phases additionally affect light goods vehicles (LGVs),
buses and coaches, and impose more restrictive emission standards on the already affected
vehicles. London’s LEZ charges a daily entrance fee of £100 to £200 on vehicles violating
the corresponding EU emission standards (e.g., EU III or EU IV) and a penalty fee of £250
to £1000 on each illegal entrance depending on vehicle type. The policy has generated a
capital set-up cost exceeding 45 million pounds (about 65 million US dollars) and has an

estimated annual maintenance fee of over 10 million pounds (about 15 million US dollars).

In this paper, I analyze the environmental effects of London’s LEZ. I combine a unique
dataset of daily average particulate matter (PMjo, airborne particulate matter with less
than 10 micrometer in diameter) and nitrogen dioxide (NO,) from nearly 100 air monitoring
stations in the United Kingdom with daily weather conditions during 2005 and 2010. The
empirical estimation adopts a difference-in-differences (DID) strategy which compares air
pollution concentrations in traffic intensive areas versus those in background areas before
and after the introduction of the LEZ. The background air quality is depicted by one of
the two control groups: urban background areas (e.g. residential areas) inside the zone and
traffic intensive areas far from the zone. To estimate the policy’s spillover effect, I apply a
similar DID model with the “treatment group” being the traffic intensive areas within 10
miles of the LEZ border. In both regressions, I incorporate a rich set of covariates, including
year and month fixed effects, contemporaneous and lagged weather conditions as well as

dummies for weekends and holidays.



The estimation results suggest that the initial phase of London’s LEZ does not lead to
a significant improvement of air quality along traffic intensive areas within the zone. Not
until the operation of the most stringent phase of the LEZ, which affects a broader scope
of vehicles, do the targeted areas show a statistically significant decline of air pollution.
However, spatial analysis shows that the air quality improvements in London occur only
in industrial areas, while the roadside air quality remains unchanged after the LEZ policy,
controlling for other confounding factors. Nevertheless, the initial phase of the LEZ does
not generate a substantial spillover effect nearby the zone. The most stringent phase, on
the other hand, induces the roadside NOy nearby the zone to decline by over 10 percent

compared with urban background areas outside the LEZ border.

I propose two possible explanations for the insignificance of the difference-in-differences
estimates. First, a majority of the vehicles affected by London’s LEZ are national commercial
vehicles potentially traveling across different regions of England. The high daily charge of the
LEZ provides economic incentives for these drivers to retrofit or replace their non-compliant
vehicles, generating positive environmental externality outside London. These compliance
behaviors make the air quality stations in distant locations incapable of showing background
air pollution trends to help capture the true treatment effect of the LEZ. On the other
hand, the policy may induce drivers to make undesirable adjustments such as detouring
or substituting subject vehicles toward non-subject ones. These behavioral adjustments, if
occurring aggregately, will result in increasing vehicle miles traveled and vehicle combustion.
Using traffic volume data and traffic-related energy consumption data, I show evidence of

these side-effects along major roads in London.

The rest of the paper proceeds as follows. Section 1.2 reviews the background information
of London’s LEZ. Section 1.3 provides a literature review of traffic regulation. Section 1.4
describes the primary dataset and provides summary statistics. Section 1.5 specifies the
econometric model. Section 1.6 presents and discusses the estimation results. Section 1.7

provides further evidence for the estimation results. Section 1.8 concludes.



1.2 Policy Background

London’s low emission zone (LEZ) is an economic incentive based traffic regulation targeting
at regulating the air pollution emissions from heavily polluting commercial vehicles. The
initial phase of the LEZ was officially launched in February 2008, about 9 months after the
public announcement of the policy. In the subsequent years, the policy has been extended to
incorporate more vehicles while tightening the emission standards for the already subject ve-
hicles. Compliance with the policy may take various forms, including retrofitting, converting
to gas and reorganizing fleet. Non-compliant vehicles driving inside the zone are subject to a
daily fee ranging from £100 to £200 based on vehicle types.! A penalty fee of £250 to £1000
will be collected from vehicles illegally entering the zone. The LEZ covers almost the entire
area of Greater London and operates 24 hours a day, 365 days a year, including weekends
and national holidays. Table 1.1 summarizes the timeline and background information of

different phases of the LEZ.

Drivers approaching the LEZ are notified by advance warning signs that allow them to
detour to avoid entering the zone (Figure 1.2 Panel A). To monitor compliance behaviors
inside the zone, Traffic for London (TfL) has installed over 300 fixed or mobile cameras
on major roads in Greater London, accompanied with automatic number plate recognition
(ANPR) technology (see Figure 1.2 Panel B). The ANPR reads the vehicle plate number,
communicates with TfL. database and reports automatically if the vehicle has complied with
the emission standard or paid the entrance fee. The enforcement cost is estimated to exceed
45 million pounds for the initial installation with an additional maintenance fee of over 10

million pounds each year.

!The daily entrance fee incurs at midnight everyday. Vehicles on road over 23:30 pm and 12:30 am the
next day are subject to two days’ fees. Vehicles parking within LEZ do not have to pay the entrance fee.



1.3 Literature

Evaluating the effectiveness of traffic regulation on reducing urban air pollution is an area
of active research in recent years. Davis (2008) analyzes the environmental effect of a license
plate program Hoy No Circula (HNC) launched in Mexico City in 1989. Each day of week, the
HNC banned a certain group of drivers from driving on roads based on the last digit of license
place number. Using both ordinary least squares (OLS) and regression discontinuity (RD)
design, Davis (2008) find that the HNC did not effectively reduce five major air pollutants
(i.e. nitrogen dioxide, nitrogen oxides, ozone, carbon monoxide and sulfur dioxide) during its
operating hours. Instead, behavioral adjustments in the form of acquiring a second, heavily
polluting vehicle and substituting toward highly emitting taxis have led to an increase in air
pollutants during the non-operating hours of the HNC. Chen et al. (2013) examine a slightly
revised license plate program in Beijing during the 2008 Olympic Games. Compared with
non-Olympic cities, Beijing has experienced a roughly 25 percent reduction of air pollution
index (API) when the license place program was in operation. The magnitude of the air
quality improvements, however, shortly faded away after the closing of the Olympic Games
and the end of the policy. This result was confirmed in Viard and Fu (2015) by reevaluating
the effectiveness of Beijing’s driving restriction on reducing air pollution concentrations.
Additionally, Viard and Fu (2015) show that the affected workers in Beijing have reduced

their labor supply by 9 to 17 percent during the policy’s period.

Several studies provide empirical estimations on the impact of LEZ established in various
European cities. Boogaard et al. (2012) analyze the changes of air pollution concentrations
following the implementation of LEZs in 5 Dutch cities. Using suburban locations as controls,
Boogaard et al. (2012) show that the policy did not effectively reduce air pollution in all but
1 treated urban street where the traffic volume decreased sharply. Wolff (2013) investigates
the impact of Germany’s LEZs on the spatial distribution of air quality. The results indicate
that the LEZs implemented in various areas in Germany have reduced PM;, by an average

of 9 percent with larger LEZs yielding stronger effects.



London is among the most polluted cities in Europe and thus has received research focus
in recent years. Jones et al. (2012) analyze the air quality data from 2 sites in London
and 1 site in Birmingham during late 2007. Two air quality trends occurred shortly before
this period. First, the United Kingdom introduced “sulfur free” diesel fuel on all highway
vehicles. Second, the Traffic for London announced the launching of London’s LEZ. These
events jointly resulted in a one-third to two-thirds decline of NO, and particulate matter.
However, a significant portion of the reduction is expected to be caused by the sulfur regula-
tion. Similarly, Ellison et al. (2013) use the air quality data from 3 sites within the LEZ and
1 site outside and show that the concentration of particulate matter has seen a slight reduc-
tion of about 3 percent while that of NO, did not change significantly. Unfortunately, both
papers have a relatively small sample size and the results are unlikely to represent the aver-
age treatment effect of London’s LEZ.2 Meanwhile, the articles lack a credibly econometric
specification which controls for many of the confounding factors (e.g. weather conditions).

This analysis fills the literature gap by empirically estimating the environmental effect
of London’s LEZ using the most comprehensive data available in the United Kingdom. I
carefully distinguish different environmental features of air monitoring stations to identify
the spatially heterogeneous treatment effect of the LEZ. In addition, I combine data from
traffic sectors and energy consumption to further support my findings. Understanding how
the world’s largest LEZ affects travel patterns and how effective it is in reducing vehicular
emissions provides guidelines for policymakers to design, implement and enforce optimal

traffic regulations to improve social wellbeing in the future.

1.4 DModel and Identification Strategy

1.4.1 Difference-in-Difference Approach

The estimation goal is to identify the average treatment effect (ATE) of London’s LEZ on

air pollution concentrations. Since the UK has introduced “sulfur free” vehicles in late

2Less than 10 percent air monitoring stations in London are covered in these studies.



2007, it is essential for the identification strategy to credibly isolate any air quality changes
caused exclusively by the LEZ implementation. To achieve this goal, I apply a difference-
in-differences (DID) model controlling for both the air quality trends occurring all over
the England and the unobservable across-region air quality differentials. Let 7 index air

monitoring station and ¢ index date. The baseline model has the following structure:
log(APy) = BLEZ +yLEZ/Tr; + oTr; + Yy + Qi + X340 + €. (1.1)

The dependent variable is the logarithm of daily air pollution (AP), either PM;jq or NOs,
at station ¢ at time ¢. Variable LEZ; equals 1 in the post-LEZ period and 0 otherwise. T'r;
is a time-invariant group indicator equalling 1 if station 4 is in the treatment group.® Y,
and (); capture the unobservable year fixed effects and quarter fixed effects, respectively.
Including year fixed effects largely ensures that the long-run air quality trends, such as
those resulted from business cycles, are eliminated. The quarter fixed effects account for
seasonal variations of air quality that are in place even without the LEZ. X is a vector of
control variables including current and one-day lagged weather conditions as well as a dummy
variable indicating zero precipitation for 3 days. To account for the variations in travel flow
during non-working days, I additionally include indicators for weekends and national holidays
in X;¢. The idiosyncratic error term e;; captures random shocks of air quality at station ¢
at date t.

Equation (1.1) identifies the overall treatment effect of London’s LEZ but is not able to
isolate the additional change of air pollution in each phase of the LEZ. Furthermore, pre-
LEZ compliance behaviors may start shortly after the policy’s announcement, biasing the
coefficient of interest v toward zero. To deal with this issue, I revise the baseline DID model
to allow for differential environmental effects when different groups of vehicles are targeted.

The revised model has the following form:

T=3 T=3
log(APy) = Y B Prit Y % PrlTri + oTr; + Y, + Qy + X + (1.2)
7=0 7=0

3No sample station has been relocated three years before and after the implementation of the LEZ.



where Pty (1 =0, 1,2,3) is a phase indicator that equals 1 if date ¢ falls in the post-phase-7
period (phase 0 refers to the post-announcement period) and 0 otherwise. The coefficient
of interest, 7,, measures the ATE of the LEZ phase 7 on air pollution concentrations. [,
(1 = 0,1,2,3) depicts the generic trend of pollution concentrations experienced by both
treated and control stations in phase 7 of the LEZ. « captures the cross-sectional differentials
of air quality between the treated stations and the controls. @ is a vector of coefficients
associated with the control variables.

Because stations monitor and report air quality data independently, ¢;; is clustered at
station level in the preferred specification. In some circumstances, the assumption underlying
this clustering feature may be violated. For instance, random shocks of air pollution may
occur aggregately, affecting all stations located within a certain region. To account for this

possibility, I test alternative clusterings of the error term in robustness checks.

1.4.2 Test of Parallel Trends

The fundamental assumption of DID method is that pre-treatment trends across groups are
parallel. In other words, all groups of stations should experience the same trends of air
quality with the absence of the policy or regulation. To test if this assumption is valid, I

estimate the following regressions?

log(ﬁTr,ym) = ’YTTYMym + HTrym (1 3)

log(ﬁcon,ym> = 'VConYMym + Uconym-

ﬁTwm and ﬁcmym in equations (1.3) refer to the average air pollution in year-month
ym across all treated (1) and control (Con) stations, respectively. Y M,,, is a year-month
indicator for ym. fipyym and foonym are standard errors. Equations (1.3) are estimated
using data prior to releasing the information of LEZ to the general public (during the period

that the LEZ was neither implemented nor publicly announced). I then test if the resulting

4The parallel trend assumption is typically tested using multiple years data for the treated and control
groups. Since I only have 2 years data prior to the LEZ announcement, I instead consider using a year-
month indicator to see if the trends are parallel over year-month combinations.



coefficients 7, and ~vc., are identical. Failure to reject the null hypothesis implies that the

parallel trends assumption is valid.

1.4.8 Spillover Effects

While the LEZ restricts non-compliant vehicles from entering Greater London, it may cause
considerable spilloverts in surrounding areas. On one hand, drivers approaching the zone
can choose to detour to avoid paying the fee. On the other hand, drivers already complying
with the emission standards may also drive outside the zone and contribute fewer emissions
to non-LEZ regions. These possibilities generate opposite spillovers and make the sign of the
overall effect unclear. To empirically estimate the magnitude of spillover, I apply a similar

DID model as follows:

T=3 T=3
log(APy) = Z O P1i+ Z n.Pr;Near; + ANear; + Y; + Q; + X410 + €. (1.4)
=0 7=0

where Near; equals 1 if station 7, which locates nearby the LEZ border, is potentially affected
by the policy. Near; equals 0 if the station is either located far from (> 10 miles) the LEZ
border or unlikely to be affected by the LEZ policy (e.g. urban residential stations).> All
the other variables remain the same as those in equation (1.2). The coefficient of interest,

7, measures the spillover effect of the LEZ phase 7.
1.5 Data

1.5.1 Air Pollution Data

The study focuses on two highly correlated air pollutants, PMj, (particulate matter with
less than 10 micrometer in diameter) and NO, (nitrogen dioxide). PMy is the primary air
pollutant under the regulation of London’s LEZ. In particular, all the emission standards
(i.e., EU IIT or IV) are based upon the vehicular emission of PM;o. Supplementary to P Mg,

I consider NO,, one component of nitrogen oxides, which is also largely attributed to traffic

5More details regarding how stations are clarified are provided in section 1.5.
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emissions. Both PM;q and NO, are highly associated with respiratory symptoms and have

caused thousands of premature deaths in London each year (Gowers et al. (2014)).

I collect and combine daily PM;y and NO,; data from London Air Quality Network
(LAQN) and Air Quality England (AQE) between 2005 and 2010. This period starts roughly
two years before the initial phase of the LEZ and ends shortly after the implementation of
phase III. The LAQN is maintained by King’s College London. It currently contains over 100
air monitoring stations within and nearby Greater London. AQE, supported by Ricardo-
AEAS, collects and combines air quality data from Automatic Urban and Rural Network
(AURN) and local authorities of England. I exclude stations located outside of England and
stations with more than 25 percent missing data on daily PM;q and NO, during the sample

period.” 8

Air quality data after 2010 are dropped for two reasons. First, the local authorities of
Greater London that provide support to LAQN faced deficits starting from late 2010. A
large number of stations were shut down due to funding shortages, while others were subject
to reshaping. Consequently, some pollutants were no longer reported and some others were
reported less frequently. Dropping observations from 2011 and beyond helps maintain a
balanced panel and retain a reasonably large sample size. Second, the City of London began
considering further emission controls and regulations in 2010. In the following years, London
boroughs and the City of London proposed supplementary transport policies for air quality
management, including controlling vehicular emissions from taxis, usage of low emission
buses and a central and inner low emission zone.” The adoption of multiple regulations

would make it more difficult to isolate the treatment effect of any single policy.

6Ricardo-AEA is a worldwide association that provides data and advice on global energy and environ-
mental challenges. For more information, visit www.ricardo-aea.com/cms/.

"Stations located outside of England are such that locate in Scotland, Wales, or Ireland.

8Stations with less than 25 percent missing data for at least one air pollutant are retained. Dropping
stations with more than 20 percent missing data gives us similar results but substantially reduces our
sample size.

9Visit www.cityoflondon.gov.uk for further details.
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Depending on the relative distance to the LEZ border, each air monitoring station is
classified as either inside, nearby, or far. Inside stations are located within the LEZ. An inside
station in a traffic intensive area (e.g., roadside, curbside, etc.) is expected to experience
the most significant treatment effect if the policy leads to a dramatic change in vehicular
emission. Nearby stations are located within 10 miles of the LEZ border and are thus not
directly exposed to the treatment.'® However, it is likely that nearby stations in high traffic
volume areas would experience a joint effect of negative externality created by aggregate
behavioral adjustments (e.g. searching routes or detouring to avoid entering the zone) and
positive externality resulted from vehicles taking actions to comply with the LEZ policy.
Far stations are located at least 10 miles outside the LEZ border. Presumably, they receive
neither the treatment nor the externality from the LEZ regulation and therefore can serve
as a valid control group. The sample of control stations spans across South East, North
West, East of England, and Yorkshire and The Humber. Figure 1.3 shows the geographical

locations of the three groups of stations.

According to LAQN and AQE, each air quality station is labeled as either roadside,
urban background, or industrial (hereafter Type R, U, I, respectively) based on its relative
distance to major sources of pollution.!* A station with a specific type, as noted by King’s
College London, can be considered as broadly representative of the environmental features of
neighbouring locations.!? Table 1.2 outlines the criteria of Type R, U and I stations. Because
London’s LEZ affects heavily polluting commercial vehicles that are allowed to drive only on

truck roads, urban background stations which typically locate in residential areas isolated

10The 10 miles cutoff is calculated using the following method. First, researches have shown that PMg
can stay in the air for about 1 hour before settling down. Using the average wind speed of 4.2 meter
per second in our sample, we obtain that the maximum distance PMi( could travel is approximately 8.9
miles. We then allow for possible variations in wind speed and re-suspension of particulate by increasing
the distance to 10 miles.

UThere are another two types of stations, curbside (C) and suburban (S). Due to missing data, we are
unfortunately unable to include these two types in our study.

12For example, an industrial station record PM;py level in industrial areas that is simi-
lar and representative of those recorded by nearby industrial areas of similar size. Visit
http://www.londonair.org.uk /london/asp/publicdetails.asp?region=0 for more information



12

from major roads and industrial plants are eligible to serve as another control group in the
DID model. Figure 1.3 illustrates the geographical locations of each type of stations.

Figure 1.4 plots the probability density functions (PDF) for daily average PM; and
NO, below the station level 95 percentile.’®> With the 5 percent station-specific highest
observations excluded, the daily distributions for PM;y and NO, are still left skewed. For
P M, massive number of observations center around or below 20 pg/m? (40 percent of the
EU 24-hour limit at 50 pg/m?). However, roughly 6 percent roadside PMq, 2.6 percent
urban background PM;j, and 20.3 percent industrial PM;q exceed the EU 24-hour limit
during the period of 2005-2010.!4 For NO,, all sample years have an annual average exceeding
the EU annual limit at 40 pg/m?, while about 0.5 percent daily observations in the sample
reach above the EU 1-hour limit of NOy at 200 pg/m3.'

1.5.2 Weather Data

I obtain comprehensive weather data from WeatherSpark operated by Cedar Lake Ventures
Incorporation. WeatherSpark collects and combines data from the National Oceanic and
Atmospheric Administration (NOAA), the Norwegian Meteorological Institute (NMI) and
World Weather Online (WWO).!6 Compared with LAQN and AQE stations, WeatherSpark
stations locate relatively sparsely, possibly due to the similarities of climate conditions in
neighbouring areas. Based on the spatial distribution of air quality stations, I include 4
weather stations in my sample: Liverpool John Lennon Airport, London Heathrow Airport,
Leeds Bradford International Airport and Benson Royal Air Force Base. To obtain a balanced
panel, each air quality station is matched with the nearest weather station, regardless of
station type. In the matched dataset, I consider a rich set of the weather conditions that may

affect air pollution concentrations, including daily average humidity, hours of precipitation,

13Full-length PDFs for the entire sample have long and thin tails to the right.
14The EU 24-hour limit of PM;q cannot be exceeded more than 35 times each year.
15The EU 1-hour limit cannot be exceeded more than 18 times each year.

16Visit http://weatherspark.com/ for more information.
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air pressure, average and maximum wind speeds and temperature. I allow differential impacts
of temperature on air pollution concentrations in different seasons by interacting the daily
temperature with quarter of the year. Finally, I create a dummy variable indicating zero

precipitation for 3 days to account for rising un-suspended dusts if the weather is dry.

Table 1.3 provides summary statistics for the air pollution and weather conditions in my
sample. The average daily humidity in London and other regions of England is about 77
percent and the average daily hours of precipitation is about 3.2 hours. Compared with
many other European countries, England is relatively humid, with only 18.5 percent days
experiencing no raining for at least 3 days. The climate conditions in England reveals the
importance of including precipitation as one of the key control variables because the daily
average concentrations of small particles may be substantially affected by the daily pre-
cipitation level. The year-round average daily temperature measured by the four weather
stations in England is about 11.2 degrees centigrade, with a standard deviation of about 5.8
degrees. The daily average and maximum wind speeds are 4.2 and 6.7 meters per second,
respectively. Both average and maximum wind speeds are controlled for in the regression
because a moderate wind speed will help disperse the concentrated air pollution while a high
wind speed may instead blow and distribute the already suspended particles. Besides pollu-
tion and weather variables, I generate additional indicators for non-working days, including

approximately 29 percent weekends and 7 percent national and banking holidays.!”

1.6 Estimation Results

1.6.1 Graphical Analysis

To begin with, I plot the time-series deseasonalized air pollution in the UK from 2005 to

2010. The deseasonalization takes the following two steps. First, I run the following ordinary

17"The religious holidays are excluded here because they affect only a minority of population.
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least squares (OLS) regression by station type!®:

m=12
AP,y = pnMONTH, + i, (1.5)

m=1
where AP, indicates daily average air pollution measured at station ¢ at date t and MONT H,
is a vector of dummy variables indicating whether date ¢ falls in month m. Next, I obtain
the deseasonalized air pollution DesAP;; by subtracting the estimated month effects from

the observed pollution level:
DeSAPZ‘,t = APi,t — pm[MONTHt = 1] (16)

Figure 1.5 plots the locally weighted (lowess) smoothed curves for deseasonalized PMj
across station types and groups. In each graph, the bandwidth is chosen to reveal the long-
run trends of air quality without over-smoothing so that local fluctuations are still reserved.
The period of early 2005 and late 2010 may show some degree of noise because of the
relatively sparse observations in the time window. From mid 2005 to mid 2010, a gradual
decline of PM;, can be seen from all types of stations all over the England. The largest
air quality improvement, however, occurs in industrial areas inside London where the daily
average P Mo drops by more than 20 percent from above 50 pg/m? (i.e. the EU daily limit)
to below 40 pg/m? (i.e. the EU annual average limit).

Figure 1.6 plots the lowess smoothed curves for deseasonalized NO, from 2005 to 2010.
Instead of a downward trend, NO; in all areas of England stays relatively stable. Along
roadside, the average daily P M, inside London reaches above 65 pg/m?, exceeding the EU
annual limit by over 60 percent. Similarly, the average daily PM;, in urban areas inside

London stays above 50 ug/m?, exceeding the EU annual limit by roughly 25 percent.

1.6.2 Parallel Trends

The LEZ policy affects commercial vehicles attempting to drive inside Greater London and

not compliant with the corresponding EU emission standards. Therefore, stations located

8Running the regression using pooled data generates very similar results.
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in traffic intensive areas such as major truck roads inside the zone naturally serve as the
treated group. As proposed earlier, the two control groups in the DID model are (a) urban
background stations located inside the LEZ; and (b) traffic-intensive stations located far
from the LEZ. For the estimation of spillover effect, I test whether stations located in heavy
traffic areas within 10 miles of the LEZ border experience changes of air pollution compared
with (a) nearby urban background stations; and (b) distant traffic stations far from the LEZ
after the policy has been implemented.

For each treated-control combination, I first test if the parallel trends assumption holds
using equation (1.3). Table 1.4 presents the test results. Both control groups are valid for

the DID estimation of treatment and spillover effects.

1.6.3 Main Results

Next I proceed with the empirical estimation. Table 1.5 displays the estimation results
based on the baseline specification (1.1) across control groups. For both PM;q and NOs, the
simplest model, shown by columns (1) and (4), accounts for only year FE and quarter FE.
Columns (2) and (5) additionally include current and lagged weather conditions. Finally
the richest model, represented by columns (3) and (6), additionally control for weekend and
holiday dummies. In each column, robust errors clustered at station level are shown in
parentheses.

The estimation results are very similar across control groups. According to Table 1.5
Panel A, the PMq in traffic intensive areas inside London has seen no significant reduction
after the LEZ implementation. Instead, a 3-4 percent insignificant increase in PM;, is
observed in treated areas following the operation of the LEZ. This point estimate persists
from the simplest model to the richest though the R? has improved when more confounders
are incorporated. Similarly, Table 1.5 Panel B shows no statistically significant reduction of
NO, during the post-LEZ period. The R? shows a similar stronger explanatory power of the
model when accounting for weather conditions, weekends and holidays.

The point estimates in Table 1.5 could be biased down by pre-compliance behaviors.
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Because the public notification regarding to Londont’s LEZ was released by TfL roughly 9
months prior to the operation of the initial phase, drivers with vehicles affected by the policy
may choose to retrofit, convert to gas or reorganize fleet to comply with the policy well in
advance. Specification (1.2) takes care of this issue by disentangling the LEZ treatment
effect into effects of different phases, including the announcement of the policy. Table 1.6
presents the estimation results using the richest covariates (i.e., year FE, quarter FE, con-
temporaneous and lagged weather conditions, weekends and holidays). From 2008 to 2010,
the least stringent phase of the LEZ brings no desirable effect on air quality, while the more
stringent phases jointly reduce PMiy by 5 to 8 percent and NOy by 12 to 13 percent. This
implies that a higher level of policy effectiveness may largely result from a broader range of

targeted vehicles and a more stringent restriction on vehicular emissions.

Unlike the results in Table 1.5, coefficients displayed in Table 1.6 using different control
groups show some degree of inconsistency. After the LEZ announcement but before the
policy operation, treated stations inside the zone show a 7 percent significant increase in
NO;y when the model uses urban background stations as controls. However, no similar effect
is observed when the model uses traffic stations far from the zone as controls. Similarly,
during the LEZ phase I the estimated increase in PM;y near high-traffic areas within the
zone is 6 percent with controls being traffic areas in distant regions, with the point estimate
roughly 2 percent higher and more significant than that obtained using controls as urban
background stations in London. During later phases, using urban background stations as
controls consistently generates larger and more significant coefficients for the reduction of
PMyy and NOs,.

The existence of coefficient inconsistency can be caused by several reasons. First, random
shocks of air pollution within a certain area could be correlated, thus it may be plausible to
allow for potential correlations in standard errors across stations. This possibility is discussed
in details in section 1.6.5. Second, the two control groups may each be very slightly affected
by the LEZ regulation because of drivers’ behavioral adjustments in different forms. Section

1.7 discusses and provides supportive evidence for this possibility.
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1.6.4 Spatial Heterogeneity

The average treatment effect (ATE) of the LEZ regulation is sensitive to station locations.
In particular, the point estimates obtained in Section 1.6.3 may change substantially if the
proportion of roadside and industrial stations changes. In this section I explore the spatial
heterogeneity of the treatment effect of the LEZ using specification (1.2). The two control
groups are urban background stations inside London and distant traffic stations that have
the same environmental classification as the treated stations. Because all the treated NOy
stations locate along roadside of London, I provide the heterogeneity analysis for PMiy only.

Table 1.7 shows that roadside and industrial stations inside London experience different
treatment effects of the LEZ. While roadside PM, has increased by 5 to 9 percent following
the initial phase of the LEZ, industrial PM;q do not change dramatically. In each of the
extended phases, the more stringent emission standards on subject vehicles have led to a 7 to
12 percent decline of industrial PMq, but their impacts on roadside PM;, are considerably
lower and less significant. While this heterogeneity might be caused by the small sample size
of industrial stations, it is more plausible to result from the differences in vehicle composition
across areas. Specifically, a higher proportion of vehicles driving in industrial areas are
heavily polluting diesel vehicles used for commercial purposes. Those vehicles are in general
non-exempt from the LEZ regulation and the affected drivers are more likely to take actions

to comply with the emission standards.

1.6.5 Robustness Check
Standard Errors

This section considers factors that would possibly affect the coefficient robustness. The first
and most common concern is the quality of data and the reliability of pollution measurement.
Let AP/, be the true value of daily average pollution level. The observed AF;; can be written

as

APy = AF}(1 + viy) (1.7)
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where vy is the degree of bias from the true value. Plugging equation (1.7) into specification

(1.2), we have

T=3 T=3
log(APy) = Y B P+ > v PrTri+aTr + Y + Qu + Xitb + (1.8)
=0 7=0

where p;; = €;; +1og(1+v;) is the combined error. Depending on the source of measurement
error, (;; may or may not correlate with air pollution concentrations. When v;, reflects pure
random errors of the reported pollution values, it can be merged into €;;, which the preferred
specification can correctly handle. If the v;; contains some level of aggregate shocks'?, the
assumption that standard errors are station-clustered will no longer hold. This can be tested
using an alternative clustering of standard errors at type-region level. Here, type refers to
the station’s environmental classification (i.e., R, I or U), and region refers to either London’s
borough (for inside stations) or city/district of England (for outside stations). Meanwhile,
vy may be serially correlated within stations, reflecting some lags of random shocks over
time. This possibility can be handled using Newey-West standard errors up to the maximum
number of days that pollution shocks may persist.

Table 1.8 presents the results of robustness checks on the coefficients’ significance levels.
Columns (1) and (4) modify the preferred specification by assuming that the error is indepen-
dent across stations and years. This assumption is appropriate if the annual maintenance on
air monitoring networks leads to little correlation in the measurement errors over time. Using
the two control groups, I find that this modification slightly increases the standard errors of
the DID estimators. Nevertheless, I still find no evidence of a statistically significant decline
of either PMj, or NO, following the LEZ announcement and phase I. Columns (2) and (5)
display the estimation results using clustered standard errors by type-region. For both pollu-
tants, the estimation coefficients are highly consistent with those presented in the preferred
specification. This implies that the potential across-station random shocks do not alter the

robustness of the point estimates. Lastly, columns (3) and (6) apply the heteroscedasticity-

19For instance, a heavily polluting truck traveling on ring road M25 is likely to increase the air pollution
at multiple stations along the way.
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consistent Newey-West standard errors. Following Stock and Watson’s rule of thumb, I set
L = 20 to incorporate relatively strong serial correlations. The Newey-West standard errors
are very similar to those in the preferred specification. The results reconfirm the effective-
ness of phase III in reducing air pollution and the insignificant treatment coefficients in the

preceding, less strict phases of the LEZ (except for the announcement).

FExtreme Outliers

Aside from standard errors, one may concern about the issue of endogeneity. In particular, if
Vit is correlated with one of the key regressors, the coefficient of interest v, in equation (1.8)
will suffer from omitted variable bias. For instance, certain weather conditions may cause
both the true value of particulate matter and the measurement error to highly deviate from
their normal levels.?’ The issue may exacerbate if this abnormality occurs aggregately.
While we can hardly determine the source of measurement error, we may detect possible
outliers based on the shape of the station specific distribution of air pollution concentrations
AP, ;. According to Figure 1.4, the daily average PMjo and NO, depict highly left skewed
distributions with thin and long right tails. To avoid bias from misreported high pollution
concentrations, I re-estimate the model with exclusion of observations exceeding the station-
specific 95th percentile.?! This modification creates an unbalanced panel with gaps in date.
Table 1.9 estimates specification (1.2) using the modified sample. The displayed results
are highly consistent with the one using the full sample, indicating that the heaviest polluting
5 percent observations do not bias the estimates. As columns (1) to (3) show, the most
significant treatment effect still occurs after the implementation of phase III. Overall, using
both urban background stations inside London and traffic stations far from London yield

similar results that the targeted areas of the LEZ do not experience a statistically significant

208pecifically, the maximum record of daily PM;, reaches 383 ug/m?, a value almost 8 times as high as
the EU daily limit. Additionally, 0.4 percent PMjo observations range above 100 ug/m? and another 6
percent range above 50 ug/m?3.

21Excluding 90 percentile of station specific air pollution distributions lead to very similar results with the
presented ones.
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improvement of air quality until the broadest vehicles are targeted and the emission standards

on subject vehicles are tightened.

1.6.6  Spillover Effects

The goal of the LEZ regulation is incentivizing heavily polluting vehicles to replace, upgrade
or retrofit to generate long-run social benefits. It may, however, affect the surrounding
areas of London if a substantial proportion of non-compliant vehicles choose to detour to
avoid entering the zone. This unfavorable effect may offset the positive spillover caused by
compliant vehicles driving outside the zone. To determine their joint impacts on high-traffic
areas relatively close (< 10 miles) to the LEZ border, I estimate equation (1.4) using (a)
urban background stations nearby London; and (b) high-traffic stations far from London as
controls.

Table 1.10 presents the estimated spillover effects. For both PMjy and NO,, the sec-
ondary spillover effects have the same sign as the primary treatment effects. Across spec-
ifications, the PMq, spillover remains insignificant even with the most stringent emission
standards. In contrast, the estimated NOs spillover during the LEZ phase III is as high
as 14 percent using urban background stations nearby London as controls. This secondary
effect rises roughly 6 percent above the estimated primary effect of the LEZ on NOy during
phase III. However, using high-traffic stations far from London as controls yields a much
smaller and insignificant coefficient for the same spillover effect. A possible reason could
be that urban background locations nearby the zone are adversely affected by the detoured
vehicles, while the nearby traffic areas are positively affected by the cleaning-up of subjec-
t vehicles. This potential sorting of vehicles close to the LEZ border could increase the

estimated spillover effect of the LEZ captured by the DID estimator.
1.7 Discussion and Supportive Evidence

In earlier sections, I show that the introduction of London’s LEZ does not effectively alleviate

the concern of air pollution inside London until the most stringent phase. Moreover, only
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industrial areas close to power plants experience a significant treatment effect of the LEZ.
This section provides two possible explanations for the t-statistics. These two hypotheses
are then tested using traffic flow and fuel consumption data in London and other regions of

England.

1.7.1 Behavioral adjustments

I first consider the possibility that the air quality measured by the second control group
(i.e., high-traffic stations in distant locations) represents a lower level of treatment effect
instead of pure background air quality when the policy is not in place. This possibility does
not invalidate the parallel trends assumption which focuses on periods prior to the LEZ
establishment. Because of the national flow of affected vehicles, other regions of England
may also benefit from London’s LEZ although they are not within the targeted area. To
see this, consider the disparity of point estimates across control groups in Table 1.6 and
1.8. The treated stations near major roads and industrial sites show a larger treatment
effect if compared with urban background stations inside London instead of the same type
of stations far from London. Since the LEZ policy targets at commercial vehicles with high
demand for road freight transport, drivers may have a strong incentive to comply with the
emission standards instead of paying the fee to drive inside the zone. This strategic decision
could potentially lead to a change of commercial vehicle fleet composition in other regions
of England and thus reduce the traffic-related air pollution emissions all over the England.
To empirically test the existence of this positive externality in distant locations, I obtain
the LEZ compliance data from Traffic for London (TfL). The compliance data consist of
weekly compliance rate and the number of subject and non-compliant vehicles. To make use
of the richest dataset, I linearly interpolate daily compliance rate and non-compliant statistics
and merge that with air pollution concentrations in the South East, North West, East of
England, Yorkshire and The Humber in which the control stations locate. Let S7;, NCr
and C'1; denote the total number of subject vehicles, non-compliant vehicles and compliant

vehicles in phase 7, respectively, and let C'R7; denote the compliance rate at date ¢ in phase
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7. The interpolated daily number of non-compliant vehicles and compliance rate can be
expressed by

7 _
NCt = TwNCTS_l + %NC’TS (1.9)

CTt . STt - NCTt
STt N STt

where s — 1 indexes the previous Sunday and s indexes the current Sunday when TfL releases

CRr, = (1.10)

the weekly compliance data. w indexes day of week at date ¢t with Monday equalling 1.
The next step is to estimate whether the air quality in other England regions is affected
by the compliance to London’s LEZ. The econometric models applied to accomplish this goal

are specified as follows:
lOg(ARt) :nTNCTt+ni+Qt+Xit0+5it,T = 1,2 (111)

lOg(AIDZt) = CTORTt + n; + Qt + thg + Eit, T = 1, 2. (112)

In both specifications, 7; stands for unobservable station specific fixed effects, ); stands for
quarter fixed effects. Xj;; contains contemporaneous and lagged weather conditions, day of
week dummies and a holiday dummy. ¢;; is heteroscedastic and clustered by station.
Specification (1.11) and (1.12) have three major distinctions compared with the main
regression (1.2). First, the dichotomous treatment group indicator, the LEZ phase indicator
and their interactions are replaced by continuous variable NC'7; and C' R1; which show drivers’
compliance behaviors to the LEZ policy. Second, the year fixed effects in equation (1.2)
has been dropped in equations (1.11) and (1.12) because the compliance data only span
for two years from June 2007 to October 2009.?2 Third, in equations (1.11) and (1.12) the
weekend dummy contained in X; is replaced by a vector of day of week dummies because the
compliance data from Monday to Saturday each week are interpolated from the reported ones
on the neighboring Sundays. The day of week dummies will largely absorb any inaccuracy

in the interpolation process given by equations (1.9) and (1.10).

22The time span only allows me to estimate the effects of compliance to phase I and II of the LEZ on air
quality in other England regions.
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Figure 1.7 plots the time series number of non-compliant vehicles in phase I and IT and the
corresponding compliance rate from mid 2007 to late 2009. The phase I compliance rate is
about 75 percent shortly after the LEZ announcement and quickly reaches above 85 percent
prior to the starting date of phase I. After the operation of phase I, the compliance rate
continues rising to roughly 95 percent and stays stable thereafter. On the other hand, the
compliance rate in phase II starts at roughly 60 percent in mid 2007 and gradually increase
to about 80 percent after one year. The implementation of phase II further brings up the

compliance rate to 90 to 95 percent from late 2008 to late 2009.

Table 1.11 presents the estimation results of specification (1.11) based on (a) all distant
stations; and (b) stations in traffic intensive (i.e. R and I) areas only in distant locations. It
is evident that a rising number of non-compliant vehicles to the LEZ regulation would also
negatively contribute to the air quality in regions far from London. For every one thousand
additional non-compliant vehicles entering London in phase I, distant locations in England
experience a 0.5-0.6 percent increase in PMjy and a 0.4 percent increase in NO,. Similarly,
every one thousand increase in the number of non-compliant vehicles in phase II brings 0.4-
0.5 percent increase in PMjy and 0.3 percent increase in NOs to the other England regions.
Although some of these point estimates are not very significant, they play a role in driving

down the DID estimators in the main specification toward zero.

Table 1.12 displays the results for specification (1.12) using all stations and traffic inten-
sive stations only in other England regions. The point estimates are all negative, indicating
that a higher LEZ compliance rate is associated with a lower level of air pollution far from
London. This positive externality tends to be stronger in phase I than phase II, which could
explain the insignificant t-statistics for the phase I coefficients. For every 10 percent increase
in phase I compliance rate, distant locations experience a 2.7-3.4 percent decline of PMy,
and a roughly 2.3 percent decline of NO,. Similarly, every 10 percent increase in phase II
compliance rate is expected to bring a 2.2-2.8 percent decrease of PM;y concentrations and
a 1.3 percent decrease of NO, concentrations all over the England. This evident positive

spillover effect serves as the external reason for the incapability of the DID estimator to
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capture a significant treatment effect of the LEZ regulation, especially in the early phases.

1.7.2  Traffic flow

The second plausible reason for the insignificant treatment effect is drivers’ behavioral adjust-
ments to avoid being charged or penalized. For instance, non-compliant commercial vehicle
drivers may have an incentive to substitute toward a non-subject vehicle. I explore this po-
tential behavioral adjustment by analyzing the changes of road usage and fuel consumption
of different types of vehicles.

I first collect the traffic flow data from the United Kingdom Department of Transportation
(DfT). The traffic data contain annual average daily traffic flow (AADF) by vehicle types
on major roads in England. In London, traffic emissions from vehicles on these major roads
take roughly 65 percent total emissions of PMjy and NO, (a mixture of NO and NO;). For
each major road, I have data on the road location, type, length, and the traffic estimates
based on the length between the major road conjunctions. I drop roads located in England
regions which contain none of the air quality stations in the sample.

Figure 1.8 plots the percentage change of AADF by vehicle types across five major regions
of England: London, East of England, South East of England, North West of England,
Yorkshire and The Humber.2> The base year is 2008 in which both phase I and phase
IT of the LEZ were launched. The traffic index is then obtained by taking the ratio of
traffic flow for each type of vehicles in any given year to that in the base year. According
to Figure 1.8 Panel A, London has seen a relative increase in the traffic volume of heavy
goods vehicles (HGVs) in 2008 compared with other regions. A higher traffic volume of
HGVs may emit considerable amounts of particles and other pollutants into atmosphere
even if the compliance rate of HGVs continues rising. In contrast, the traffic volume of light

goods vehicles (LGVs) travelling in London started to decline from 2007 (Figure 1.8 Panel

231 sum up traffic flows on the following types of road: M or Class A principal motorway, class A principal
road in Rural area, class A principal road in urban area, M or class A trunk motorway, class A trunk road
in rural area, and class A trunk road in urban area.
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B). Although similar trends have also been found in other regions of England, London has
experienced the highest percentage decline in LGVs since the operation of the LEZ phase
II. In regards to the non-targeted vehicles from phase I to III, the traffic volume of buses
and coaches (exempt from the LEZ regulation until the LEZ phase IV in early 2012) was
very stable in London but gradually declining in other England regions during 2006 and
2009 (Figure 1.8 Panel C). Nevertheless, cars and taxis driving in London have experienced
a dramatic drop of traffic volume prior to 2008 but a subsequent gradual increase since 2008.
The turning point of 2008 clearly shows a substitution effect toward non-subject vehicles.
In each phase of London’s LEZ, private vehicles are generally not under regulation, but
they keep contributing a considerable amount of traffic emissions. For instance, in 2010 the
emissions from diesel cars contribute 12 percent of the total PM;, and 11 percent of the
total NO,. Petrol cars and taxis contributed 16 and 2 percent of the total PM;y, and 7 and
2 percent of the total NO,, respectively (TfL 2014).

1.7.8  Fuel consumption

Both diesel and petrol vehicles emit particulate matter. The former, however, emit substan-
tially higher amounts of particulate than the latter. To investigate how the LEZ affects the
fuel market, I collect annual fuel consumption data from the United Kingdom Department
of Energy and Climate Change. Figure 1.9 plots the annual aggregate diesel and petrol
consumptions in London. Although petrol consumption gradually declined over years, diesel
consumption continuously rose from 2005 to 2008, even when both phase I and IT were offi-
cially launched. Not until 2009 did the diesel consumption in London start to decline, but
with a compensation of a lower speed of decrease of petrol consumption.

Figure 1.10 shows the annual diesel consumptions for four major types of diesel vehicles
driving inside London from 2005 to 2010. Diesel cars, which consume over 30 percent of the
total diesel from road traffic sectors, consistently increased their share by roughly 20 thousand
tonnes each year. HGV and LGV each contributed to roughly 25 percent (equivalent to 300

thousand tonnes) of the total diesel consumption every year, making themselves the second
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largest diesel consumer in the traffic sector. The former, however, started to consume 20-25
thousand tonnes diesel more than the latter from 2008, and this gap persisted till the end
of the sample period. Buses, the least diesel contributor among the four, consumed roughly
200 thousand tonnes of diesel each year.

Combining data from traffic low and fuel consumption, we can see a clear trend of
substitution from mid-sized petrol-powered vehicles to heavy-duty or privately used diesel-
powered vehicles. In particular, the fact that diesel fuel consumption in London reached
its peak in the year 2008 largely results from an increasing traffic low of HGVs and diesel
cars. Even after the establishment of the LEZ, diesel cars still experienced an upward trend
of diesel consumption till the end of 2010. Unless an efficient regulation targets at heavily
polluting private vehicles, rising emissions from diesel cars would be a big concern on reducing

air pollution in London.
1.8 Conclusion

In this paper I analyze the environmental impacts of London’s low emission zone. The
preferred difference-in-differences estimation shows no evidence that the air quality in London
has been successfully improved until the most stringent restriction starts to operate. Under
the more stringent restrictions, however, a significant reduction of air pollution occurs only
close to industrial sites instead of major truck roads, possibly due to the differences in vehicle
composition across areas. Combining data from compliance statistics, traffic low and fuel
consumption, I propose that the insignificance of the DID estimators in the less stringent
phases of the LEZ could be caused by a positive externality in other England regions. On the
other hand, only a small percentage of HGVs are affected by the policy and those travelling
inside London may have an intensive usage of roads. For LGV drivers, there is evidence
showing a shift of vehicles toward heavily polluting, non-subject vehicles such as diesel cars.
This substitution effect reinforces the increasing traffic flow of HGVs in the year 2008, serving

as the internal force that drives down the DID estimators toward zero.
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Figure 1.1: London Low Emission Zone Map (Source: Traffic for London)
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Figure 1.2: London Low Emission Zone Signs. (Source: Traffic for London)



TABLES

Table 1.1: London’s Low Emission Zone (LEZ) Timeline

LEZ announcement: May 3, 2007

LEZ scheme Phase 1 Phase 11 Phase 111 Phase IV

Date Feb 4, 2008 Jul, 7, 2008 Oct 4, 2010 Jan 3, 2012

Subject vehicles Heavy goods Light goods Larger vans®, Buses?, Coaches?,
vehicles?, Trucks® vehicles? Minibus/ Heavy goods

vehicles

Emission standard Euro III Furo III Euro III Euro IV

Daily fee £200 £100 £100 £200

Penalty fee £1000, or £500 £500, or £250 £500, or £250 £1000, or £500

if paid within 14 if paid within if paid within if paid within 14

days 14 days 14 days days

Notes: Each phase specifies emission standards for a new group of vehicles while maintaining the emission
requirements from all the previous phases.

a - Heavy goods vehicles, or HGVs, are good vehicles that are greater than 12 tonnes gross vehicle
weight (GVW).

b - Affected trucks are diesel engine vehicles over 3.5 tonnes GVW.

¢ - Light good vehicles, or LGVs, are good vehicles between 3.5 and 12 tonnes GVW.

d - Affected larger vans are diesel engine vehicles between 1.205 and 3.5 tonnes GVW or motor
caravans between 2.5 and 3.5 tonnes GVW.

e - Affected minibuses are diesel passenger vehicles with more than 8 seats (including driver’s seat)
and less than 5 tonnes GVW.

f - Affected busses and coaches are diesel passenger vehicles with more than 8 seats (including
driver’s seat) and more than 5 tonnes GVW.

Source: Transport for London
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TABLES

Table 1.2: Station classification criterion

Station Type

Criterion

Roadside (R) Stations with sample inlets between 1 meter and 5 meters
of the curb of a busy road. Sampling heights are within

2-3 meters of the ground.

Industrial (I) Stations where industrial emissions make an significant
contribution to pollution levels.

Urban Background (U) Stations in urban locations away from major sources of

pollution, broadly representative of town/city-wide back-

ground concentrations, e.g. urban residential areas.

Data source: King’s College London

Table 1.3: Summary statistics

PM10 sample NO2 sample

Variable Mean  Std. Dev. N Mean Std. Dev N
Air pollutant
PMy (ug/m?) 95.664  14.800 131783
NO2 (ng/m?) 46.668 24.684 148162
Station groups
Treated (1=treated) 0.591 0.492 144606  0.649 0.477 162012
Nearby (1=nearby) 0.121 0.326 144606  0.162 0.369 162012
Control (1=control) 0.288 0.453 144606  0.189 0.391 162012
Station Types
Roadside (1=roadside) 0.485 0.5 144606  0.608 0.488 162134
Industrial (1=industrial) 0.121 0.326 144606
Urban background (1=urban)  0.394 0.489 144606  0.392 0.488 162134
Weather conditions
Relative humidity (100%) 0.768 0.103 144523  0.768 0.103 161941
Hours of rain (hours) 3.249 4.392 144606  3.21 4.375 162012
Air pressure (mBar) 1014.651 10.78 144515 1014.718 10.726 161897
Temperature (°C) 11.225 5.769 144571 11.256 5.793 161981
Average wind speed (m/s) 4.238 1.811 144567 4.203 1.788 161975
Maximum wind speed (m/s) 6.772 2.522 144567 6.715 2.486 161975
No rain for 3 days 0.185 0.388 144606  0.187 0.39 162134
Additional covariates
Weekend (1=weekend) 0.286 0.452 144606 0.286 0.452 162012
Holiday (1=holiday) 0.068 0.252 144606  0.068 0.252 162012

Notes: Air pollution data sources are London Air Quality Network (LAQN) and Air Quality England (AQE).

Weather data source is WeatherSpark.
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Table 1.4: Test results of parallel trend assumption

Treated /Nearby Control x> Prob > y*
Panel A: PM,q sample
For treatment effects
Type R and I stations inside LEZ Type U stations inside LEZ 0.11 0.7387
Type R and I stations inside LEZ  Type R and I stations far from LEZ 0.80 0.3713
For spillover effects
Type R and I stations nearby LEZ Type U stations nearby LEZ 0.03 0.8537
Type R and I stations nearby LEZ Type R and I stations far from LEZ 0.25 0.6186
Panel A: NO, sample
For treatment effects
Type R and I stations inside LEZ Type U stations inside LEZ 0.01 0.9351
Type R and I stations inside LEZ  Type R and I stations far from LEZ 0.17 0.6791
For spillover effects
Type R and I stations nearby LEZ Type U stations nearby LEZ 0.01 0.9431
Type R and I stations nearby LEZ Type R and I stations far from LEZ 0.42 0.5161

Notes: Environmental classifications are based on LAQN and AQE.
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Table 1.5: DID Estimation Results of LEZ Treatment Effects

Control as U stations inside  Control as R and I stations

LEZ far from LEZ
O @ B @0 ©)

Panel A: PM10
Treatment effect  0.033 0.035 0.035 0.033 0.040 0.040

(0.042) (0.042) (0.042) (0.034)  (0.035) (0.035)
Stations 39 39 39 37 37 37
Observations 77633 77599 77599 73944 73811 73811
R? 0.107 0.356 0.375 0.049 0.272 0.296
Panel B: NO2
Treatment effect -0.000 -0.000 -0.000  -0.007 -0.004 -0.004

(0.020) (0.020) (0.020) (0.023)  (0.024) (0.024)
Stations 48 48 48 40 40 40
Observations 96292 96248 96248 80160 80037 80037
R? 0.158 0.406 0.445 0.107 0.320 0.361
controls
Year FE Yes Yes Yes Yes Yes Yes
Month FE Yes Yes Yes Yes Yes Yes
Current weather No Yes Yes No Yes Yes
Lagged weather No Yes Yes No Yes Yes
Weekend No No Yes No No Yes
Holiday No No Yes No No Yes

Notes: This table shows the difference-in-differences estimation results based on specification 1.1
using urban stations inside LEZ and non-urban stations far from LEZ as controls, respectively.
In each column, dependent variable is logarithm of daily average PM;jy or NO, reported by each
station. Current weather conditions include the current day’s average relative humidity, hours
of rain, air pressure, average and maximum wind speeds, and an interaction term between daily
average temperature and quarter of year. Lagged weather conditions include previous day’s relative
humidity, hours of rain, air pressure, average and maximum wind speeds, an interaction term
between previous day’s temperature and current quarter, and a dummy variable for no raining for
3 days.

Robust standard errors clustered at station level are in parentheses.

*** Significant at the 1 percent level.

** Significant at the 5 percent level.

* Significant at the 10 percent level.



Table 1.6: DID Estimation Results of LEZ Treatment Effects from LEZ Announcement to Phase 111

Control as U stations inside  Control as R and I stations

LEZ far from LEZ
(1) (2) (3) (4) (5) (6)
Panel A: PM10
Treatment effect of announcement  0.022 0.022 0.022  -0.002 -0.002 -0.001
(0.030)  (0.030)  (0.030) (0.042)  (0.042) (0.042)
Treatment effect of phase 1 0.018 0.038 0.039  0.042 0.064* 0.063*
(0.052)  (0.035)  (0.035) (0.041)  (0.034) (0.034)
Treatment effect of phase 11 -0.023 -0.017 -0.025 -0.022
(0.033)  (0.033) (0.031) (0.036)
Treatment effect of phase III -0.062* -0.030
(0.030) (0.073)
Stations 39 39 39 37 37 37
Observations 77599 77599 77599 73811 73811 73811
R? 0.376 0.379 0.380  0.297 0.299 0.300
Panel B: NO2
Treatment effect of announcement 0.071***  0.070*** 0.070** -0.018 -0.018 -0.018
(0.025) (0.025)  (0.025) (0.033) (0.033) (0.033)
Treatment effect of phase I -0.053**  -0.004 -0.004  0.009 0.051 0.051
(0.024) (0.023)  (0.023) (0.022)  (0.035) (0.035)
Treatment effect of phase 11 -0.058*  -0.050** -0.050 -0.042
(0.023)  (0.023) (0.038) (0.041)
Treatment effect of phase 111 -0.083* -0.076
(0.035) (0.056)
Stations 48 48 48 40 40 40
Observations 96248 96248 96248 80037 80037 80037
R? 0.445 0.446 0.446  0.361 0.361 0.362

Notes: This table shows the difference-in-differences estimation results based on specification 1.2. In each column,
dependent variable is the logarithm of daily average PM;jo or NOs reported by each station. Control variables
include year FE, quarter FE, current and lagged weather conditions, and dummies for weekends and holidays.

Robust standard errors clustered at station level are in parentheses.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.

* Significant at the 10 percent level.
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Table 1.7: Heterogeneous Impact of LEZ Announcement to Phase III on PMiq

Control as U stations  Control as R or I sta-

inside LEZ tions far from LEZ
Roadside Industrial Roadside  Industrial

1) 2) 3) (4)
Treatment effect of LEZ announcement 0.016 0.004 -0.042 0.065
(0.026) (0.082) (0.029) (0.132)
Treatment effect of LEZ phase I 0.048 0.003 0.089** -0.003
(0.035) (0.055) (0.039) (0.077)
Treatment effect of LEZ phase 11 0.001 -0.117 -0.025 -0.067
(0.031) (0.053) (0.034) (0.056)
Treatment effect of LEZ phase 111 -0.046 -0.103** -0.001 -0.112
(0.031) (0.044) (0.093) (0.064)

Stations 34 17 29 8
Observations 67908 33654 58143 15668
R? 0.427 0.484 0.335 0.468

Notes: This table shows the heterogeneous impacts of LEZ on PMjg concentrations. The difference-in-
differences estimation is based on specification 1.2 with dependent variable being the logarithm of daily
average PM;jg. Control variables include year FE, quarter FE, current and lagged weather conditions,
and dummies for weekends and holidays.

Robust standard errors clustered at station level are in parentheses.
*** Significant at the 1 percent level.
** Significant at the 5 percent level.

* Significant at the 10 percent level.



Table 1.8: Robustness Checks: Significance Level

Control as U stations inside LEZ

Control as R or I stations far from

LEZ
station-year type-region NW se station-year  type-region NW se
clustered se  clustered se clustered se clustered se
(1) (2) 3) (4) (5) (6)
Panel A: PM10
Treatment effect of LEZ 0.022 0.022 0.022 -0.001 -0.001 0.000
announcement (0.060) (0.030) (0.025) (0.082) (0.043) (0.032)
Treatment effect of LEZ 0.039 0.039 0.039 0.063 0.063* 0.061
phase I (0.077) (0.035) (0.038) (0.102) (0.034) (0.045)
Treatment effect of LEZ -0.017 -0.017 -0.017 -0.022 -0.022 -0.020
phase II (0.058) (0.035) (0.033) (0.075) (0.037) (0.039)
Treatment effect of LEZ -0.062 -0.062** -0.062* -0.030 -0.030 -0.030
phase III (0.047) (0.030) (0.035) (0.094) (0.078) (0.055)
Observations 77599 77599 77599 73811 73811 73811
R? 0.380 0.380 0.300 0.300
Panel B: NO2
Treatment effect of LEZ 0.070 0.070*** 0.070*** -0.018 -0.018 -0.017
announcement (0.066) (0.025) (0.025) (0.088) (0.024) (0.033)
Treatment effect of LEZ -0.004 -0.004 -0.004 0.051 0.051 0.050
phase I (0.093) (0.022) (0.040) (0.100) (0.034) (0.048)
Treatment effect of LEZ -0.050 -0.050** -0.050 -0.042 -0.042 -0.041
phase II (0.075) (0.021) (0.036) (0.080) (0.044) (0.044)
Treatment effect of LEZ -0.083* -0.083** -0.083*** -0.076 -0.076 -0.076*
phase III (0.048) (0.035) (0.032) (0.069) (0.045) (0.046)
Observations 96248 96248 96248 80037 80037 80037
R? 0.446 0.446 0.362 0.362

Notes: This table provides robustness checks on the significance level based on specification 1.2. Column (1) and (3)
displays results with clustered standard errors at station-year level. Column (2) and (4) cluster standard errors by
station type (roadside, industrial and urban background) and region (London boroughs and districts of UK). Column
(3) and (6) use Newey-West standard errors of up to 20 lags. All columns control for year FE, quarter FE, current

and lagged weather conditions, and dummies for weekends and holidays.

*** Significant at the

1 percent level.

** Significant at the 5 percent level.

* Significant at the 10 percent level.
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Table 1.9: Robustness Checks: Extreme Outliers

Control as U stations inside LEZ Control as R and I stations far
from LEZ
station-year type-region NW se station-year  type-region = NW se
clustered se  clustered se clustered se clustered se
(1) (2) (3) (4) (5) (6)

Panel A: PM10
Treatment effect of LEZ 0.021 0.021 0.021 0.006 0.006 0.008
announcement (0.059) (0.026) (0.024) (0.081) (0.041) (0.031)
Treatment effect of LEZ 0.045 0.045 0.045 0.061 0.061* 0.058
phase I (0.077) (0.033) (0.036) (0.105) (0.033) (0.045)
Treatment effect of LEZ -0.023 -0.023 -0.023 -0.003 -0.003 -0.002
phase 11 (0.059) (0.035) (0.031) (0.078) (0.040) (0.038)
Treatment effect of LEZ -0.055 -0.055* -0.055 -0.015 -0.015 -0.015
phase III (0.047) (0.029) (0.035) (0.085) (0.068) (0.051)
Observations 73550 73550 73550 69962 69962 69962
R? 0.362 0.362 0.272 0.272
Panel B: NO2
Treatment effect of LEZ 0.075 0.075*** 0.076*** -0.022 -0.022 -0.021
announcement (0.068) (0.025) (0.026) (0.087) (0.023) (0.033)
Treatment effect of LEZ -0.007 -0.007 -0.007 0.048 0.048 0.046
phase I (0.093) (0.021) (0.040) (0.099) (0.030) (0.048)
Treatment effect of LEZ -0.053 -0.053*** -0.053 -0.032 -0.032 -0.031
phase 1T (0.075) (0.019) (0.036) (0.079) (0.041) (0.043)
Treatment effect of LEZ -0.077 -0.077** -0.077** -0.065 -0.065 -0.065
phase 111 (0.049) (0.032) (0.033) (0.070) (0.044) (0.046)
Observations 91191 91191 91191 75830 75830 75830
Rr? 0.410 0.410 0.329 0.329

Notes: This table displays the difference-in-differences estimation results using observations below the 95 percentile of station
level pollution distribution. All columns control for year FE, quarter FE, current and lagged weather conditions, and dummies
for weekends and holidays.

*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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Panel B: Treated and outside stations

A

Station locations
Treated Nearby
= Roadside 4 Roadside
= Urban Background 4  Urban Background
= [ndustrial

Figure 1.3: Geographical locations of sample stations

Notes: Panel A shows geographical location of 37 monitoring stations located in South East, North West,
East of England, and Yorkshire and The Humber. Panel B shows geographical location of 39 treated stations
inside Greater London. All the stations inside London locate within the low emission zone as well.
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Panel A: PM10 - Roadside Panel B: PM10 - Industrial
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Figure 1.4: Probability density functions of daily average PM10

Notes: This figure shows the daily average PM;g and NOy below the station specific 95 percentiles from
2005 to 2010. Data sources: London Air Quality Network (LAQN) and Air Quality England (AQE).
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Panel A: Roadside stations (bandwidth = 0.2)
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Figure 1.5: Lowess smoothed PMiq by type of stations

Notes: This figure shows the locally weighted (lowess) smoothed curves for deseasonalized PMjq in pug/m?
generated by equation (3). In each panel, we choose a bandwidth such that the short-term fluctuations of
particulate matter are visually presented without impairing long-run trend of air quality.



Panel A: Roadside stations (bandwidth = 0.2)
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Figure 1.6: Lowess smoothed NO, by type of stations

45

Notes: This figure shows the locally weighted (lowess) smoothed curves for deseasonalized NOs in ug/m3
generated by equation (3). In each panel, we choose a bandwidth such that the short-term fluctuations of

particulate matter are visually presented without impairing long-run trend of air quality.
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Notes: This figure illustrates the time series non-compliant vehicles to phase I and phase II of the LEZ and
the corresponding compliance rates.
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Table 1.10: DID Estimation Results of LEZ Spillover Effects from LEZ Announcement to Phase III

Control as U stations nearby LEZ

Control as R or I stations far from

LEZ

station-year type-region NW se station-year  type-region = NW se
clustered se  clustered se clustered se  clustered se
() 2) 3) (4) (5) (6)

Panel A: PM10
Spillover effect of LEZ 0.065 0.065 0.065 0.034 0.034 0.035
announcement (0.089) (0.063) (0.041) (0.085) (0.058) (0.039)
Spillover effect of LEZ 0.009 0.009 0.009 0.026 0.026 0.025
phase 1 (0.105) (0.054) (0.058) (0.101) (0.051) (0.056)
Spillover effect of LEZ -0.068 -0.068 -0.068 0.017 0.017 0.018
phase 11 (0.059) (0.055) (0.049) (0.066) (0.035) (0.048)
Spillover effect of LEZ -0.019 -0.019 -0.020 -0.049 -0.049 -0.049
phase III (0.055) (0.079) (0.052) (0.097) (0.093) (0.062)
Observations 15790 15790 15790 26150 26150 26150
R? 0.384 0.384 0.297 0.297
Panel B: NO2
Spillover effect of LEZ 0.040 0.040 0.039 -0.018 -0.018 -0.018
announcement (0.120) (0.040) (0.048) (0.109) (0.038) (0.044)
Spillover effect of LEZ 0.031 0.031 0.033 0.081 0.081 0.081
phase I (0.163) (0.050) (0.074) (0.146) (0.059) (0.068)
Spillover effect of LEZ -0.051 -0.051 -0.052 -0.097 -0.097 -0.097
phase 11 (0.126) (0.060) (0.065) (0.121) (0.067) (0.061)
Spillover effect of LEZ -0.139 -0.139** -0.139** -0.047 -0.047 -0.047
phase 111 (0.090) (0.059) (0.057) (0.095) (0.057) (0.060)
Observations 24025 24025 24025 30241 30241 30241
R? 0.506 0.506 0.304 0.304

Notes: This table displays the difference-in-differences estimation results on the spillover effect of the LEZ. All columns
control for year FE, quarter FE, current and lagged weather conditions, and dummies for weekends and holidays.

*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.
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Table 1.11: Effect of LEZ Non-Compliant Vehicles on Air Pollution in Distant Regions of England

PM10 NO2
All stations Traffic stations  All stations Traffic stations
only only
0 2) 3) (4)

Phase 1
Non-compliant vehicles 0.006* 0.005 0.004 0.004**

(0.003) (0.004) (0.003) (0.002)
Observations 14673 7901 10852 7954
R? 0.323 0.303 0.408 0.409
Phase 11
Non-compliant vehicles 0.005** 0.004 0.003 0.003

(0.002) (0.003) (0.002) (0.002)
Observations 14673 7901 10852 7954
R? 0.324 0.304 0.407 0.409

Notes: This table shows the effect of LEZ non-compliant vehicles on air monitoring stations located far (i.e.
over 10 miles away) from the border of the LEZ. Number of non-compliant vehicles are in thousand units. All
columns control for quarter FE, current and lagged weather conditions, day of week, and a holiday dummy.
Robust standard errors clustered by station in parentheses.

*** Significant at the 1 percent level.
** Significant at the 5 percent level.
* Significant at the 10 percent level.

Table 1.12: Effect of LEZ Compliance Rate on Air Pollution in Distant Regions of England

PM10 NO2
All stations Traffic stations  All stations Traffic stations
only only
0 2) 3) (4)

Phase I
Compliance Rate -0.337* -0.272 -0.228 -0.227**

(0.163) (0.213) (0.139) (0.083)
Observations 14673 7901 10852 7954
R? 0.323 0.303 0.408 0.409
Phase I
Compliance Rate -0.282*** -0.215 -0.125 -0.128*

(0.097) (0.122) (0.097) (0.068)
Observations 14673 7901 10852 7954
Rr? 0.326 0.305 0.408 0.409

Notes: This table shows the effect of LEZ compliance rate on air pollution in distant locations. All columns
control for quarter FE, current and lagged weather conditions, day of week, and a holiday dummy. Robust
standard errors clustered by station in parentheses

*** Significant at the 1 percent level.
** Significant at the 5 percent level.

* Significant at the 10 percent level.
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Appendix of Chapter 1

Table 1.13: Euro emission standards of PM for heavy-duty diesel engines

Stage Date PM (g/kWh)
Furo I 1992 (< 85 kW) 0.612
1992 (> 85 kW) 0.36
Oct 1996 0.25
Furo 11 Oct 1998 0.15
Oct 1999 (EEV? only) 0.02
Furo I Oct 2000 0.10°
Euro IV Oct 2005 0.02
Euro V Oct 2008 0.02
FEuro VI Jan 2013 0.01
Notes: a - EEV refers to enhanced environmentally-friendly vehi-
cles.

b - The standard is 0.13 for engines of less than 0.75 dm?®
swept volume per cylinder and a rated power speed of more than
3000 min~!

ol
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Chapter 2
AIR QUALITY AND HUMAN HEALTH

2.1 Introduction

Air pollution and its health effect have been a longtime concern of the globe. Although the
mechanisms of pollution caused diseases have not been fully explored, many epidemiologi-
cal and socioeconomic studies nevertheless show a strong linkage between the exposure to
air pollution and serious health issues (Samet et al. (1987); Ostro and Rothschild (1989);
Schwartz (1995); Knittel et al. (2011); Janke et al. (2014); Kampa and Castanas (2015)).

Among all age groups, fetuses and infants may probably be the most vulnerable popula-
tion to environmental hazards. Evidence has shown that the potential harm of air pollution
through mother’s channel can start as early as the first week of pregnancy and last till the
birth delivery. In different gestational ages, air pollution may generate different health risks,
including growth restriction, heart defects, and pre-term birth (births of less than 37 weeks)
(Southern California Environmental Report Card, 2008). Infants born with these defects
may have a higher mortality rate in early childhood and at higher risks of many chronic
diseases in their adulthood. Since the birth delivery, direct exposure to air pollution will
hurt infants whose immune system is not fully developed. Later in adolescent and adulthood,
high levels of air pollution may still affect the respiratory system and cardiovascular system,
causing cough, asthma, lung cancer and many other diseases.

This chapter begins with a thorough review of recent literature on air pollution and human
health. T start with an array of epidemiological papers in the early 1990s and head toward
the most recent published papers in health economics literature. I discuss the econometric
issues arising in the earliest papers and show the strategies that later works employ to solve

the identification issues. Using similar techniques, I estimate the impact of four “criteria
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air pollutants” on fetal health using individual-level natality data in the United States from
1991 to 2008. I compare my results with previous studies and discuss the advantages and
disadvantages of my estimation. Lastly, I provide supportive evidence that even though
my estimated results are robust across several dimensions, it is likely biased by maternal

behavioral adjustments.
2.2 Literature

2.2.1 Health Effect of Air Pollution

A leading factor of adverse birth outcomes (e.g. fetal death, low birth weight, infant mortali-
ty, etc.) is environmental threat.! In particular, the relation between air pollution and birth
outcome is gaining interests to researchers in the most recent decades. Wang et al. (1997)
followed pregnant women in selected residential areas of Beijing from 1988 to 1991. They
collect and merge individual birth data with daily sulfur dioxide (SO2) and total suspend-
ed particles (TSP) over the pregnancy periods. The authors’ econometric models include
both linear and logistic regressions, controlling for gestational age, infant sex, birth year,
and mother’s age. According to Wang et al. (1997), high levels of SO2 and TSP during the
third trimester of pregnancy could significantly reduce infant birth weight. Bobak (2000)
and Maisonet et al. (2001), respectively, replicate the analysis using birth data in selected
districts in Czech during 1990-1991 and Northeastern United States during 1994-1996. In
these two analyses, the researchers incorporate a richer set of control variables (e.g., moth-
er’s marital status, education level) to further reduce bias from confounding factors. Besides,
each of the latter two papers studies a slightly different group of air pollutants.? According to
Bobak (2000), there exists a strong association between low birth weight and SO2 exposure,
with the greater impact being reported from the first trimester of pregnancy. Maisonet el

al. (2001) nevertheless estimate that both CO and SO2 adversely affect infant birth weight,

LOther causes may include genetic issues, maternal characteristics, misusage of drugs and many others.

2Bobak analyzes the impact of SO2, TSP and nitrogen oxides (NOx). Maisonet et al. focus on SO2,
carbon monoxide (CO), and particulate matter with diameter less than 10 micrometers (PM10).
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especially during the third trimester.

Several issues arise in these epidemiological studies. First, all of the studies include
gestational age as an independent variable. Gestational age is defined as the length between
the mother’s last menstrual date and the birth delivery, usually measured in total number
of weeks. The gestational age could, however, largely co-vary with the outcome variable of
interest, which in most studies is the infant birth weight. In other words, air pollution in utero
affects birth weight by reducing the length of gestational period, therefore the coefficient for
gestation age already absorbs a large portion of the health effect of air pollution. Including
gestation as a key regressor, one will end up measuring the local variation of birth weight
conditional on fetal age. Strictly speaking, this estimated effect should be referred to as
the impact of air pollution on fetal growth retardation which is broadly understood as the
intrauterine growth restriction (IUGR). The IUGR provides some useful information about
the overall health condition of a fetus. However, it usually occurs when an infant or a
mother has inherent health issues.® This means that the inclusion of gestational age as an
independent variable will very likely lead to selection bias in the estimation results.

Second, the studies are each conducted in selected urban areas over a relatively short
period of time. The cross-sectional structure of dataset omits issues with long-run time
trends but encounters unobservable confounding factors of fetal health across regions. For
instance, the differential birth outcome across residential areas in Beijing may be caused by
water quality differences. Unfortunately, none of these studies control for area (e.g. city,
district or residential areas) fixed effects. Failure to do so may lead to spurious results, or
more specifically, what the estimated coefficients capture are random correlations instead of
causal relations between air pollution and birth outcome.

The third concern in the estimation is the endogeneity issue. Evidence shows that weath-
er conditions during pregnancy may significantly affect women’s fertility and overall health

conditions (Pitt and Sigle (1997); Buckles and Hungerman (2013)). For instance, seasonal

3For instance, pregnant women with high blood pressure, anemia, chronic diseases, substance abuse are
at high risk of IUGR. Fetal factors such as infection and chromosome abnormality may also lead to IUGR.
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diseases such as influenza can usually last for several weeks, increasing the risk of hospi-
talization for pregnant women. Since weather conditions and air pollution can be strongly
correlated, omitting the former will lead to substantial bias in estimates.

The above concerns are largely attenuated in Chay and Greenstone’s (2003a, 2003b)
works which apply a first-differencing method with instrumental variables (IV) to assess the
impact of total suspended particles (TSP) on infant mortality. Both papers employ a quasi-
experimental research design by considering dramatic improvements of air quality induced

by unexpected events. The two papers start with a similar cross-sectional specification
Yet = Tctﬁ + xctle + Ects Ect = Q¢ 1 Uet (21)

where 3. is the infant mortality rate in county c in year t. T,; is the average concentration
of TSPs measured by all monitors in county ¢ in year t. x. is a vector of county-level
observed variables that may affect infant mortality. . is the error term that contains a
county-specific component a, and a random shock u.. The un-observability of a, may cause
omitted variable bias (OVB) since it is likely that E(«.T.:) # 0.

When the counties are observed for at least two periods, the OVB can be removed using

a first-differencing method as follows.
Ayct == ATCtB + A]}Ctlg + Agct (22)

where Wy = Wep — Wep—1, (Wet = Yer, Ter, Ter OF £4). Equation (2.2) differences out the un-
observable component . that does not vary over time. Since AT, and Ae. are less likely
to be correlated, the model can be identified using a standard ordinary least squares (OLS)
method.

Sensible estimation of J requires a substantial variation of T,,. Chay and Greenstone
(2003a) use the 1970 Clean Air Act Amendments (CAAA) as a regulatory intervention that
significantly reduces TSPs in selected counties. Specifically, they estimate the following

equation as a first step to equation (2.2).

ATCt = Aﬂfct(s —|— th'y + A/UCt' (23)
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Here Z. equals 1 if county ¢ has seen a TSPs level above the regulatory threshold before
the implementation of CAAA. Since the legislation is enforced based on the non-attainment
status of each county, the initial regulatory status of the county may serve as an instrumental

variable that affects infant mortality only by sharply reducing the TSPs.

Similarly, Chay and Greenstone (2003b) use the 1981-1982 recession as an exogenous
shock that dramatically drives down the income per capita and TSPs in some counties.
Although the occurrence of recession does not depend upon the pre-existing level of TSPs,
they instead find a strong correlation between changes of TSPs and lagged levels of TSPs
and income per capita. This relationship, though weakens the exogeneity of treatment
assignment, gives the possibility for lagged TSPs and income per capita to serve as instrument

variables, conditional on that they are uncorrelated with changes in infant mortality shocks.

The estimation results of the two papers show that a 1 percent reduction of TSP is
associated with 0.35 to 0.5 percent decline in infant mortality rate. This point estimate
is both significant and robust along various dimensions. Converting to the number of life
saved, the 1970 CAAA regulation has reduced roughly 1300 infant deaths, while the 1981-
1982 recession has reduced roughly 2500 infant deaths.

A big advantage of Chay and Greenstone’s (2003a, 2003b) papers is that they both well
handle the omitted variable bias that commonly arises in cross-sectional studies. In addition,
they include a wide variety of fixed effects (FE) (e.g. county FE, year FE, or state-year FE)
to help further control for the unobservable factors contributing to infant mortality. One
limitation, however, is that both papers ignore the harvesting effect prior to birth.* For
example, infants with higher risk of mortality may have been exposed to severe air pollution
in utero, and the effect of postnatal exposure to air pollution is to shorten the life expectancy.
Meanwhile, the studies are both conducted at county-year level so substantial variations and

heterogeneity of individual characteristics are omitted.

4Instead, the papers consider the harvesting effect after birth. Specifically, they exclude the possibility
that previous (postnatal) exposures to air pollution lead to harvesting in current period, but they ignore
the effect of maternal exposure to air pollution.
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The data limitation gap was shortly filled by an array of studies that obtain individual
birth data on a regional scale. Currie and Neidell (2005) examine the impact of three
“criteria” air pollutants carbon monoxide (CO), particulate matter (PM10) and ozone (O3)
on infant health in California over the 1990s. In this study, a spatial distribution of weekly air
pollution concentrations over zip codes is generated based on the relative distance between
each zip code and the nearest air quality monitor. Comparing with previous literature
that generally uses annual average pollution across all stations within a county, the spatial
assignment of weekly pollution largely improves the precision of pollution measurement. In
regards to the research design, Currie and Neidell (2005) test the following two hypotheses.
First, the postnatal exposure to air pollution has an impact on the risk of infant mortality.
Second, the maternal exposure to air pollution has an impact on the probabilities of fetal

death and low birth weight. Their econometric models are as follows.
Yizt = O{(t) + pztﬁ + Xiztg + Pzt + Y;f (24)

Yizt = pztﬁ + Xizte + szt + Y;E (25)

Equation 2.4 estimates the health effect of postnatal exposure to air pollution. The depen-
dent variable y;.; is the probability of death which equals 1 if the infant ¢ living in zip-code
c died in week ¢ and 0 otherwise. «(t) is the duration spline measured in weeks since the
baby was born.> p,; is the postnatal pollution exposure. X, is a matrix of control vari-
ables including the infant’s health condition at birth, maternal characteristics, and weather
conditions after birth. Similarly, in equation (2.5) the dependent variable y;,, is either the
probability of fetal death or the incidence of low birth weight. p.; is the pollution expo-
sure during three trimesters of pregnancy, and X;,; controls for maternal characteristics and
weather conditions before birth. Both regressions account for zip-month FE ¢,; and year
FE Y.

The results of Currie and Neidell’s (2005) paper show a strong and significant impact

5To account for the fact that older infant has a lower risk of death, the spline has breaks after the 1st,
2nd, 4th, 8th, 12th, 20th and 32nd weeks.
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of postnatal exposure to CO on infant mortality. For every 1 ppm decrease in CO, it is
expected that 18 fewer infant deaths will incur among every 100,000 births. On the other
hand, the exposure to other pollutants have a much smaller impact on infant mortality rate.
Furthermore, the estimated coefficients in equation (2.5) for all three air pollutants in all
trimesters are either insignificant or significant but with wrong sign, suggesting that the
health effect of prenatal exposure to air pollutants may not be acute.’

To further explore the issue, Currie et al. (2009) use individual level birth data in New
Jersey in the 1990s to reexamine the health impact of prenatal exposure to air pollution. This
research further improves the precision of air pollution measurement by assigning mothers’
exact residential addresses to the nearest air quality monitor. Meanwhile, the paper controls
7

for unobservable maternal characteristics by including mother’s fixed effect in the regression.

Their regression model has the following structure.
5=3
Yigmt = Y (D3B3 + w3 y") + Xijmt + Y + @i X Q1 + 6 + Eijims (2.6)

s=1
The dependent variable y;;,,,; indicates the birth outcome (i.e., birth weight in grams, indica-
tor of low birth weight, gestational age, and infant death) for infant ¢ of mother j near mon-
itor m in time ¢. pJ, and w;,, are the average pollution and weather conditions in trimester
s(s =1,2,3), respectively. X;jm¢ is a vector of co-variates including mother’s characteristics
(i.e. age, educational attainment, race, marital status, smoker vs. non-smoker) and infant
characteristics (i.e. multiple birth, birth order, and sex). Additionally, the model contains
a rich set of fixed effects (i.e. year FE Y;, monitor-quarter FE ¢,,; X @Q¢, and mother FE §;)
to eliminate the endogeneity issue.

According Currie et al. (2009), there exists a strong and adverse impact of CO exposure

on newborns, especially during the third trimester. This result extends Currie and Neidell’s

6The results for birth weight and fetal death are not explicitly reported in the paper, but the authors
point out and discuss the insignificance of the coefficients.

"Omitting maternal fixed effects will cause bias to the estimates only if the omitted attributes of mother
is correlated with air pollution exposure during pregnancy. For instance, if a mother’s pollution-protective
behaviors changes substantially during heavy polluting days, the main coefficient of interest will likely be
biased.



29

(2005) findings in California by documenting that maternal exposure to CO consistently
weakens fetal and infant health conditions. In addition, they explore the heterogenous impact
of air pollution and find infants with smoking or older mothers are more negatively affected
by air pollution.

A very closely related group of research focuses on the shocks to air pollution sources.
According to the estimates of National Emissions Inventory (NEI 2011), approximately 52
percent CO emissions come from automobiles. Therefore, it is expected that an effective
regulation on traffic emissions will lead to a substantial improvement of infant health. Mo-
tivated by this logic, Currie and Walker (2011) examine an electronic toll collection system
called E-Zpass on state toll-ways in New Jersey and Pennsylvania. The E-Zpass allows e-
quipped vehicles to drive through the toll lane without making a stop and thus attenuate
both congestion and vehicular emissions. Because E-Zpass was implemented in different toll
plazas at different time, the authors apply the following difference-in-differences strategy to

evaluate the average health benefit brought by the installation of E-Zpass
Yit = & + nﬂt + (PCZt + ﬁj—’lt X Cit + Oth -+ AZzt -+ Y(t) + €4t (27)

with ¢ indicating mother and ¢ indicating time period. The dependent variable is the prob-
ability of premature birth or low birth weight, both are key indicators for infant health at
birth. Dummy variables T;; equals 1 if mother ¢ lives with the closest plaza implementing the
E-Zpass, regardless of the distance between the mother’s residential address and the plaza.
Dummy variable Cj; equals 1 if mother ¢ lives within 2 km of a toll plaza either implement-
ing or not implementing the E-Zpass. The difference-in-differences estimator § picks up any
post-treatment health benefit experienced only by treated mothers (i.e. mothers who have
a toll plaza located within 2 km and implemented E-Zpass) as compared with untreated
mothers (i.e. mothers with the closed plaza implemented E-Zpass but located more than 2
km away, and mothers who live within 2 km of a plaza without implementing E-Zpass). Ad-
ditional controls in Xj;; include mother and infant characteristics. Meanwhile, Z;; includes

indicators for the closest toll plaza and a continuous variable measuring the linear distance
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of a busy road. Year FE and month FE are captured by Y (¢) to absorb any unobservable
long-run trends and seasonality. The robust estimates indicate that traffic congestion is a
key contributing factor of prematurity and low birth weight.

Besides road traffic, another leading contributor to air pollution is industrial emissions.
Lavaine and Neidell (2014) study the effect of energy production on newborns. The paper
uses France strike as a natural experiment that induces a sharp decline of sulfur dioxide
(SO2) emissions from oil refineries. Similarly with Currie and Walker (2011), Lavaine and
Neidell (2014) apply a difference-in-difference estimation with areas nearby refineries being

the treatment group. Specifically,
Yet = T‘t"f_oc"f'ﬂj—'t X Cc+0Xct+5ct (28)

where y. is the infant health measured either as birth weight or gestational age in census
tract ¢ at time t. T} is an indicator for strike period, and C. is an indicator for the census
tract containing an oil refinery. The difference-in-differences coefficient 5 captures variations
of birth outcome occurring only in areas close to a refinery during the strike period. Control
variables in X; include weather conditions and unemployment rate.

Lavaine and Neidell’s (2014) paper builds a close connection between infant health and
SO2 emissions from oil refineries, especially during the third trimester of pregnancy. One
limitation, however, is that the data only provide birth outcome by month. Therefore, all
births in the same month have to be reassigned to the first day of the month with the
pollution and meteorology data aggregated accordingly. Bias will vary depending on the
degree of mismatching between birth outcomes and the fetuses’ exposed air pollution during

the last several weeks before birth.

2.2.2  Air Quality and Human Capital

While many studies explore the health impact of air pollution exposure, a few papers focus
instead on how the adverse health outcome is related to the loss of human capital. Currie

et al. (2009) examine the impact of three “criteria pollutants”, namely CO, O3 and PM10,
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on school attendance using data from over 1500 elementary and middle schools located
in Texas from 1996 to 2001. To identify the causal relationship, they employ a triple-
difference estimation taking into account the systematic differences across schools, years
and periods of attendance. Contrary to pervious studies, this paper utilizes a non-linear
pollution measure consisting of a group of indicators for the percentage of days with pollution
concentrations lying in-between the thresholds of 25%, 50%, 75% and 100% of the air quality
standards suggested by the US Environmental Protection Agency (EPA). This method allows
researchers to analyze both the severity of air pollution and the length of period that an air
pollution level has lasted. Meanwhile, it fully respects the increasing feature of marginal
damage of air pollution by assigning different coefficients to pollution concentrations within
different ranges. Consistent with Currie and Neidell’s (2005) results, Currie et al. (2009)
find that higher levels of CO is significantly associated with higher school absence rates.

A closely related study is conduced by Lavy et al. (2014) on students’ cognitive perfor-
mance after short-term exposures to CO and PM2.5. The study uses data on the standard-
ized test scores for college entrance in Israel. The identification of air pollution’s impact
replies on that the test was held on multiple days at the same location for every student,
therefore including both school and student fixed effects will control for the unobservable,
time-invariant school and student specific factors contributing to cognitive performance. The
research finds that students achieve significantly lower scores on standard tests during days
with either high CO or high PM2.5 concentrations. This evidence indicates that an effective
air quality strategy will not only improve human health, but also increase human capital

and boost productivity.

2.2.8  Fetal Origins Hypothesis and Long-Run Effects of Air Pollution

Scholars have long suspected that a human’s health condition in early childhood and later
adulthood may originate from the period of gestation. Barker (1986) proposed the “fetal
origins” hypothesis that relates many chronic diseases (e.g. heart disease and type II di-

abetes) with prenatal nutrition. The hypothesis triggers many epidemiologic studies later
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on focusing on long-run impacts of pool health in infancy. Bharadwaj et al. (2015) link
birth weight data from all twins in Sweden between 1926 and 1958 with later-life education-
al achievement, earning, insurance status and adult mortality. For each twin ¢ in twin pair
J, Bharadwaj et al. (2015) express the outcome variable y;;; which indicates the persons’

lifetime performance (e.g. logarithm of income) in period ¢ as
Yijt = BeBWij + 0: X5 + N + €45 (2.9)

The coefficient of interest 3; captures the differential impact of birth weight BW;; on the
outcome variable during different stages of life. Control variable Xj;; includes individual
specific characteristics such as educational attainment. The twin fixed effects A\; accounts
for any unobservable twin specific characteristics such as family background.

Bharadwaj et al.’s (2015) paper documents a remarkably strong correlation between
birth weight and lifetime performance in adulthood. For example, heavier infants are found
to more likely be employed, earn a higher wage and be at lower risk of adult mortality up to
their 50s. This finding provides a direct evidence for the fetal origins theory and indicates
that inequality may arise from periods prior to birth.

Based on the above discussions, one may expect that there exists a long-run relationship
between maternal exposure to air pollution and lifetime performance. Although little has
been done to demonstrate this relation so far, future research is needed to provide further
support or critique to this hypothesis. One of the leading challenges, however, is that as the
time goes a person’s behavior and health condition will be affected by many other environ-
mental and social factors, and therefore more and more confounders should be adjusted to
provide statistically unbiased results. To help identify the impact of air pollution exposure
in utero, researchers will need to search for a strong and exogenous event that dramatically
changes air quality in some areas over a short period of time. Taking into account human’s
mobility in later life stages, the impact of fetal exposure to air pollution can be identified
by comparing people living in the same area but experiencing different air qualities in utero

(i.e. either people who were born in the same places but during slightly different periods or
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people who were born in different places) after controlling for a rich set of covariates.

The reviewed literature sheds light on the exposure-response relationship between air
pollution and human health. They fill the gap left by experimental studies and contribute
to the interdisciplinary research on epidemiology, environment economics, public policy and
health studies. With well-built econometric models, they largely reduce omitted variable bias
and attenuate issues related to measurement errors. Nevertheless, most existing literature
estimates the health effect of air pollution at regional scale, while studies using national level
data always encounter problems in the aggregation process. Up to now, there has been no
study providing a national scale estimation on the health impact of prenatal exposure to air
pollution in the United States. In this chapter, I fill the literature gap by combining over
20 million birth data in the US from 1991 to 2008 with county-week level air pollution and
demographic features. For the four “criteria air pollutants” that I analyze, carbon monoxide
(CO) and nitrogen dioxide are found to adversely affect both gestation and birth weight.
The magnitude of the point estimates for CO, however, is much smaller than what has been
estimated in Currie et al.’s (2009) paper.® Besides, ozone (O3) is found to negatively affect
gestation but not birth weight. I find little effect of sulfur dioxide (SO2) on fetal health.

2.3 DModel and Identification Strategy

2.8.1 Baseline

The baseline econometrics model has a similar form with previous literature. For fetus ¢
whose mother j resides in county ¢, the birth outcome ;. (e.g. gestation length, birth

weight) at time ¢ can be expressed as

T=3

Yijet = Z (Br Pt + 6: W) + 0 Xjer + fhijer- (2.10)

=1

8The smaller coefficients could be caused by averaging the point estimates across the entire nation, or the
imprecise assignment of air pollution exposure, or other measurement issues. Chapter 3 discusses one of
the possible reasons and provides a modification to the measurement strategy to overcome the issue.
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P}, represents the average pollution that fetus ¢ experiences in trimester 7, which depends
upon both maternal residential county ¢ and the newborn’s gestational age. W, is a vector of
weather conditions (i.e., daily average precipitation, maximum and minimum temperatures)
in county ¢ during trimester 7. Xjj¢¢ includes fetal characteristics such as gender and birth
order and maternal characteristics such as age, race, Hispanic origin, education level and
marital status. p;e is an idiosyncratic term that may include any measurement errors of

birth outcome as well as random shocks to fetal health.

2.3.2  Omitted Variable Bias and Fized Effects

Estimation based on equation (2.10) likely suffers from omitted variable bias (OVB). Specif-
ically, p;j+ may contain unobservable components co-varying with both air quality and fetal
health. For instance, an outbreak of influenza may strongly affect maternal health condi-
tions during pregnancy, whereas the period of influenza is usually highly correlated with
seasonal air quality. Even after controlling weather conditions in all trimesters, substantial
bias in the the estimated coefficients would still arise because of co-variance between the
still-omitted variables in the error term and the key regressors. To eliminate this concern,
I first decompose p;j into a time specific component A;, a county-time specific component

Net, @ mother-time specific component ¢, and a pure random error €;;e:

Hijet = At + Net + Djet + Eijet- (2.11)

For instance, A; may include an overall improvement of standard of living and 7.; may include
the health effect of business downturns that is likely to be differential across regions. @jq
could be any unobservable family backgrounds (e.g. genetic attributes, mother’s protective
behaviors against environmental risks) that may strongly affect fetal health.

Ideally, coefficient 3, in equation (2.10) can be fully identified by using corresponding

fixed effects to capture \;, n, and gbjct.g This method is valid if multiple incidents are

9The identification relies on the assumption that s, 7.+ and ¢;.+ do not change within groups considered
to pertain that fixed effect. For instance, mothers giving multiple births over a time period may adjust
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observed in each time, county-time and mother-time group. When the group identifier is not
easily detected, researchers have to rely on other control variables to approximate the fixed
effects.

The data used in this study allow me to include most, but not all of the fixed effects.
Specifically, the data neither link each newborn with his or her mother, nor provide any
information on whether the birth is singleton or twin. Because mother’s identifier is unob-
servable, I cannot control for maternal fixed effects ¢;.. Fortunately, for each birth I observe
how many times the mother has visited the health care provider during the pregnancy period.
Including this variable could at least partially compensate the health effect of unobservable
maternal protective behaviors. Additionally, I incorporate county level medium income to
help absorbing the sorting bias.

The revised model takes the following form. Let s index the state of county ¢, the birth

outcome can be expressed as

T=3
yijcst - Z (BTP;t + 67'ch.-91£> + O-Xijcst + )\t + Net + Vst + Qbijt + gijcst' (212)

=1
In specification (2.12), \; is the year fixed effects capturing any trends of fetal health caused
by an overall improvement of standard of living and long-run business cycles. 7. is the
county-year medium income representing the newborn’s family background and mother’s
nutrition intake during pregnancy.'® v, is the state-quarter fixed effects incorporating any
seasonal fluctuations of birth outcome specific to each state. ¢;;; stands for the total number
of mother’s prenatal visits to hospital. The other control variables are the same as in 2.10. In
the preferred specification, I cluster standard errors €.+ by county to allow random health
shocks occurring within each county.

The identification of coefficient 3, relies on substantial variations of air pollution con-

centrations P

T+ 10 a cross-sectional setting with only aggregated data available, a first-

behaviors from one birth to another. In this situation, controlling for maternal fixed effects would still
lead to a bias in estimates.

10Gince income starts to affect fetal health from the date of pregnancy, the year used in 7. is the year of
pregnancy instead of year of birth.
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differencing method (as adopted by Chay and Greenstone (2003a, 2003b)) requires dramatic
air quality changes being experienced by some “randomly selected” counties but not the

1 'When higher frequency (e.g., daily, weekly) air pollution data are available in a

others.
longer time period, simply using the disaggregated data will generate substantial variations
in P, across counties and over time. With the omitted variable bias correctly handled using
various fixed effects, the variations of birth outcome can be attributed to the changes of air
quality over a short period of time for fetuses with the same control variables. Here the
corresponding health effects captured by S, can be interpreted as any fetal health outcomes

induced by local and short-run variations of air pollution.

2.4 Data

2.4.1 DBirth Data

The data used in this study come from differen sources. The birth data are obtained from the
U.S. Centers for Disease Control and Prevention (CDC). The original data contain 50,435,066
newborns between Jan 1, 1991 and Dec 31, 2008. This eighteen-year time period is the longest
period I can consider because air quality data prior to 1990 are not available. After 2008,
mothers no longer report the date of last menstrual period (LMP) so I cannot infer the
infant birthday from the available information. Each observation contains the birth month,
day of week and gestational age (in whole weeks).!? T combine this information with the
mother’s self-reported LMP to derive birth date. The data additionally provide information
on fetal characteristics such as gender, total birth order and live birth order, and maternal
characteristics such as age, race, Hispanic origin, educational attainment and marital status.
For a majority of births, I also observe the number of prenatal visits to hospital during

pregnancy. Dropping observations with missing data on any of these variables leaves me

1Of course, it is very hard to have a purely natural experiment, but with properly defined instrumental
variable Chay and Greenstone obtain a quasi-natural experiment setting.

12Gestational age is considered as the number of weeks from mother’s last menstrual period to the birth
delivery.
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with 31,471,035 births (about 62.4% of the original dataset).

Figure 2.1 Panel A plots the time series monthly average birth weight in the US from
1991 to 2008. Surprisingly, the average birth weight declines from about 3340 grams in
early 1990s to less than 3280 grams in late 2000s.'> The downward trend persists when only
considering the first order births. Figure 2.1 Panel B plots the time series monthly incidence
of low birth weight infants (i.e., infants born less than 2500 grams). Consistent with Panel A,
I find an upward-sloping trend in low birth weight infants starting from less than 7 percent
in 1991 to nearly 8 percent in late 2000s. This long-run change of fetal health may largely
be driven by the overall delay of the first pregnancy for US women. According to the data,
less than 1.5 percent mothers choose to give birth when they are older than 40 in 1991 while
this percentage nearly doubles in year 2005.1* Starting from 2006 and on, the average birth
weight increases gradually from the trough and the incidence of low birth weight infants

declines slightly.

Besides the long-run trend, Figure 2.1 also shows a clear seasonality of birth weight in
each calendar year. Infants born in spring months are roughly 20 grams heavier than those
born in winter months. Currie and Schwandt (2013) examine the influenza prevalence during
the critical period of pregnancy as one source of seasonality of birth weight. Buckles and
Hungerman (2013) further supplement the evidence that women giving birth in different
periods of year generally have different socioeconomic backgrounds such as age, race, edu-
cational attainment and marital status. They explain this differential as partially caused
by the change in fertility pattern induced by climate conditions across mothers with dif-
ferent characteristics. These studies illustrate the importance of controlling seasonality in

identifying the impact of air pollution on fetal health.

13 A similar trend has been found in the average gestational age. In 1991, a typical length from conception
to birth lasted about 39.1 weeks while during 2005 and 2007 the length shortened to less than 38.6 weeks.
See Appendix for the time series figure of average gestation.

14Mothers older than 40 years deliver lighter infants than younger mothers. According to the full sample
with all non-missing mother’s age, I find the average birth weight of infants whose mother is older than
40 years is about 46 grams less than that of infants whose mother is between 25 and 30 years.
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Figure 2.2 plots the average birth weight of newborns at different gestational ages. The
full sample contains 70,731 (about 0.67 percent) infants delivered between 17 weeks and 27
weeks of gestation. These infants do not yet enter the third trimester of pregnancy and are
at extremely high risk of early childhood death and lifetime disabilities.'® After 28 weeks of
gestation, male infants start to show slightly higher birth weights than female infants. This
gender differential exacerbates as infants grow to up to 40 weeks and stays roughly constant
thereafter. For both genders, 40-weeks is the ideal gestational age that generates the highest
average birth weight of about 3350 grams. After 40 weeks, birth weight declines gradually
with longer gestations.

Figure 2.3 Panel A and Panel B plot the average gestation length and average birth
weight, respectively, for male versus female fetuses with mothers at different ages. In general,
female fetuses experience a slightly longer gestation than male fetuses, although the latter
can be up to 110 grams heavier than the former at birth delivery. On the other hand,
both genders experience the longest gestation if the mother is between 20 and 30 years old.
Nevertheless, mothers about 30 years old deliver substantially heavier babies than mothers
in other age groups regardless of the baby’s gender. This is probably because in general,
mothers in their early 30s have a better health condition than those in their 40s. At the same
time, the former are also likely to have a higher income level to support nutrition intakes
than mothers in their early 20s.

Figure 2.3 also shows very noisy average gestation length and birth for mothers below 15
years old and above 45 years old. The sharp variations can either reflect the measurement
errors in dataset or be caused by the very small sample size (only 0.25 percent observations
fall in these age groups). To maintain a sample with high data quality, I focus on fetuses
with mothers between 15 and 45 years old at the time of birth.

Figure 2.4 plots the average gestation and birth weight by race for fetuses with mothers

at different ages. Within the same age group, fetuses with white mothers consistently have

15Tn fact, the lowest birth weight associated with these extremely pre-term infants is 227 grams. This
implies that the infant is most likely born dead.
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about 0.6 week longer gestations than those with black mothers. Meanwhile, the former
weigh approximately 200 grams more than the latter. This racial disparity may originate
from the differences in socioeconomic backgrounds such as income, educational attainment

and accessibility to health care providers across white and black mothers.

2.4.2 Air Pollution Data

I combine the birth data with air pollution data obtained from the U.S. Environmental Pro-
tection Agency (EPA). I focus on four “criteria pollutants” carbon monoxide (CO), nitrogen
dioxide (NO2), ozone (0O3) and sulfur dioxide (SO2) because EPA provides high frequen-
cy data on these pollutants.!® Some of these pollutants, such as CO and O3, have been
studied in previous literature (Currie and Neidell (2005), Currie et al. (2009), Janke et al.
(2009), Knittel et al. (2011) and Coneus and Piess (2012)). However, the results are not
very consistent, and most studies in the US use regional instead of national data. Thus it
is interesting to see whether the results can be reproduced using individual level natality
data at US national scale. Meanwhile, the other pollutants such as NO2 and SO2 have
rarely been analyzed before. Understanding their health impacts will provide guidelines for
government policymakers to establish optimal environmental regulations to better protect
fetal development.

I obtain 1-hour pollution concentration data for CO, NO2 and SO2 from over 500 stations
located in almost all states in the United States. For O3, I obtain 8-hour block average
pollution concentrations from over 1000 stations in all US states. These high-frequency data
are first used to generate the county-day average pollution levels. To create a balanced
panel with high data quality, I drop counties containing more than 5 percent missing daily

observations from 1990 to 2008.17 For the remaining counties, I linearly interpolate the gaps

16 Another pollutant of interest is PM10. However, because PM10 is only reported every 6 days I do not

include it in this paper.
17T start collecting pollution data 1 year before the starting year of birth data to gather full information

on the fetal exposure to air pollution during whole period of pregnancy.
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in dates using the nearest two observations. This strategy largely increases the number of
counties included in the study without over-manipulating the data. From daily observations,
I then generate weekly average pollution levels and drop counties with missing observation
in any week.

Table 2.1 provides summary statistics for the county-week air pollution from 1990 to 2008.
Under current air quality legislations, all the pollutants considered have a 95 percentile of
the weekly average distribution below the EPA primary standards.'® Nevertheless, each of
the pollution distributions is highly left-skewed, and the maximum weekly average O3 and

SO2 are both above the EPA standards.

2.4.8 Weather and Demographic Data

Following previous literature, control variables in the study include weather conditions and
demographic features that are likely to influence fetal health. The weather data are obtained
from the U.S. National Centers for Environmental Information (NCEI) in the National O-
ceanic and Atmospheric Administration (NOAA). I collect data on the average daily pre-
cipitation, maximum and minimum daily temperatures from all counties with at least one
air pollution station. The daily observations are then converted to weekly means at county
level. To handle missing observations and reserve the largest possible sample size, I first lin-
early interpolate the the missing values if the two neighboring observations are non-missing.
The remaining missing values are then imputed using the state-week averages obtained from
all stations with non-missing data in that state. These strategies ensures that the sample
contains no missing data in maximum and minimum temperatures and only 0.04 percent
9

missing data in average precipitation.’

Finally, I collect county-year medium income data from the Small Area Income and

18The EPA primary standards are established to protect both normal and sensitive populations against
environmental harm. See Chapter 3 Table 3.2 for a summary of current air quality standards

19When the data are later converted to trimester level based on the fetus’ gestational age, no missing value
exists in the sample.
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Poverty Estimates (SAIPE) provided by the U.S. Census Bureau. The SAIPE combines
survey data and administrative records in estimating the annual income and poverty level
for each county. Prior to 2005, the survey data used in SAIPE was the Annual Social and
Economic Supplements of the Current Population Survey, while since 2005 the American
Community Survey (ACS) has been used. The SAIPE reports county-year medium income
in years 1989, 1993, 1995 and every year thereafter. I linearly impute the values of the

missing years using the neighbouring two years’ data for each county.

The matching process between the birth data and the pollution-weather-income data
takes the following steps. First, based on the maternal residential county and the (imputed)
infant date of birth, I assign each birth with past weekly air pollution concentrations and
weather conditions up to the gestation length. Next I generate average pollution concentra-
tions and average weather conditions during the first (i.e., 0-12 weeks), second (i.e., 13-27
weeks) and third trimesters (i.e., 28 weeks till birth delivery). I exclude fetuses shorter than
28 weeks of gestation since their zero exposure to air pollution during trimester I1I will likely
bias our estimates. Lastly, I merge the resulting dataset with county medium income based

on the mother’s residential county and the year of pregnancy.?

Because an air monitoring station may report some but not all of the air pollutants,
the matching process generates four data sets, each for a specific air pollutant. Figure
2.5 illustrates the county locations for the four matched data sets. The birth-CO dataset
contains 130 counties located in 38 states. The densest stations locate along the coastal
areas of California and New Jersey. The latter also sees a 4.8 percent higher weekly average
CO than the national level. The birth-NO2 dataset contains 86 counties in 27 states. It
has the smallers sample size among all the samples, however the stations reporting NO2
are relatively sparsely located, and less than 0.01 percent county-level hourly NO2 data

exceeds the national 1-hour limit. The birth-O3 dataset contains 143 counties in 23 states,

20T use the county medium income in the year of pregnancy instead of the year of birth delivery because
the former is more likely to indicate mother’s behaviors (e.g. nutrition intake) during the entire pregnancy
period.
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with the densest counties concentrating in California, New Jersey and mid-Illinois. Roughly
0.072 percent (0.058 percent) observations in these three states (other states) see an 8-hour
average O3 exceeding the US national limit. The birth-SO2 dataset contains 185 counties in
41 states, with the majority of counties locate in the eastern regions of US. Approximately
0.02 percent county-level observations for hourly SO2 are above the national 1-hour limit.
Counties located very close to each other may share some similarities in air quality, climate
conditions and demographic features. A variance comparison test, for instance, shows we
can be 100 percent confident that the instate weekly CO in California has a smaller variance
than the cross-state CO.

Table 2.2 provides summary statistics for fetal and maternal characteristics in each
matched data set. For births delivered between 1991 and 2008, the average pregnancy length
for women between 15 and 45 years old is approximately 38.8 weeks in counties with avail-
able air quality information. The average birth weight of infants is about 3315 grams, with
male infants weighing roughly 110 grams heavier than female infants of the same gestation.
The average age of mothers when giving birth is about 27 years old, although on average
women may choose to have more than two babies (over 85 percent of these babies survive
at birth) over their life time. Roughly 65 percent women are married when a baby is born,
and the marriage rate is substantially higher among more educated women (e.g. about 83
percent women with some post-graduate education are married when giving birth). During
the entire pregnancy period, mothers visit the prenatal health care provider about 11 times,
and older and more educated women receive health care more than the younger and less

educated women.

2.5 Estimation Results

2.5.1 Main Results

Table 2.3 presents the estimation results for CO based on regression 2.12. The outcome

variable is either the length of gestation in whole weeks (in columns (1) to (3)) or birth
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weight (in columns (4) to (6)). With each outcome variable, the simplest regression includes
only year fixed effects and state-quarter fixed effects. The middle column in each section
additionally controls for fetal characteristics (sex, total birth order and live birth order)
and maternal characteristics (age, race, Hispanic origin, education and marital status). The
richest model includes all the previously-controlled covariates and an additional vector of
county medium income, mother’s total number of prenatal visits, and weather conditions
(average daily precipitation, minimum and maximum temperature) over three trimesters of
pregnancy.

As Table 2.3 shows, the estimates are substantially higher in the simplest model when
only fixed effects are accounted. Incorporating fetal and maternal characteristics absorbs
nearly half of the estimated coefficient on air pollution. Additionally controlling weather,
income and prenatal visits further reduces the estimates, possibly due to maternal behavioral
adjustments against air pollution. Under the richest model, fetuses are negatively affected
by CO during the first and third trimesters. A 1 ppm increase of CO in the first trimester
is expected to shorten the gestation by 0.034 week and decrease birth weight by 5.3 grams.
Similarly, a 1 ppm increase of CO in the last trimester will (insignificantly) decrease gestation
by 0.008 weeks and significantly lower birth weight by 8 grams. These point estimates are
smaller in magnitude but more significant than proposed by previous studies (Currie et al.
(2009)). One possible reason is that I use county average air pollution to approximate the
air pollution measured at the exact residential address of mothers. Using the former will
tend to smooth out any acute health effect induced by sharp fluctuations of air pollution.
Meanwhile, since the model cannot fully control for maternal protective behaviors, the point

estimates presented here will likely be the lower bound of the true impact.

Similarly with previous studies (Currie and Neidell (2005); Currie et al. (2009)), I got
positive point estimates for the air pollution’s impact during the second trimester. Moreover,
both the significance level and the magnitude of coefficient are slightly higher in this study. It
is hard to find out any biological explanation for this, but from the econometrics perspective

the wrong-signed coefficient does not necessarily indicate that more pollution in the second
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trimester will benefit fetuses. It is possible that mothers take special care of fetuses and
avoid outside activities during heavily polluting days. These behavioral adjustments may
lead to a positive coefficient in the second trimester which should not be attributed to air

pollution. Section 2.6 provides supportive evidence for this argument.

Table 2.4 displays the estimation results for NO2. Similarly with Table 2.3, accounting
for fetal and maternal characteristics as well as weather, income and prenatal care absorbs
most of the variations of health outcome. Using the preferred richest model, I find that every
10 ppb increase in NO2 in the third trimester will statistically significant decrease gestation
by 0.018 week and birth weight by 7.6 grams. The point estimates over the first and second
trimesters are insignificant for both outcome variables, although the negative coefficients
during the first trimester are considerably larger than the positive coefficient during the
second trimester. This study is among the first few literature that focuses on the health
impact of NO2, and the result indicates that an effective regulation on NO2 is expected to

bring health benefits to future generations.

Table 2.5 presents the estimation results for O3 based on regression 2.12. A 0.01 ppm
increase in O3 over trimesters II and III is estimated to shorten the gestation length by
0.015 and 0.021 week, respectively. However, there is no evidence that O3 would cause a
significant change of birth weight. This result is in conflict with Currie et al.’s (2009) finding
which documents a slightly significant impact of O3 on birth weight but not on gestation.
Besides the previously discussed behavioral adjustment issue, another possible reason for
this disparity is that the ground level average O3 over each trimester is too low to capture
the health effect.?! In other words, taking the average of O3 over the three months period
for each trimester will likely smooth out the peaks and troughs of air pollution that fetuses

might respond to and drive down the estimates toward zero.

Table 2.6 displays the regression results for SO2. Under the richest model, I find that

21From 1990 to 2008, the national average O3 has been reduced by roughly 16 percent and the 90 percentile
of O3 has been reduced by as much as 20 percent. See https://www3.epa.gov/airtrends/ozone.html
for more details.
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every 10 ppb increase in SO2 in the first trimester will reduce gestation length by roughly
0.03 week. Similar with that for CO, the coefficient for the impact of SO2 in the second
trimester on gestation is wrong-signed and significant. In the later section I show that the
positive coefficient for SO2 in Table 2.6 column (3) is caused by the same reason as that for
CO in Table 2.3 columns (3) and (6), and even though both coefficients are highly significant
we cannot safely argue that air pollution during the second trimester will help improving
fetal health.

The estimated effects of fetal and maternal characteristics on birth outcomes all have
expected signs. Specifically, female fetuses on average enjoy a roughly 0.12 week longer
gestation but are in general 112-115 grams lighter than male fetuses, holding other factors
constant. Higher ordered births, regardless of gender, are expected to have both a shorter
gestation and a lower birth weight, although the fact that the previous births are live would
increase the chance that the newly-born babies are of normal weight. On the other hand,
older mothers in general have a shorter gestational length than younger mothers. However,
the former deliver infants of roughly the same weight as the former. Fetuses with unmarried
mothers are also more likely to experience a shorter gestation by about 0.07-0.08 week and a
lower birth weight by 45-52 grams. In all samples, mother living in wealthier counties deliver
substantially heavier babies, and mothers who visit prenatal health care more during the
pregnancy period see significantly better birth outcomes even with the same level of county

medium income.

2.5.2 Robustness Checks

The estimation results shown in section 2.5.1 are robust along several dimensions. First, I
consider the possibility that omitted weather variable may bias the estimates. For instance,
daily hours of sunshine and wind speed can be correlated with both air pollution concen-
trations and maternal health condition. To account for this issue, I collect data from NCEI
at NOAA on the daily average sunshine and wind speed over three trimesters and combine

them with the birth sample. Table 2.7 columns (1) and (4) displays the estimation result-
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s including these additional weather variables. The missing data from sunshine and wind
speed reduce the sample size by 25 to 30 percent. With the remaining non-missing data,
I find that most estimates stays relatively consistent with those presented in the preferred
specification. However, there exist two exceptions. First, the impact of CO in the first and
third trimesters are adjusted. Among the four analyzed air pollutants, CO is the only one
lighter than air. Therefore the originally omitted wind speed may be strongly correlated
with CO concentration. Nevertheless, the estimated overall impact of CO during the whole
pregnancy maintains roughly the same when including both sunshine and wind speed in the
regression. Second, the impact of O3 in the second trimester on gestation length nearly
doubles. This can be explained by the fact that O3 is formed by the chemical reactions of
different pollutants (e.g., nitrogen oxides (NOx), volatile organic compound (VOC)) with the
help of sunshine. When omitting hours of sunshine, the negative impact of hazardous ozone
on sunny days will likely be offset by the positive health impact produced by sunlight (e.g.,
more vitamin D produced), driving the estimate towards zero. This slight bias from omitted

sunshine, nevertheless, does not persist with dependent variable being the birth weight.

Second, I am concerned with the health effect of omitted parental attributes and genetic
factors. In particular, biological and medical studies have shown that paternal genes and
certain characteristics may contribute to birth outcomes (Little and Sing 1987; Griffiths et
al. 2006; Taiwo and Akinde 2012). Even though the paternal impact may not be as strong
as maternal impact, there is a potential threat of bias if the omitted paternal attribute is
correlated with air pollution. Unfortunately, the sample contain limited information on the
paternal side, and none of the observed variables could provide any information on paternal
genetic attributes (e.g. height, weight). Based on the available information, I include father’s
age group (i.e., under 15, 15-19, 20-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, and 55-98
years), race and Hispanic origin in the regressions shown by Table 2.7 columns (2) and (5).
A naive estimation indicates that the fetal exposure to air pollution is significantly related
to these paternal features, therefore including them in the regression serves as a robustness

check for the omitted variable bias. Nevertheless, I find little change in the coefficients when
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paternal attributes are accounted.

Finally I consider possible correlation of random errors across counties. For instance, an
influenza outbreak occurring in one county may also affect residents in surrounding counties.
Table 2.7 columns (3) and (6) allow this possibility by clustering standard errors at state
instead of county level. This modification causes a slight adjustment to the magnitude of
standard errors, but almost all of the estimates stay consistent with those in the preferred

specification.

2.6 Discussion and Supportive Evidence

The main results presented in Tables 2.3 and 2.6 show surprisingly wrong-signed and signif-
icant coefficients for the health impacts of CO and SO2 in trimester II. As noted in section
2.5.1, this positive sign does not necessarily indicate a beneficial impact of these pollutants.
Specifically, unobservable maternal protective behaviors against air pollution may lead to
the opposite sign of coefficient. While it is infeasible to include mother fixed effects to al-
leviate this bias, we may instead examine whether the positive sign persists when a more
homogenous sample of mothers is considered.

Table 2.8 displays the estimation results for all full-term babies (> 37 weeks and < 42
weeks of gestation). Surprisingly, all of the previously positive and significant coefficients
become insignificant, and some of them even become negatively signed. I further perform
similar analysis (not shown here) with pre-term (< 37 weeks and >= 28 weeks) and post-
term (> 42 weeks) babies and find that the positive coefficients only occur among pre-term
babies. Furthermore, the data show that mothers who have pre-term and extremely pre-
term babies tend to visit prenatal care more frequently than those having full-term babies.??
This supportive evidence implies that mothers with pre-term babies may have been informed

by their prenatal care provider of the fetal health conditions (especially during the second

22Mothers with infants born between 28 and 36 weeks of gestation visit prenatal care 0.3 time per week
(with a maximum being 1.75) while mothers with infants born at least 37 weeks visit prenatal care 0.29
time per week (with a maximum being 1.32).
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trimester when fetal development can be easily detected). Therefore it is highly likely that
mothers will take special care of their babies and avoid been exposed to environmental

hazards when the perceived air pollution concentration is high.

2.7 Conclusion

In this chapter, I review the previous literature on the topic of air pollution’s impact on hu-
man health and human capital. These interdisciplinary studies benefit from precise datasets,
advanced measurement methods and well-built econometric models. They reduce measure-
ment errors and omitted variable bias by adopting pollution distribution measurements,
controlling for possible confounders and employing various fixed effects. Applying similar
methods and combining data from over 20 million births in the US from 1991 to 2008 with
county-week level air pollution, weather and demographic features, I estimate the impact of
four “criteria air pollutants” on fetal health. According to the estimation results, gestation
length is strongly affected by CO, NO2 and O3 especially during the third trimester. During
the second trimester, maternal act of protecting likely pre-term babies against air pollution
have led to a wrong signed coefficient for CO and SO2.

On the other hand, CO and NO2 are found to strongly affect infant birth weight especially
during the first and last trimesters. Their impacts are even higher on full-term babies between

37 and 42 weeks of gestation. I do not find any adverse impact of O3 and SO2 on birth weight.
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FIGURES

Table 2.1: Summary statistics of air pollution

N

Percentiles

10 30 50 60 70 80 90 95
CcO (ppm) 0.74 0.44 0.30 046 064 0.74 0.86 1.02 1.30 1.59 128440
NO2 (ppb) 16.44 8.02 7.14  11.60 15.34 1742 19.79 22.73 27.07 30.94 86944
O3 (ppm)  0.027 0.011 0.013 0.020 0.026 0.029 0.032 0.035 0.041 0.045 141284
SO2 (ppb) 5.25 4.71 1.01 2.3  4.12 5.11 6.33 8.00 10.73 13.40 182780
This table provides summary statistics for the county-week average CO, O3 and SO2 in the U.S. from 1991 to 2008.
Number of counties are 130 for CO, 143 for O3 and 185 for SO2.

Pollutants Mean Std. Dev.
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Figure 2.1: Time series monthly average birth weight and incidence of low birth weight infants

Notes: Panel A of this figure plots the monthly average birth weight in the United States from 1991 to 2008.
Panel B of this figure plots the monthly average incidence of low birth weight infants (i.e., less than 2500
grams at birth) in the United States from 1991 to 2008.
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Figure 2.2: Average birth weight at each gestational age

Notes: This figure plots the average birth weight at each gestational age by sex in the U.S. from 1991 to
2008.
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Figure 2.3: Average gestation length and birth weight at each age of mother (by fetus gender)
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Notes: Panel A of this figure plots the average gestational age for male and female babies at different
maternal ages between Jan 1, 1991 and Dec 31, 2008 in the U.S.. Panel B of this figure shows the average
birth weight for male and female babies at different maternal ages between Jan 1, 1991 and Dec 31, 2008 in

the U.S..
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Figure 2.4: Average gestation length and birth weight at each age of mother (by mother’s race)

Notes: Panel A of this figure plots the average gestational age for babies with white versus black mothers at
different maternal ages between Jan 1, 1991 and Dec 31, 2008 in the U.S.. Panel B of this figure plots the
average birth weight for babies with white versus black mothers at different maternal ages between Jan 1,
1991 and Dec 31, 2008 in the U.S..
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Figure 2.5: Location of counties with air pollution stations

Notes: This map shows the location of counties for each matched dataset between natality and air pollution.
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Variable CO sample NO2 sample 03 sample SO2 sample
Mean Std. Dev.  Mean Std. Dev.  Mean Std. Dev. Mean Std. Dev.
QOutcome variables
Birth weight 3314.484  590.724 3315.346 592.253  3315.292 585.967 3311.574 595.493
Gestational age 38.827 2.533 38.835 2.549 38.824 2.527 38.816 2.556
Infant characteristics
Male 0.511 0.5 0.511 0.5 0.511 0.5 0.511 0.5
Live birth order 2.061 1.226 2.081 1.242 2.071 1.223 2.063 1.222
Total birth order 2.405 1.497 2.402 1.496 2.395 1.478 2.418 1.502
Mother characteristics
Married 0.650 0.477 0.633 0.482 0.65 0.477 0.639 0.48
Age 27.421 6.125 27.365 6.157 27.318 6.141 27.408 6.106
Mexican 0.234 0.423 0.278 0.448 0.291 0.454 0.199 0.4
Puerto Rican 0.016 0.125 0.017 0.128 0.013 0.115 0.022 0.146
Cuban 0.003 0.059 0.004 0.06 0.004 0.064 0.002 0.048
Central or South American 0.041 0.198 0.048 0.214 0.042 0.201 0.043 0.202
Other/Unknown Hispanic 0.015 0.122 0.012 0.11 0.019 0.136 0.011 0.106
Non-Hispanic White 0.467 0.499 0.403 0.491 0.421 0.494 0.489 0.5
Non-Hispanic Black 0.150 0.357 0.165 0.371 0.134 0.340 0.173 0.378
Non-Hispanic other races 0.074 0.262 0.073 0.261 0.076 0.265 0.060 0.238
0-8 years education 0.081 0.272 0.096 0.295 0.093 0.291 0.074 0.262
9-11 years education 0.168 0.374 0.179 0.383 0.177 0.382 0.167 0.373
12 years education 0.301 0.459 0.303 0.459 0.303 0.460 0.308 0.462
13-15 years education 0.211 0.408 0.202 0.402 0.208 0.406 0.215 0.411
16+ years education 0.239 0.426 0.22 0.414 0.219 0.414 0.236 0.425
Other variables
# prenatal visits 11.392 4.059 11.418 4.1 11.422 4.117 11.401 4.068
Precipitation (1st trim.) 23.441 33.176 22.24 17.277 21.834 33.589  25.004 32.939
Precipitation (2nd trim.) 23.471 32.131 22.135 16.497 21.87 32.324  25.056 31.228
Precipitation (3rd trim.) 23.257 32.874 21.941 17.697 21.66 33.416  24.807 32.365
Max temperature (1st trim.) 210.772 94.949  211.178 79.444  225.788 88.563  203.28 95.398
Max temperature (2nd trim.)  210.702 94.66 212.537 76.613  225.701 88.212  203.231 95.003
Max temperature (3rd trim.) — 209.404 95.828 213.06 81.314  224.296 89.801  201.896 96.217
Min temperature (1st trim.) 93.259 85.313 94.066 70.281  105.741 81.288  89.203 86.155
Min temperature (2nd trim.) 93.180 85.057 95.201 67.805  105.643 80.972  89.144 85.795
Min temperature (3rd trim.) 92.593 85.048 96.331 70.807  104.941 81.19 88.535 85.836
County medium income 46603.209 9147.637 46148.631  9952.382 46920.531  9789.593 46041.6 9440.093
N. of counties 130 185
N. of obs. 23543770 16248562 19958422 19123575

This table provides summary statistics for the matched data sets between birth and air-pollution-weather-income from 1991 to 2008. I drop the
observations falling in either of the following groups: 1. with missing data in birth weight, gestational age, (induced) birth date (using mother’s
date of last menstrual period (LMP)), fetal characteristics, maternal characteristics or number of prenatal visits; 2. with mothers younger than
15 years or older than 45 years. The total numbers of observations do not reveal missing data in weather or demographic variables. This table
includes fetuses born prior to the 28th week of gestation, but when running regressions those fetuses are excluded.



Table 2.3: Effect of Average Carbon Monoxide in Three Trimesters on Fetal Health

Dep. var = gestation Dep. var = birth weight
M @) ) @ ) (©)

Trimester I -0.071**  -0.057*  -0.034"* -19.268** -9.171** -5.347*

(0.013) (0.012) (0.012) (3.867) (2.720) (2.803)
Trimester I1 0.047***  0.051***  0.049*** 9.675**  12.501™*  6.053***

(0.013) (0.013) (0.012) (2.551) (1.856) (1.740)
Trimester 111 -0.027** -0.011 -0.008  -27.837*** -16.433*** -7.973***

(0.013) (0.012) (0.017) (3.977) (2.710) (2.951)
Controls
Year FE Yes Yes Yes Yes Yes Yes
State-quarter FE Yes Yes Yes Yes Yes Yes
Fetal characteristics No Yes Yes No Yes Yes
Maternal characteristics No Yes Yes No Yes Yes
Weather No No Yes No No Yes
County medium income No No Yes No No Yes
# prenatal visits No No Yes No No Yes
Observations 23396133 23396133 23379600 23396133 23396133 23379600
Rr? 0.007 0.018 0.026 0.007 0.050 0.055

This table shows the estimation results for the effects of average CO during three trimesters on fetal health.
The sample is restricted to births of at least 28 weeks in gestation. Fetal characteristics include sex, total
birth order and live birth order. Maternal characteristics include age, race, Hispanic origin, education and
marital status. Weather conditions include average precipitation, maximum and minimum temperatures
over three trimesters.

Robust standard errors clustered by county in parentheses.

“p< 0.1, p<0.05 ** p< 0.0l



Table 2.4: Effect of Average Nitrogen Dioxide in Three Trimesters on Fetal Health

Dep. var = gestation Dep. var = birth weight
M @) ) @ ) (©)

Trimester I -0.037*  -0.027* -0.009 -9.599***  -4.145* -2.418

(0.006) (0.006) (0.008) (2.137) (1.522) (1.690)
Trimester I1 0.005 0.009*** 0.004 2.633* 4.373** 0.674

(0.004) (0.003) (0.005) (1.528) (1.218) (1.259)
Trimester 111 -0.026**  -0.015**  -0.018* -17.805*** -11.203*** -7.580***

(0.004) (0.004) (0.008) (1.886) (1.359) (1.575)
Controls
Year FE Yes Yes Yes Yes Yes Yes
State-quarter FE Yes Yes Yes Yes Yes Yes
Fetal characteristics No Yes Yes No Yes Yes
Maternal characteristics No Yes Yes No Yes Yes
Weather No No Yes No No Yes
County medium income No No Yes No No Yes
# prenatal visits No No Yes No No Yes
Observations 16143617 16143617 16127084 16143617 16143617 16127084
Rr? 0.006 0.017 0.025 0.007 0.050 0.055

This table shows the estimation results for the effects of average NO2 during three trimesters on fetal health.
The sample is restricted to births of at least 28 weeks in gestation. Dependent variable is average NO2 in 10
ppb. Fetal characteristics include sex, total birth order and live birth order. Maternal characteristics include
age, race, Hispanic origin, education and marital status. Weather conditions include average precipitation,
maximum and minimum temperatures over three trimesters.

Robust standard errors clustered by county in parentheses.

“p< 0.1, p<0.05 ** p< 0.0l



Table 2.5: Effect of Average Ozone in Three Trimesters on Fetal Health

Dep. var = gestation

Dep. var = birth weight

1 @) ® @ ) (6)

Trimester I 0.018* 0.006 0.004 5.387** -1.224 -2.135

(0.008) (0.006) (0.006) (2.598) (1.529) (1.644)
Trimester I1 -0.011**  -0.016**  -0.015*  -3.173*** -5.321"** 1.032

(0.005) (0.005) (0.009) (1.053) (0.689) (1.564)
Trimester I1T -0.010 -0.023***  -0.021**  7.435** -0.129 -2.529

(0.008) (0.006) (0.006) (3.037) (1.931) (1.931)
Controls
Year FE Yes Yes Yes Yes Yes Yes
State-quarter FE Yes Yes Yes Yes Yes Yes
Fetal characteristics No Yes Yes No Yes Yes
Maternal characteristics No Yes Yes No Yes Yes
Weather No No Yes No No Yes
County medium income No No Yes No No Yes
# prenatal visits No No Yes No No Yes
Observations 19837801 19837801 19837801 19837801 19837801 19837801
R? 0.008 0.018 0.025 0.007 0.048 0.053

This table shows the estimation results for the effects of average O3 during three trimesters on fetal health.
The sample is restricted to births of at least 28 weeks in gestation. Dependent variable is average O3 in 0.01
ppm. Fetal characteristics include sex, total birth order and live birth order. Maternal characteristics include
age, race, Hispanic origin, education and marital status. Weather conditions include average precipitation,
maximum and minimum temperatures over three trimesters.

Robust standard errors clustered by county in parentheses.
*p<0.1," p<0.05 ** p<0.01
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Table 2.6: Effect of Average Sulfur Dioxide in Three Trimesters on Fetal Health

Dep. var = gestation Dep. var = birth weight
1 @) ® @ ) (6)
Trimester I -0.062***  -0.050**  -0.031* -12.918* -5.424* 0.255
(0.015) (0.013) (0.016) (6.979) (2.849) (3.458)
Trimester I1 0.052** 0.056***  0.056*** 7.950 9.828*** 2.543
(0.020) (0.015) (0.017) (5.841) (2.638) (3.108)
Trimester ITT 0.006 0.016 -0.014 -9.751 -2.696 1.208
(0.016) (0.012) (0.015) (7.821) (2.960) (3.049)
Controls
Year FE Yes Yes Yes Yes Yes Yes
State-quarter FE Yes Yes Yes Yes Yes Yes
Fetal characteristics No Yes Yes No Yes Yes
Maternal characteristics No Yes Yes No Yes Yes
Weather No No Yes No No Yes
County medium income No No Yes No No Yes
# prenatal visits No No Yes No No Yes
Observations 18997081 18997081 18997081 18997081 18997081 18997081
R? 0.007 0.019 0.027 0.007 0.052 0.058

This table shows the estimation results for the effects of average SO2 during three trimesters on fetal health.
The sample is restricted to births of at least 28 weeks in gestation. Dependent variable is average SO2 in 10
ppb. Fetal characteristics include sex, total birth order and live birth order. Maternal characteristics include
age, race, Hispanic origin, education and marital status. Weather conditions include average precipitation,
maximum and minimum temperatures over three trimesters.

Robust standard errors clustered by county in parentheses.

*p<0.1,* p<0.05 “* p< 0.0l



Table 2.7: Robustness Checks
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Dep. var = gestation

Dep. var = birth weight

+sun, wind -+paternal char.

clust. by state

+sun, wind -+paternal char.

clust. by state

(1) (2) (3) (4) (5) (6)
Panel A: CO
Trimester I -0.011 -0.035** -0.034*** -4.557 -4.917* -5.347**
(0.013) (0.012) (0.011) (3.231) (2.718) (2.613)
Trimester 11 0.043** 0.049*** 0.049** 5.384** 6.193*** 6.053***
(0.014) (0.013) (0.020) (1.835) (1.698) (1.500)
Trimester 11T -0.043** -0.008 -0.008 -10.347* -7.568** -7.973*
(0.017) (0.017) (0.025) (3.290) (2.849) (2.930)
Observations 17122758 23379600 23379600 17122758 23379600 23379600
R? 0.026 0.026 0.026 0.057 0.057 0.055
Panel B: NO2 in 10 ppb
Trimester 1 0.011 -0.009 -0.009 -1.381 -2.210 -2.418
(0.008) (0.007) (0.010) (1.817) (1.639) (1.521)
Trimester 11 -0.011 0.004 0.004 0.238 0.686 0.674
(0.010) (0.005) (0.007) (1.596) (1.260) (0.884)
Trimester 111~ -0.025** -0.019** -0.018 -7.560%* -7.425%* -7.580%**
(0.009) (0.008) (0.013) (1.929) (1.506) (0.879)
Observations 11518549 16127084 16127084 11518549 16127084 16127084
R? 0.025 0.025 0.025 0.057 0.057 0.055
Panel C: O3 in 0.01 ppm
Trimester 1 0.007 0.004 0.004 -1.041 -2.660 -2.135
(0.006) (0.006) (0.010) (1.687) (1.607) (1.713)
Trimester 1T -0.029*** -0.015* -0.015* 0.590 0.483 1.032
(0.006) (0.009) (0.008) (1.637) (1.548) (1.412)
Trimester 111~ -0.019*** -0.021"** -0.021*** -2.135 -3.226* -2.529
(0.007) (0.006) (0.007) (1.865) (1.904) (2.073)
Observations 14755983 19837801 19837801 14761086 19837801 19837801
R? 0.026 0.025 0.025 0.055 0.055 0.053
Panel D: SO2 in 10 ppb
Trimester I -0.018 -0.031* -0.031** 1.209 0.568 0.255
(0.016) (0.016) (0.014) (3.171) (3.431) (2.733)
Trimester 1T 0.045* 0.056*** 0.056*** 0.357 2.568 2.543
(0.020) (0.017) (0.019) (3.563) (3.089) (3.288)
Trimester 111 -0.013 -0.014 -0.014 0.299 1.217 1.208
(0.018) (0.015) (0.016) (2.959) (3.102) (2.854)
Observations 13918585 18997081 18997081 13918585 18997081 18997081
R? 0.027 0.027 0.027 0.059 0.059 0.058

This table shows the robustness check results for the effects of air pollution on fetal health. The sample is restricted to
births of at least 28 weeks in gestation. All regressions include fetal characteristics (sex, total birth order and live birth
order), maternal characteristics (age, race, Hispanic origin, education and marital status) and weather conditions (average
precipitation, maximum and minimum temperatures over three trimesters). Columns (1) and (4) additionally control for
average hours of sunshine over each trimester. Columns (2) and (5) additionally control for paternal characteristics including
age group (under 15, 15-19, 20-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, and 55-98 years), race and Hispanic origin.

Columns (3) and (6) cluster standard errors by state.

Robust standard errors clustered by county in parentheses (except for columns (3) and (6).

*p<0.1,* p<0.05 *** p< 0.0l
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Table 2.8: Effect of Air Pollution on Fetal Health - Full-Term Infants Only

Dep. var = gestation

Dep. var = birth weight

preferred +sun, wind +paternal clust. by preferred +sun, wind +paternal clust. by
char. state char. state
() ) (3) (4) (5) (6) (7) (®)
Panel A: CO
Trimester I -0.009 0.000 -0.009 -0.009 -5.942** -5.879** -5.363** -5.942**
(0.008) (0.009) (0.008) (0.009) (2.637) (2.966) (2.552) (2.494)
Trimester 1T 0.002 0.007 0.002 0.002 -0.307 0.282 -0.186 -0.307
(0.006)  (0.006)  (0.006)  (0.006)  (1.493)  (1.745)  (1.449)  (1.508)
Trimester 111 -0.012 -0.028*** -0.011 -0.012 -8.514** -9.374** -8.003***  -8.514***
(0.008) (0.008) (0.008) (0.011) (2.520) (2.696) (2.417) (1.996)
Observations 20051920 14682650 20051920 20051920 20051920 14682650 20051920 20051920
R? 0.026 0.025 0.026 0.026 0.064 0.065 0.066 0.064
Panel B: NO2 in 10 ppb
Trimester I -0.001 0.006 -0.001 -0.001 -3.184** -2.697* -2.879** -3.184***
(0.004) (0.005) (0.004) (0.005) (1.417) (1.525) (1.363) (0.918)
Trimester 11 -0.001 -0.002 -0.001 -0.001 -1.204 -0.393 -1.195 -1.204*
(0.003) (0.005) (0.003) (0.003) (1.010) (1.146) (1.020) (0.687)
Trimester 11T -0.016***  -0.021**  -0.016™* -0.016*** -6.470***  -6.581***  -6.233***  -6.470***
(0.005) (0.004) (0.005) (0.004) (1.623) (1.775) (1.543) (1.027)
Observations 13821763 9867557 13821763 13821763 13821763 9867557 13821763 13821763
R? 0.024 0.023 0.024 0.024 0.064 0.065 0.066 0.064
Panel C: 08 in 0.01 ppm
Trimester I -0.016**  -0.016***  -0.016* -0.016™** -1.706 -1.272 -2.327 -1.706
(0.004) (0.003) (0.004) (0.004) (1.556) (1.573) (1.511) (1.487)
Trimester 11 0.002 -0.004 0.002 0.002 1.104 1.312 0.543 1.104
(0.004)  (0.003)  (0.004)  (0.002)  (1.429)  (1.517)  (1.397)  (1.623)
Trimester 11T -0.019**  -0.016**  -0.019** -0.019*** -2.085 -1.155 -2.864 -2.085
(0.004) (0.005) (0.004) (0.003) (1.959) (1.846) (1.919) (2.544)
Observations 16981884 12619709 16981884 16981884 16981884 12619709 16981884 16981884
R? 0.026 0.026 0.026 0.026 0.062 0.063 0.064 0.062
Panel D: 502 in 10 ppb
Trimester I -0.002 0.000 -0.002 -0.002 0.763 0.321 1.075 0.763
(0.009) (0.008) (0.009) (0.009) (3.055) (2.744) (3.039) (2.262)
Trimester 1T 0.003 0.003 0.003 0.003 -2.027 -2.883 -1.965 -2.027
(0.009) (0.010) (0.009) (0.008) (2.634) (2.779) (2.633) (2.729)
Trimester I11 0.005 0.003 0.004 0.005 2.402 1.322 2.372 2.402
(0.009)  (0.009)  (0.009)  (0.009)  (2.819)  (2.613)  (2.842)  (2.470)
Observations 16276001 11920840 16276001 16276001 16276001 11920840 16276001 16276001
R? 0.026 0.026 0.026 0.026 0.066 0.067 0.068 0.066

This table shows the estimation results for the effects of air pollution on fetal health for all full-term babies between 37 and 42
weeks of gestation. All regressions include fetal characteristics (sex, total birth order and live birth order), maternal characteristics
(age, race, Hispanic origin, education and marital status) and weather conditions (average precipitation, maximum and minimum
temperatures over three trimesters). Columns (2) and (6) additionally control for average daily hours of sunshine and wind speed
over each trimester. Columns (3) and (7) additionally control for paternal characteristics including age group (under 15, 15-19,
20-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, and 55-98 years), race and Hispanic origin. Columns (4) and (8) cluster standard

errors by state.

Robust standard errors clustered by county in parentheses (except for columns (5) and (8).
*p<0.1,* p<0.05 *** p<0.01
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Chapter 3

AIR POLLUTION AND FETAL HEALTH:
DOES A SAFETY THRESHOLD EXIST?

3.1 Introduction

Despite the global awareness of pollution-caused health issues, there is no consensus on which
pollution threshold should be considered as “safe” for human beings. Taking fine particles
(or commonly known as PM2.5, particulate with diameter less than 2.5 micrometers) as an
example. In 1997, the United States Environmental Protection Agency (EPA) established
an annual standard of PM2.5 at 15 pug/m?® and a 24-hour standard at 65 pg/m3.! In 2006,
the 24-hour standard was revised to 35 pg/m? while the annual limit remained the same.
Later in 2012, the EPA revised the annual standard of PM2.5 to 12 pug/m?. At the same
time, the European standard of PM2.5 has been maintained at 25 pg/m? for 1-year average
and 20 pg/m? for 3-year average, each with an over 60 percent difference compared with the
standard in the United States. Table 3.2 shows the current air quality standards for seven
major air pollutants (“criteria air pollutants”) in the US versus in the European Union.
After converting to the same unit, the value of the standards as well as the time period
during which the standards apply still vary substantially across regions.

This chapter applies an innovative measurement strategy to assess the health risk of air
pollution, and at the same time, explore the empirical question of whether there exists a
“safety threshold” of air pollution. To complete this goal, I establish a series of hypothetical
“safety thresholds” for each air pollutant based on the observed distribution of weekly pollu-

tion concentrations. Given any safety threshold C'; I then construct an index called ”average

!The annual standard is based on a 3-year annual average of PM2.5 concentrations. The 24-hour standard
is based on the 3-year average of the annual 98th percentiles of PM2.5 concentrations. More information can
be obtained at https://www3.epa.gov/airquality/particlepollution/designations/index.htm.
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pollution degree” (APD) that averages out all the high pollution levels ranging above C' while
ignoring those below C. This construction has two major advantages. First, it replicates
the form of air quality index (AQI) established in many countries to inform the public of
any possible health consequences related to outdoor air pollution exposure. In particular,
human beings are expected to experience little or no health risk when exposed to the air
with sufficiently low AQI.2 In other words, adverse health consequences become measurable
only if the air pollution exceeds a certain level. Second, with substantial governmental effort
in reducing air pollution over the past decades, the air quality in the United States has been
improved dramatically. Table 3.1 shows that from 1990 to 2008 the national average ambient
CO, NO2, O3 and SO2 has been reduced by 73, 43, 16 and 51 percent, respectively (Environ-
mental Protection Agency (EPA)).? The long-run decline of air pollution creates difficulties
in the identification of health impact of air pollution because the very low concentration of
pollutants may not cause severe health consequences. In addition, taking the average of air
pollution over each trimester will further smooth out any acute fluctuations of air quality

1 By weighting the high pollution concentrations heavily, the

over a short period of time.
APD approach increases the explanatory power of pollution on birth outcomes.

This paper is the first empirical analysis on the sensitivity of fetuses to different air pol-
lution thresholds. According to my estimation, even a nearly zero concentration of CO could
generate severe health consequences. In contrast, NO2, O3 and SO2 do not cause signifi-
cantly adverse health outcomes unless their weekly average concentrations rise above 15.3
ppb, 0.020 ppm and 13.4 ppb, respectively. This finding suggests that the ideal environment

for fetal development should be the one that maintains roughly zero CO and relatively low

NO2, O3 and SO2 concentrations. For the latter three pollutants, the estimated thresholds

2The current AQI for “good” air quality is 0 to 50, indicating no health concerns on human beings.
“Moderate” air quality is associated with an AQI between 51 and 100, suggesting that some pollutants
might impose moderate health concerns for the most sensitive group. “Unhealthy” air quality starts from
an AQI above 101, where the generic population will likely experience pollution-caused symptoms.

3See https://www3.epa.gov/airtrends/aqtrends.html for more details.

4This can be seen from the estimated health impact of O3 and SO2 in Chapter 2. Neither pollutants are
found to significantly affect infant birth weight.
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that induce the largest and most significant change of birth outcomes are all below the cur-
rent air quality standards established by the U.S. Environmental Protection Agency (EPA),

implying that more restrictive legislations should be established.

The study also explores the heterogeneous impacts of pollution exposure across fetal and
maternal characteristics. Specifically, I find that older mothers giving subsequent births are
more likely to be affected by CO, especially during the first and third trimesters. This implies
that an air quality legislation that effectively reduces CO concentrations will be expected
to increase female fertility especially for older mothers. On the other hand, female fetuses
are slightly more sensitive to NO2 while male fetuses tend to be more sensitive to O3 and
SO2. The finding on gender disparity is related to biological studies that show male fetuses
tend to be more active than female fetuses before birth delivery (Ellis and He (2014)), and
social science research on the change of gender ratio led by the Clean Air Act Amendments of
1970 (CAAA) (Sanders and Stoeckel (2011)). While the estimation result on NO2 is not very
consistent with the literature, in the presence of stronger protective behaviors for male fetuses
against environmental hazards (among some socioeconomic groups), one would expect that
the estimates on male fetuses would more likely be the lower bound. The gender disparity
offer important policy implications. In particular, regions with increasing air pollution may
experience a change of gender ratio in newly born infants, which could potentially affect
marriage, productivity, violence, and crime rate in the long run (Angrist 2006; Hesketh and
Xing 2006; Dyson 2012).

Besides the heterogeneity arising in the health effects of air pollution across socioeconomic
groups, this paper also examines whether maternal cigarette and alcohol consumptions during
pregnancy would exacerbate the health impact of air pollution. Using full-term infants as a
homogenous sample, I find that a fetus whose mother smokes during pregnancy would weigh
169 to 197 grams lower than a fetus with a non-smoking mother, holding other fetal and
maternal characteristics constant. Likewise, being a light drinker (i.e. drinking 1-2 times
each week) during pregnancy would significantly reduce the infant birth weight by 58 to 134

grams. A heavy drinker (i.e. drinking more than 3 times per week), on the other hand,
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would further drive down the infant birth weight by 137 to 235 grams. Moreover, for most
air pollutants (CO, NO2 and SO2), smoking and alcohol consumption would exacerbate the

health effects of air pollution exposures by 1.4 to 17 times.
3.2 DModel and Identification Strategy

3.2.1 Average Air Pollution Degree

Traditional approaches to quantifying the causal impact of pollution and health outcomes
utilize the average pollution level over a time span as the key explanatory variable. This
method relies on the assumption that any fluctuation in average pollution concentrations
is considered to convey explanatory power on the health consequences. Under current air
quality legislations, however, most regions in the United States maintain very low levels of
major air pollutants. The lack of sufficient variation in pollution concentrations, especially
when smoothing out the variables over a long period, makes the estimated coefficient unlikely
to represent the adverse health outcomes caused by environmental hazards.

In this paper, I modify the key regressor to attenuate this concern. Consistent with
previous literature (Currie et al. 2009; Maisonet et al. 2001; Bell et al. 2007), I distinguish
the impact of fetal exposure to air pollution over three trimesters of pregnancy, assuming
that the risk of pollution starts as early as the first week after conception and lasts till the
birth occurrence. Let C' be any hypothetical “safety threshold” of an air pollutant over a
time segment t (e.g., day, week, etc.). The pollution degree (PD) at location ¢ over a time

period of length T is defined as

t=T

PD,=) max(Py - C,0) (3.1)
t=1

This construction resembles the format of cooling degree days (CDD) and heating degree
days (HDD) which take into account only the temperatures ranging below or above a certain
threshold (i.e. 65 degrees Fahrenheit for CDD and HDD) to indicate energy consumption. By

setting the pollution degree to zero whenever P, ranges below C', equation (3.1) removes the
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very low pollution concentrations that may not cause adverse health outcomes. Meanwhile,
it accounts for the accumulation of environmental risk before birth if the pregnancy period
is longer.

While PD contains some favorable features comparing with the traditional approach,
it is likely to cause an inverse sign of coefficient of interest. Since fetuses with a longer
gestational age typically weigh heavier at birth, PD may generate the spurious result that
more aggregated pollution leads to heavier infants. To solve this problem, I average out PD
over the time period T'. Specifically, I construct an index called average pollution degree

(APD) that takes the following form

=T
PD, t:ZI max (P, — C,0)

APD, = —* = - . (3.2)

The APD can be viewed as the weighted average pollution concentration during a time of
length T'. It treats all the pollution exposures above threshold C as “determinants” of fetal
health while ignoring any pollution below C'. The flexible choice of different thresholds offers
a direct way to examine the air quality standard that would most effectively increase the

average birth weight of newborns if it were to be established.

3.2.2  Empirical Model

Let y;j+ be the birth weight of fetus ¢ whose mother j resides in county c and gives birth at

time ¢. I consider the baseline ordinary least squares (OLS) model taking the following form

T=3

Yijer = Z (BrAPDj o + 6: W7 y) + 0 Xjet + ijer (3.3)

T=1

The key regressor in specification (3.3) is APD],

et Tepresenting the average pollution de-
gree (APD) that fetus ¢ experiences in trimester 7. The value of APD depends upon both
maternal residential county ¢ and the newborn’s gestational age. W, is a vector of weath-

er conditions (i.e., precipitation, maximum and minimum temperature) in county ¢ during
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trimester 7. Xjj¢¢ include infant’s characteristics such as gender and birth order and mother’s
characteristics such as age, race, Hispanic origin, education level and marital status.

A naive estimation of equation (3.3) may suffer from omitted variable bias (OVB). Specif-
ically, unobservable components in j;.; may correlate with both air quality and fetal health.
For instance, an outbreak of influenza which is usually strongly correlated with seasonal air
quality may affect maternal and fetal health conditions. To avoid mistakenly attributing this
health consequence to air pollution, I revise model (3.3) by including various fixed effects to
capture the unobservable components in yi;¢+. Let s index the state where county ¢ locates
in. The revised model takes the following form

T=3

yijcst = Z (/BTAPDZSt + 57'Wc7.-st) + OXijcst + )\t + Net + Vst + ¢ijt + Eijcst- (34)

=1
In specification (3.4), A; is the year fixed effects capturing any long-run trend of fetal health
caused by business cycles and standard of living. 7. is the county-year medium income that
reflects the newborn’s family background and mother’s nutrition intake during pregnancy.’
st 18 the state-quarter fixed effects incorporating the seasonal fluctuations of birth weight
specific to each state. ¢;;; stands for the total number of mother’s prenatal visits. In my
preferred specification, p;jes is clustered at county level to incorporate any correlation among
the random shocks within each county. I test alternative clustering and specifications in the
robustness check.

It is worth noting that the traditional approach using the average pollution instead of
APD can be viewed as a special case of specification (3.4) with the threshold setting to
zero. A lower threshold weighs low pollution concentrations equally as high concentrations
and assumes a unit change in pollution poses the same risk to fetuses regardless of the
starting point of air pollution. As the threshold gradually increases, fluctuations in low
levels of pollution are neglected, and more attention is put on higher pollution concentrations.

The adjustment of the threshold shows a tradeoff between noise reduction and omission of

5Since income starts to affect fetal health from the date of pregnancy, the year used in 7. is the year of
pregnancy instead of year of birth.
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information. When a threshold is set too high, very little information is extracted from each

pollution observation, therefore the significance level of estimates may decline.

3.3 Data

The study uses data combined from U.S. Centers for Disease Control and Prevention (CDC),
Environmental Protection Agency (EPA), National Centers for Environmental Information
(NCEI) and Small Area Income and Poverty Estimates (SAIPE) from Census Bureau. I
consider a time span of 1991 to 2008 that has the most comprehensive information on birth
occurrences, air pollution, weather and demographic features.® The CDC provides individual
birth data and related maternal characteristics (e.g., age, race, Hispanic origin, education,
marital status). I merge these births with county-week air pollution data from EPA and
county-week weather data from NCEI based on the (induced) date of birth and mother’s
residential county.” Finally these data are merged with county-year medium income data
from SAIPE based on mother’s residential county and year of pregnancy.® I drop observations
with missing data in fetal characteristics (i.e., birth weight, gestation, sex, total and live birth
orders), maternal characteristics (age, race, Hispanic origin, education and marital status) or
other control variables (i.e. weather conditions, demographic features). I also drop mothers
who are younger than 15 years or older than 45 years because the infant birth weights of
these mothers are highly noisy. The resulting dataset has 23,379,600 observations from 130
counties in 38 states in the CO sample, 16,127,084 observations from 86 counties in 27 states
in the NO2 sample, 19,837,801 observations from 143 counties in 23 states in the O3 sample

and 18.997,081 observations from 185 counties in 41 counties in the SO2 sample.

6Before 1991, EPA does not report high-frequency air pollution data. After 2008, CDC no longer reports
the date of mother’s last menstrual period (LMP), therefore I cannot derive the exact birth day for each
infant.

"The infants’ date of birth are induced using the reported mother’s last menstrual period (LMP), gestation
in whole weeks, and birth month and day of week.

8] use mother’s year of pregnancy instead of the year of infant birth to partially account for the family
background during the pregnancy period.
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3.4 Estimation Results

3.4.1 Main Results

As discussed above, one of the biggest advantages of applying the APD approach is the
flexible choice of safety thresholds. The adjustment of different thresholds can be viewed
as a noise-reducing process. Assuming that the pollution varying below the threshold C' do
not convey explanatory power on the changes of birth outcome, I extract the most useful
information from the key regressor by focusing on the pollution concentration ranging above
C and omitting the noisy random fluctuations of pollution below C'. The empirical estimation
process starts from establishing a series of hypothetical thresholds. Based on the observed
weekly pollution distributions, I use the 10th, 30th, 50th, 60th, 70th, 80th, 90th and 95th
percentile as the suggested threshold. The point estimates obtained under the APD approach
should be interpreted as the change of birth weight associated with 1 unit change of weekly
average pollution above C' during each trimester.

Table 3.3 displays the estimation results for all fetuses entering the third trimester. All
regressions control for year FE, state-quarter FE, fetal and maternal characteristics, weather
conditions, prenatal visits and county medium income. A cross-column comparison shows a
tradeoff between noise reduction and information truncation. As Panel A suggests, fetuses are
vulnerable even to very low concentrations of CO (the wrong-signed coefficient in trimester 11
is caused by maternal protective behaviors as discussed in Chapter 2, more details follow.).
Every 1 ppm increase in CO above the 10th percentile (or 0.30 ppm as weekly average)
during the first and third trimesters would significantly decrease birth weight by 5.4 and 7.7
grams, respectively. With the gradual increase of threshold, the coefficient for CO in the
first trimester rises but becomes less significant due to the omission of useful information
ranging between the 10th and 30th percentiles. The coefficient for CO in the second and
third trimesters declines along with the significance level. The trends of both the magnitude
and significance level of coefficient imply that a low level of CO does not increase noise in

estimators, and even a nearly zero concentration of CO would still convey explanatory power
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on the birth outcome. Because fetuses are very sensitive to even extremely low concentrations
of CO, any effective air quality legislation targeted at reducing CO would be expected to
bring health benefits to future generations.

Table 3.3 Panel B indicates that birth weight would be expected to fall by 7.5 grams
for every 10 ppb increase in weekly NO2 in the last trimester. In the preceding trimesters,
fetuses do not have a strong reaction to NO2 unless its weekly concentration rises above
the 10th percentile (or 7.1 ppm). Overall, the largest joint effect of NO2 during the entire
period of pregnancy occurs at a threshold of about 50 percentile (15.3 ppm). Above 15.3
ppm, every 10 ppb increase in weekly NO2 during the first and third trimesters is expected
to reduce infant birth weight by 4.3 and 6.5 grams, respectively.

Similarly, Table 3.3 Panel C shows that the strongest effect of O3 occurs in the first and
third trimesters. When the exposed weekly O3 in these periods increases by 0.01 ppm above
the 30th percentile (or 0.02 ppm), infant birth weight is expected to drop by 4.3 and 4.1
grams, respectively. The largest and most significant fluctuation of birth weight occurs at a
threshold of about 60 percentile (or 0.029 ppm), above which every 0.01 ppm increase in O3
in trimesters I and III is expected to reduce birth weight by 6.6 and 6.1 grams, respectively.
Above 0.029 ppm the estimated coefficients for the health impact of O3 continue to rise but
with a declining significance level.

The estimation results for SO2 are shown in Table 3.3 Panel D. Not until the threshold
reaches to about 95 percentile (or 13.4 ppb) do the estimated coefficients start to capture
a significantly adverse health effect. Meanwhile, unlike the previous pollutants the health
effect of SO2 is the strongest during the second trimester. For every 10 ppb increase in SO2
above 13.4 ppb in the second trimester, birth weight is expected to decline by roughly 8.7
grams. This result is slightly different from Lavaine and Neidell’s (2014) findings on the
health effect of reduced SO2 from oil refineries. In the latter study, SO2 is estimated to
influence birth outcome especially during the third trimester. However, because the sample
contains no information on the exact date of birth, Lavaine and Neidell (2014) reassign all

the births occurring in the same month to the first day of that month. This approximation
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could lead to some bias especially among pre-term births delivered at the end of each month
because the last several weeks for these babies prior to birth fall into the second instead of the
third trimester. Admittedly, the underlying mechanism of how different air pollutants affect
fetal health remains unclear to researchers. It is likely that fetuses may be more sensitive to

the exposure of one pollutant but not the others during a specific period in utero.

3.4.2  Supportive Fvidence

The main results presented in Tables 3.3 Panel A show surprisingly wrong-signed and signif-
icant coefficients for the health impacts of CO and SO2 in trimester II. As noted in Chapter
2, this positive sign does not necessarily indicate a beneficial impact of these pollutants.
Specifically, unobservable maternal protective behaviors against air pollution may lead to
the opposite sign of coefficient. While it is infeasible to include mother fixed effects to al-
leviate this bias, we may instead examine whether the positive sign persists when a more
homogenous sample of mothers is considered.

Table 3.4 displays the estimation results for all full-term babies (> 37 weeks and < 42
weeks of gestation) controlling for year FE, state-quarter FE, fetal and maternal character-
istics, weather conditions, prenatal visits and county medium income. The Oth percentile
threshold is equivalent to the traditional approach using average pollution as the key regres-
sor. Surprisingly, all of the previously positive and significant coefficients become insignif-
icant, and most of them even become negatively signed. I further perform similar analysis
(not shown here) with pre-term (< 37 weeks and >= 28 weeks) and post-term (> 42 weeks)
babies, respectively. Results show that the positive coefficients only occur among pre-term
babies. Furthermore, the data indicate that mothers who have pre-term and extremely pre-
term babies (< 28 weeks) tend to visit prenatal care more frequently than those having

full-term babies.” This supportive evidence implies that mothers with pre-term babies may

9Mothers with infants born between 28 and 36 weeks of gestation visit prenatal care 0.3 time per week
(with a maximum being 1.75) while mothers with infants born at least 37 weeks visit prenatal care 0.29
time per week (with a maximum being 1.32).
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have been informed by their prenatal care provider of the fetal health conditions, especially
during the second trimester when fetal development can be easily detected. Therefore it is
highly likely that mothers will take special care of their babies and avoid been exposed to
environmental hazards when the perceived air pollution concentration is high.

The thresholds for CO and NO2 that induce the strongest fluctuation of birth weight are
similar in Table 3.4 as in Table 3.3. As illustrated by Table 3.4, full-term infants are vulner-
able to a nearly zero level of CO, indicating that the ideal environmental for healthy fetal
development would be one with abstinence of CO. Compared with pre-term and post-term
babies, full-term babies are slightly more sensitive to NO2 in the first trimester. Never-
theless, the largest joint effect of NO2 over three trimesters is still obtained when the 50th
percentile (15.3 ppm) is used.

Unlike CO and NO2, the fetal sensitivity to different thresholds of O3 and SO2 varies
across full-term and non-full-term infants. For O3, no significantly negative effect can be
measured even if the threshold increases to the 95th percentile, although the magnitude of
coefficients substantially exacerbates with higher thresholds. For SO2, however, full-term
infants seem to respond to a lower threshold than the entire population. Above the 50th
percentile (4.12 ppb), every 10 ppb increase in SO2 in trimester II will decrease birth weight
of full-term babies by 4.5 grams. This estimated effect of SO2 becomes higher with the
same significance level if we consider a threshold at the 80th percentile (8.00 ppb). The
entire population, on the other hand, does not show a strong responsiveness to SO2 until

the threshold increases to the 95th percentile (13.40 ppb).

3.4.3 Robustness Checks

This section provides robustness check for the estimation results obtained in Tables 3.3 and
3.4. Using the APD approach, we are able to find two thresholds for each air pollutant. The
first is the one at which fetuses just start to experience a statistically significant reduction of
birth weight. The second is the one inducing the greatest and most significant joint impact

over three trimesters. Table 3.5 displays the values of these thresholds. In the following
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robustness check and the heterogeneous analysis, I will focus on the second threshold because
it is the one associated with the highest fetal sensitivity level. For each of these thresholds, I
test whether the estimates will substantially differ across alternative specifications using the
entire sample and the full-term births, respectively.

I first consider the assumption underlying clustered standard errors. In states like Cal-
ifornia and New Jersey where a relatively high proportion of counties is included in the
study, there could exist considerable cross-county correlations in the random shock of birth
weight. For instance, an influenza outbreak occurring in one county may also affect residents
in surrounding counties. Thus, broader clusters of standard errors allowing for possible de-
pendency of health shocks within state will be more appropriate. Table 3.6 columns (1) and
(5) present the estimation results for all infants and full-term infants only, respectively, using
state-level clustered standard errors. All other control variables remain the same as those in
the preferred specification. This modification causes a slight adjustment to the magnitude
of standard errors, but the significance levels of estimators stay highly consistent with those
in the preferred specification.

Second, Figure 2.1 illustrates a strong seasonality of infant birth weight. This seasonality
is handled in the preferred specification by including the state-quarter fixed effects. Nev-
ertheless, there might be concerns that different months within a quarter convey distinct
seasonal patterns that are unobservable to researchers. For instance, the peak flu season
in most states typically starts from December and lasts till February. Therefore, infants
born in different months within same season may experience differential health risks due
to unobservable shocks. To attenuate this issue, I replace the state-quarter fixed effects by
state-month fixed effects. Table 3.6 columns (2) and (6) contain the estimated effects of air
pollution with the modified model. There are moderate adjustments of coefficients because
of the possible collinearity between month and air pollution. In other words, the fixed effect
parameters now absorb some of the impact of air pollution that should be captured by the
coefficients of interest. Nevertheless, most of our conclusions still hold.

Third, one may concern about the health effect of omitted parental attributes and genetic
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factors. In particular, biological and medical studies have shown that paternal genes and
certain characteristics may contribute to birth outcomes (Little and Sing (1987); Griffiths
et al. (2006); Taiwo and Akinde (2012)). Even though the paternal impact may not be as
strong as maternal impact, there is a potential threat of bias if the omitted paternal attribute
is correlated with air pollution. Unfortunately, the sample contain limited information on the
paternal side, and I do not observe what have been commonly regarded as strong contributing
factors of infant birth weight (e.g. father’s height and weight). Based on the available
information, I include father’s age group (i.e., under 15, 15-19, 20-24, 25-29, 30-34, 35-39,
40-44, 45-49, 50-54, and 55-98 years), race and Hispanic origin as additional controls. Simply
regressing the fetal exposure to air pollution on these paternal characteristics generates
statistically significant estimates, indicating that including these paternal variables serves
as a valid robustness check for the omitted variable bias. Table 3.6 columns (3) and (7)
show the estimation results. For all pollutants, adding paternal attributes leads to very little

change in the estimated coefficients.

Lastly, I consider the possibility that omitted weather variable may bias the estimates.
For instance, sunshine and wind can be correlated with both air pollution concentrations and
maternal health condition. To account for this issue, I collect data from NCEI at NOAA on
the daily average hours of sunshine and wind speed over three trimesters and combine them
with the birth sample. Table 3.6 columns (4) and (8) displays the estimation results including
these additional weather variables. The missing data from sunshine and wind speed reduce
the sample size by 25 to 30 percent. Using all births in the regression, I find that the estimated
impacts of CO, NO2 and O3 during the first trimester are substantially less significant when
including sunshine and wind speed. In contrast, the estimated impacts of all pollutants
on full-term infants stay highly consistent with those in the preferred specification. This
disparity suggests that the negative effects of air pollution on pre- and post-term infants are
largely affected by daily sunshine and wind speed. Here I provide two possible explanations
for the underlying mechanism. For CO and other gases lighter than air, a high wind speed

will help dispersing their concentrations, and at the same time, induce more pregnant women
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(especially those with high probability of having pre-term babies) to avoid outdoor activities.
Therefore further controlling for wind speed will identify the health effect of behavioral
adjustments on windy days, which is originally estimated as the health effect of low CO
concentrations. On the other hand, O3 is formed by the chemical reactions between nitrogen
oxides (NOx) and other pollutants (e.g., organic compound (VOC)) with the help of sunshine.
When omitting hours of sunshine, the negative impact of hazardous ozone on sunny days
will likely be offset by the positive health impact produced by sunlight (e.g., more vitamin

D produced), driving the estimated coefficients towards zero.

3.4.4 Heterogeneity

Previous literature (e.g. Currie et al. 2009) suggests that infants with heterogeneous mothers
characteristics (e.g., smoker vs. non-smoker, younger vs. older) may experience substantially
different risks of infant mortality with the same degree of postnatal exposure to air pollution.
In this section, I examine and discuss the heterogeneous impacts of prenatal exposure to air
pollution on fetal development. To avoid selection bias due to unobservable attributes that
may correlate with heterogeneous socioeconomic, I am going to focus on full-term births
only.

I consider two groups of heterogeneity. First, fetuses with distinct characteristics may
have different sensitivity levels to air pollution. For example, Ellis and He (2014) analyze
self-reported fetal activity data from over six thousands mothers in the United States and
Canada. Their results suggest that male fetuses are about 10 percent more active in the womb
than female fetuses. Jedrychowski et al. (2009) study a sample of homogeneous pregnant
women'? and confirm that males respond more strongly to prenatal PM2.5 concentrations.
In addition, Sanders and Stoeckel’s (2011) examine the shock of gender ratio followed by the
1970 Clean Air Act Amendment (CAAA) and conclude that the dramatic improvement of

air quality following the CAAA benefit male fetuses more than female fetuses. This paper

10The women eligible for the study are restricted to non-smokers, with singleton pregnancy, without
infections and aging between 18 and 35 years old.
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shows supplementary evidence on the gender disparities in the sensitivity levels to CO, NO2,

03 and SO2.

Table 3.7 columns (1) and (2) compare the estimated coefficients for the impact of air
pollution by gender using the most sensitive threshold indicated by Table 3.5. Overall, male
fetuses are more strongly affected by O3 and SO2 but less strongly affected by NO2. This
finding is partially consistent with previous research. However, with the presence of son
preference among some social groups (e.g., Asian immigrants) even in developed countries,
the estimated impact of air pollution on male fetuses would more likely be biased down by
the intensive health care provided on male rather than female fetuses ((Pabilonia and Ward-
Batts (2007); Almond and Edlund (2007); Almond et al. (2009); Abrevaya (2009); Lhila and
Simon (2008)). This gender heterogeneity in the responsiveness to air pollution exposure
offers important policy implications. On one hand, any effective air quality legislation may
have an impact on the gender ratio, affecting marriage, productivity, violence and crime rate
in the long run (Angrist 2006; Hesketh and Xing 2006; Dyson 2012). On the other, changes in
air quality may bring asymmetric welfare gains between male and female, requesting further

reallocations of resource.

Besides gender disparity, there is extensive evidence that investment on children is neg-
atively correlated with family size (Becker (1981); Black et al. (2005); Black et al. (2010);
Mogstad and Wiswall (2010)). If the quality of health care on additional babies declines,
one would expect to find a stronger effect of air pollution on higher order births. Table 3.7
columns (3) and (4) shows the estimation results for first order births and subsequent births.
In the latter group, I include all the non-first order births from the second to up to the
eighth. Overall, subsequent births are more likely to experience a large fluctuation of birth
weight when exposed to higher-than-threshold pollution concentrations. This result, how-
ever, cannot totally rule out the possibility that subsequent babies are biologically weaker
in health condition than firstborn babies, making them more vulnerable to environmental
harm. As suggested by Modin (2002), later-born infants, in general, have a higher mortality

rate than firstborn infants.
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In addition to fetal characteristics, I consider the heterogeneous impact of air pollution
across maternal characteristics. Currie et al. (2009) study the effect of air pollution on health
at birth between younger (less than 19 years) and older (more than 35 years) mothers. The
result shows that older mothers are highly sensitive to CO during the first trimester. Table
3.7 columns (5) and (6) compare the estimated coefficients for fetuses with mothers younger
than 30 years and those with mothers older than 30 years. For all pollutants except for
CO, older mothers tend to show slightly stronger resistance than younger mothers. Since
women choosing to give birth older than 30 years generally have higher levels of income and
education, fetuses with older mothers are likely to receive more parental investment than
those with younger mothers, conditional on birth order. Nevertheless, fetuses with older
mothers are more strongly affected by CO than those with younger mothers. Because even
extremely low levels of CO are hazardous, extensive health care provided to fetuses by older

parents can hardly offset the health risk of CO.

The second group of heterogeneity arises from maternal behaviors over the pregnancy
period. Currie et al. (2009) document that the health risk of air pollution can substantially
exacerbate when the mother smokes during pregnancy. This paper provides supplementary
evidence to the joint effect of smoking and air pollution. Specifically, I estimate how much
additional impact of air pollution a fetuses may experience if the mother is a smoker by
interacting maternal smoking behaviors with air pollution above the most sensitive threshold.
Because the sample only contains information on whether a mother answers “yes” to the
question of whether she smokes during pregnancy, but not on how many packs of cigarette
she consumes during each trimester, I cannot examine the intensity of smoking behavior and
the corresponding health impact over time. Moreover, if a mother is well informed about
the poor health condition of fetus (e.g. likely pre-term), she may choose to stop consuming
cigarette especially when the baby is about to born. As discussed earlier, these behavioral
adjustments may lead to an opposite sign of coefficient of interest. To avoid this bias, I
estimate the impact of smoking on fetuses using full-term births only whose mothers are

less likely to concern about potential adverse birth outcomes. Column (1) of Tables 3.8
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displays the estimated effect of CO on smoking mothers as compared with non-smoking
mothers. Being a smoking mother is expected to lower the infant birth weight by roughly
169 to 198 grams, almost 5 percent of the total birth weight for an average baby. The key
toxic chemicals produced by tobacco include CO, NOx (a generic term for NO and NO2),
particulate matter, hydrogen cyanide, and benzene, all of which are highly dangerous for
human health. For instance, Klepeis et al. (1999) estimate that the average concentration
of CO during a cigar social event can be comparable or even higher than that from a busy
traffic highway.!! Jaffe and Chavasse (1999) also demonstrate the average CO concentrations
produced by a cigarette can be 10 times as much as that produced by a clean vehicle. Because
a cigarette contains multiple harmful chemicals, their joint impacts on fetal health will be

considerably high.

In regards to the joint effects of smoking and air pollution, I find that CO is twice
as harmful to smoking mothers as to non-smoking mothers, while NO2 is roughly 1.4 times
more harmful to smoking mothers. These two pollutants are the key components in cigarette,
therefore a regularly smoking mother would experiences a slightly higher effect of ambience
air pollution concentrations than non-smoking mothers. In contrast, the impact of SO2
on smoking mothers can be 12 times as much as that on non-smoking mothers. Yun (1975)
conducts an experiment on the effect of CO-SO2 mixed gases on rats. The study finds strong
evidence that the mixed gases negatively affect both the gestation period and birth weight

of rats.

One exemption is the impact of O3 between smoking and non-smoking mothers. As
Table 3.8 columns (3) shows, although maternal smoking has an expected negative impact
on birth weight, the joint effect of smoking and O3 concentrations has a positive sign in all
trimesters. Clearly, more research needs to be done to clarify the biological mechanism. But

from chemical perspective, it is possible that O3 as a powerful oxidant may react with some

11 The authors conduct two research, both of which suggest that the average CO from cigar-smoking events
can be multiple times higher than the ambient CO. The former is comparable with the CO concentration
in urban arterial highway in San Francisco Bay Area.
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compounds in cigarette when the temperature is high (e.g. when the mother is smoking).

Another behavioral factor that contributes to poor fetal health is alcohol consumption.
Mills et al. (1984) provide evidence that regularly drinking mothers impose a substantially
higher risk of growth retardation to fetuses. However, more recent evidence shows that
even a small dose of prenatal alcohol consumption may lead to adverse alcoholic effect (e.g.
growth deficits) on fetuses, although the magnitude of the effect would not be as large as
fetal alcohol syndrome (FAS) caused by a large dose of exposure (Larkby and Day (1997);
Gabriel et al. (1998)). Ornoy and Ergaz (2010) confirm that fetal growth disturbances can
occur even if the maternal consumption of alcohol is low and suggest the abstinence of alcohol
during pregnancy period. This analysis provides further evidence that air pollution could
aggravate the health concerns of fetuses whose mother drinks during pregnancy.'? My sample
contains about 1 percent mothers who report consuming alcohol during pregnancy, among
whom roughly 70 percent are light drinkers. Since the sample size for alcohol consumers is
rather small, I again interact the drinking behavior dummy with air pollution above the most
sensitive threshold to estimate the additional impact of air pollution experienced by drinking
mothers. All the other covariates are kept unchanged. Table 3.9 displays the estimated
effect of consuming alcohol and the joint effect of air pollution and alcohol consumption for
full-term births. As expected, alcohol consumption strongly affects fetal health. Being an
light alcohol consumer statistically significantly drives infant birth weight down by 58 to
134 grams. As compared to nondrinker and light drinkers, being a heavily drinking mother
would further reduce infant birth weight by 137 to 235 grams. In terms of the joint effects of
air pollution and maternal alcohol consumption, I estimate that the health risk of CO, NO2
and SO2 are two to twelve times larger for light drinking mothers than for non-drinkers, and
four to seventeen times larger for heavy drinkers than for light and non-drinkers. Again the

coefficients for O3 are all positive, indicating a complex reaction may occur between O3 and

12T cannot fully exclude the possibility, though, that there might exist unobserved features for drinking
mothers and they may correlate with both birth weight and air pollution.
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ethanol.'3

3.5 Conclusion

This chapter supplements the growing literature analyzing the causal impact of maternal
exposure to air pollution on fetal health measured in terms of birth weight. By setting
and adjusting a hypothetical “safety threshold” on four criteria air pollutants CO, NO2,
03 and SO2, I find that CO consistently and negatively affects birth weight even when its
concentration approaches zero. The impact of CO, however, is not uniform across each period
of gestation. The exposure to CO over the first and third trimesters impose substantially
higher risks on fetuses than that over the second trimester. On the other hand, NO2, O3
and SO2 influence fetal health only if their concentrations rise above certain levels. The
estimated weekly average safety levels for these pollutants are roughly 15.3 ppb for NO2,
0.02 ppm for O3 and 13.4 ppb for SO2.

Furthermore, this study analyzes the heterogeneous impacts of pollution on birth weight
across fetal and maternal characteristics. I find disparities across gender and birth order in
the responsiveness to air pollution. Meanwhile, I find that maternal smoking and drinking
behaviors during pregnancy would jointly act with air pollution in affecting fetal health.
These heterogeneities provide important implications. First, high levels of air pollution may
potentially lead to a change in the gender ratio in the long run. Second, air quality strategies
may generate asymmetric welfare gains across different socioeconomic groups. Third, fetuses
with mothers who smoke or drink during pregnancy may particularly suffer from low birth

weight and are generally at higher risks of being affected by environmental hazards.

13 Alcohol (or ethanol) is a chemical that can easily be oxidized. Although there is no evidence that alcohol
and O3 may have chemical reaction in room temperature, it is unknown if they can react with the presence
of certain enzyme. (For instance, Waters et al. (1976) shows that under careful control, there could be
“rapid and complete conversion of alcohols to ketones upon ozonation.”)
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Table 3.1: Air Quality Trends from 1990 to 2008

Pollutants Reduction of Mean Reduction of 10th Reduction of 90th
percentile percentile

Carbon monoxide (CO) 73.3 % 68.6 % 75 %

Nitrogen dioxide (NOZ2) 43.4 % 32.7 % 49.1 %

Ozone (03) 16 % 71 % 19.1 %

Sulfur dioxide (SO2) 50.9 % 34.6 % 46.0 %

Data source: Environmental Protection Agency (EPA) versus the European Union.

Table 3.2: Air quality standards: US versus Europe

Pollutants UsS Europe
Timing Standard ~ Timing Standard Standard
(converted)
8-hour 9 ppm ¢ 8-hour 10 mg/m?® 8.7 ppm

Carbon monoxide (CO) Lhour 35 ppm @

1-hour 100 ppb ¢ I-hour 200 pug/m?®  106.4 ppb

Nitrogen dioxide (NO2) 1-year 53 ppb ¢ ? 1-year 40 pg/m? 21.3 ppb

Ozone (03) 8hour  0.075 ppm *° 8-hour 120 ug/m3  0.06 ppm

_ 1-hour @ 75 ppb I-hour 350 pug/m?®  133.6 ppb
Sulfur dioxide (S02) 3-hour 05ppm?  24hour 125 ug/m®  0.047 ppm
Lead 3-month  0.15 pg/m?® ¢ 1-year 0.5 pug/m3

1-year 12 ug/m**  l-year 20 pug/m?® ¢
Particulate matter (PM2.5)  1-year 15 pg/m* b l-year 25 pg/m?
24-hour 35 pg/m? ¢ ?

Particulate matter (PM10)  24-hour 150 pg/m3 @ ° 24-hour 50 pg/m?

This table shows the air quality standards established by the United States Environmental Protection Agency
(EPA) versus the European Union.

a. - primary standard; b. - secondary standard; c. - average exposure indicator (AEI)
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Table 3.3: Fetal Sensitivity to Different Air Pollution Thresholds

(1) (2) (3) (4) (5) (6) (7) (®)

10 % 30 % 50 % 60 % 70 % 80 % 90 % 95 %
Panel A: CO in ppm
Trimester I -5.410* -5.710% -6.198* -6.504* -6.879* -7.174 -7.442 -7.835
(2.825)  (2.967)  (3.293)  (3.597)  (3.984)  (4.559)  (5.861)  (8.113)
Trimester IT ~ 5.954**  5.398"*  4.504**  3.947** 3.360** 2.755 1.893 1.656
(1.711) (1.586) (1.541) (1.558) (1.648) (1.896) (2.855) (4.795)
Trimester 11T -7.658**  -6.238** -4.838 -4.159 -3.625 -3.159 -1.843 0.752

(2.932)  (2.996)  (3.258)  (3.510)  (3.854)  (4.414)  (5.768)  (7.867)
Observations 23379600 23379600 23379600 23379600 23379600 23379600 23379600 23379600

R? 0.055 0.055 0.055 0.055 0.055 0.055 0.055 0.055

Panel B: NO2 in 10 ppb

Trimester I -2.604 -3.407*  -4.333*  -4.739*  -5.001**  -5.232* -5.178 -4.785
(1.708) (1.782) (1.944) (2.102) (2.353) (2.792) (3.717) (4.775)

Trimester 1T 0.631 0.623 0.787 0.869 0.851 0.807 0.842 0.972
(1.259)  (1.246)  (1.239)  (1.269)  (1.348)  (1.447)  (1.632)  (1.970)

Trimester 11T -7.541**  -7.040** -6.465** -6.141*** -5.725**  -5.079* -3.946 -2.658

(1.581)  (1.609)  (1.749)  (1.907)  (2.221)  (2.753)  (3.667)  (4.742)

Observations 16127084 16127084 16127084 16127084 16127084 16127084 16127084 16127084
R? 0.055 0.055 0.055 0.055 0.055 0.055 0.055 0.055

Panel C: O3 in 0.01 ppm
Trimester I -2.959*  -4.306**  -5.797*  -6.631™* = -7.292* -7.902* -9.471 -11.402
(1.762) (2.073) (2.630) (3.065) (3.696) (4.573) (7.277) (9.941)

Trimester I 1.811 2.698 2.795 2.729 2.645 2.468 1.228 -0.180
(1.655)  (1.870)  (2.142)  (2411)  (2.811)  (3.406)  (5.632)  (8.017)
Trimester I~ -3.127  -4.135*  -5.328"  -6.075*  -6.811  -7.749  -10.868  -15.125

(2.038)  (2.361)  (3.001)  (3.505)  (4.235)  (5.178)  (7.974)  (10.820)
Observations 19837801 19837801 19837801 19837801 19837801 19837801 19837801 19837801

R? 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053

Panel D: S02 in 10 ppb

Trimester I 0.058 -0.824 -2.261 -2.934 -3.566 -4.178 -4.179 -3.647
(3.447) (3.345) (3.557) (3.839) (4.340) (5.206) (6.917) (8.502)

Trimester IT 2.383 0.958 -0.854 -1.768 -2.823 -4.096 -6.398 -8.703*
(3.050)  (2.873)  (2.869)  (2.924)  (3.048)  (3.316)  (4.044)  (5.127)

Trimester I11 1.247 0.676 0.142 0.049 0.197 0.735 2.129 2.444

(3.042)  (2979)  (3.162)  (3.394)  (3.738)  (4.240)  (5.112)  (6.106)

Observations 18997081 18997081 18997081 18997081 18997081 18997081 18997081 18997081
R? 0.058 0.058 0.058 0.058 0.058 0.058 0.058 0.058

This table shows the estimation results of specification (3.4) using the 10th, 30th, 50th, 60th, 70th, 80th, 90th, and 95th
percentile of weekly pollution distribution as the hypothetical threshold C'. Each column controls for year FE, state-quarter
FE, fetal and maternal characteristics, county medium income, weather conditions and number of prenatal visits during
pregnancy. Robust standard errors clustered by county in parentheses.

*p<0.1,* p<0.05 *** p<0.01
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Table 3.4: Fetal Sensitivity to Different Air Pollution Thresholds - Full-Term Infants Only
(1) (2) (3) (4) (5) (6) (7) (8) (9)
0% 10 % 30 % 50 % 60 % 70 % 80 % 90 % 95 %
Panel A: CO in ppm
Trimester I -5.942** -5.921** -5.913** -6.242** -6.451* -6.796* -7.176* -7.691 -8.621
(2.637)  (2.650)  (2.755)  (3.039)  (3.296)  (3.604)  (4.046)  (5.077)  (7.048)
Trimester 11 -0.307 -0.310 -0.224 -0.281 -0.491 -0.778 -1.158 -1.836 -2.403
(1.493)  (1.477)  (1.401)  (1.380)  (1.425)  (1.546)  (1.855)  (2.842)  (4.737)
Trimester IIT  -8.514**  -8.346*** -7.716***  -7.207** -7.011* -7.009** -7.199* -7.265 -6.885
(2.520)  (2.519)  (2.614)  (2.895)  (3.160)  (3.511)  (4.063)  (5.338)  (7.405)
Observations 20051920 20051920 20051920 20051920 20051920 20051920 20051920 20051920 20051920
R? 0.064 0.064 0.064 0.064 0.064 0.064 0.064 0.064 0.064
Panel B: NO2 in 10 ppb
Trimester I -3.184*  -3.349**  -3.808**  -4.559***  _4.844**  -4.991* 5117 -5.079 -4.929
(1.417)  (1.432)  (1.506)  (1.652)  (1.809)  (2.059)  (2.498)  (3.408)  (4.401)
Trimester II -1.204 -1.224 -1.138 -0.956 -0.907 -0.944 -0.957 -0.956 -0.975
(1.010)  (1.010)  (0.984)  (0.963)  (0.982)  (1.035)  (1.114)  (1.288)  (1.667)
Trimester III  -6.470***  -6.480**  -6.334** -6.109***  -5.947***  -5.745**  -5.509** -5.092 -4.570
(1.623)  (1.637)  (1.705)  (1.874)  (2.034)  (2.308)  (2.757)  (3.536)  (4.461)
Observations 13821763 13821763 13821763 13821763 13821763 13821763 13821763 13821763 13821763
R? 0.064 0.064 0.064 0.064 0.064 0.063 0.063 0.063 0.063
Panel C: O3 in 0.01 ppm
Trimester I -1.706 -2.031 -2.514 -3.223 -3.734 -4.173 -4.734 -6.654 -8.936
(1556)  (1.683)  (2.002)  (2.585)  (3.040)  (3.677)  (4.514)  (6.959)  (9.318)
Trimester 11 1.104 1.399 1.367 0.728 0.252 -0.244 -0.850 -3.211 -5.956
(1.429)  (1.484)  (1.639)  (1.913)  (2.153)  (2.530)  (3.141)  (5.358)  (7.708)
Trimester 111 -2.085 -2.541 -3.253 -4.207 -4.868 -5.617 -6.640 -10.242 -14.932
(1.959)  (2.086)  (2416)  (3.013)  (3.500)  (4.178)  (5.029)  (7.520)  (9.944)
Observations 16981884 16981884 16981884 16981884 16981884 16981884 16981884 16981884 16981884
R? 0.062 0.062 0.062 0.062 0.062 0.062 0.062 0.062 0.062
Panel D: SO2 in 10 ppb
Trimester I 0.763 0.521 -0.390 -1.623 -2.275 -3.015 -3.794 -4.051 -3.774
(3.055)  (3.045)  (2.947)  (3.104)  (3.321)  (3.721)  (4.447)  (5.961)  (7.448)
Trimester II -2.027 -2.257 -3.356 -4.528* -4.845* -5.093* -5.326* -5.847 -6.976
(2.634)  (2.597)  (2441)  (2471)  (2.577)  (2.769)  (3.080)  (3.763)  (4.671)
Trimester 111 2.402 2.288 1.118 -0.099 -0.659 -1.099 -1.407 -1.761 -2.725
(2.819)  (2.803)  (2.669)  (2.812)  (3.008)  (3.295)  (3.718)  (4.520)  (5.416)
Observations 16276001 16276001 16276001 16276001 16276001 16276001 16276001 16276001 16276001
R? 0.066 0.066 0.066 0.066 0.066 0.066 0.066 0.066 0.066

Notes: This table shows the estimation results of specification (3.4) using the Oth (traditional approach), 10th, 30th, 50th, 60th, 70th,
80th, 90th, and 95th percentile of weekly pollution distribution as the hypothetical threshold C. Each column controls for year FE,
state-quarter FE, fetal and maternal characteristics, county medium income, weather conditions and number of prenatal visits during
pregnancy. Standard errors clustered by state in parentheses.
*p<0.1,* p<0.05 ***p<0.01
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Table 3.5: Proposed air pollution thresholds

Pollutant Averaging Time All infants Full-term infants
Starting level to Most sensi-  Starting level to ~ Most sensi-
affect health tive level affect health tive level

CO Weekly average 0 ppm 0 ppm 0 ppm 0 ppm

NO2 Weekly average 0 ppb 15.34 ppb 0 ppb 15.34 ppb

03 Weekly average 0.013 ppm 0.029 ppm - 0.045 ppm

SO2 Weekly average 13.40 ppb 13.40 ppb 4.12 ppb 8.00 ppb

Notes: This table displays the two thresholds obtained in section 3.4.1 and 3.4.2.



Table 3.6: Robustness Checks
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All infants

Full-Term infants only

(1) (2) (3) (4) (5) (6) (7) (3)
Panel A: CO in ppm
Trimester I -5.347*  -4.858* -4.917* -4.557  -5.942** -5.554** -5.363** -5.879**
(2.613)  (2.839)  (2.718)  (3.231)  (2.494) (2.687) (2.552) (2.966)
Trimester IT ~ 6.053***  8.425**  6.193™*  5.384**  -0.307 0.323 -0.186 0.282
(1.500) (1.846) (1.698) (1.835)  (1.508) (1.505) (1.449) (1.745)
Trimester III  -7.973** -9.983**  -7.568*** -10.347* -8.514**  -9.103**  -8.003***  -9.374***
(2.930) (2.834) (2.849) (3.290)  (1.996) (2.535) (2.417) (2.696)
Observations 23379600 23379600 23379600 17122758 20051920 20051920 20051920 14682650
R? 0.055 0.055 0.057 0.057 0.064 0.064 0.066 0.065
Panel B: NO2 in 10 ppb
Trimester 1 -4.333"  -4.299** -4.146** -2.902  -4.559** -4.524*** -4.260*** -4.045**
(1.382)  (1.985)  (1.886)  (2.012) (1.041) (1.623) (1.591) (1.715)
Trimester 1T 0.787 3711 0.811 -0.140 -0.956 0.409 -0.925 -0.304
(1.028) (1.331) (1.225) (1.486)  (0.748) (1.030) (0.962) (1.129)
Trimester 11  -6.465"*  -9.065*  -6.372**  -6.722** -6.109***  -7.322***  -5.921**  -6.195***
(0.819) (1.701) (1.672) (2.116)  (1.064) (1.874) (1.795) (1.961)
Observations 16127084 16127084 16127084 11518549 13821763 13821763 13821763 9867557
R? 0.055 0.056 0.057 0.057 0.064 0.064 0.066 0.065
Panel C: O3 in 0.01 ppm
Trimester I -6.631*  -7.515"  -T7.461** -3.691 -8.936 -10.546 -10.433 -4.943
(3.689) (3.111) (3.018) (3.088)  (8.791) (9.520) (9.223) (9.323)
Trimester 11 2.729 3.022 2.078 0.888 -5.956 -3.614 -7.177 -3.860
(2.555) (2.298) (2.388) (2.490)  (6.561) (7.476) (7.818) (7.352)
Trimester 11T~ -6.075 -5.358 -6.965** -4.703  -14.932 -16.124 -16.513* -9.963
(4.768) (3.720) (3.466) (3.164)  (9.720) (9.980) (9.913) (9.175)
Observations 19837801 19837801 19837801 14755983 16981884 16981884 16981884 12619709
R? 0.053 0.053 0.055 0.055 0.062 0.062 0.064 0.063
Panel D: SO2 in 10 ppd
Trimester 1 -3.647 -6.202 -3.699 -1.574 -3.794 -5.481 -3.705 -3.627
(8.358) (8.818) (8.689) (8.492)  (4.109) (4.736) (4.494) (4.497)
Trimester 11 -8.703* -7.330 -8.476* -5.974 -5.326 -3.066 -5.179* -4.877
(5.032) (5.044) (5.093) (5.449)  (3.429) (2.841) (3.080) (3.287)
Trimester 11 2.444 1.018 2.514 1.001 -1.407 -2.926 -1.484 -2.713
(5.500) (6.152) (6.215) (5.991)  (3.242) (3.883) (3.731) (3.629)
Observations 18997081 18997081 18997081 13918585 16276001 16276001 16276001 11920840
R? 0.058 0.058 0.059 0.059 0.066 0.066 0.068 0.067

Notes: This table shows the results of robustness checks. An APD approach is applied with the most sensitive threshold
C' as shown in Table 3.5. Columns (1) to (4) include all fetuses at least 28 weeks of gestation. Columns (5) to (8) include
only full-term babies between 37 and 42 weeks of gestation. Columns (1) and (5) cluster standard errors at state level, while
all the other columns cluster standard errors at county level. Columns (2) and (6) replace state-quarter FE in the preferred
specification by state-month FE. Columns (3) and (7) additionally control for father’s characteristics, including age group (i.e.,
under 15, 15-19, 20-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, and 55-98 years), race and Hispanic origin. Columns (4) and
(8) include average daily hours of sunshine and wind speed in the regression.
*p<0.1,* p<0.05 ** p<0.01
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Table 3.7: Impact of Air Pollution across Fetal and Maternal Characteristics - Full-Term

Only

Gender Birth order Maternal age
m @0 (1) ) (6)
Male Female First Subsequent < 30 yrs > 30 yrs
Panel A: CO in ppm
Trimester I -5.441%  -6.430"" -4.252* -6.655** -4.735* -7.064**
(2.680)  (2.709) (2.261) (2.919)  (2.440) (2.961)
Trimester 11 -1.216 0.571  -1.197 0.135 -0.586 0.486
(1.735) (1.580) (1.562) (1.686) (1.628) (1.805)
Trimester 111 -8.755%*  -8.214*** -8.827*** -8.219**  -7.919** -9.059***
(2.722) (2.488) (2.218) (2.797) (2.277) (2.981)
Observations 10207261 9844659 6803656 13248264 12399618 7652302
R? 0.051 0.046 0.056 0.063 0.063 0.055
Panel B: NO2 in 10 ppb
Trimester I -3.783*  -5.343*** -3.707*** -5.094**  -4.351** -5.049***
(1.747) (1.685) (1.372) (1.840) (1.900) (1.593)
Trimester 11 -2.256* 0.366  -0.739 -1.031 -1.094 -0.821
(1.268) (1.002) (1.195) (1.061) (1.039) (1.022)
Trimester 111 -5.873**  -6.338"** -5.785*"* -6.294***  -6.488*** -5.454%*
(1.974)  (1.910) (1.698) (2.024)  (1.923) (1.994)
Observations 7033374 6788389 4710853 9110910 8592210 5229553
R? 0.051 0.045 0.054 0.062 0.062 0.054
Panel C: O3 in 0.01 ppm
Trimester I -4.314 -3.134  -3.542 -4.009 -4.170 -2.905
(3.007) (3.123) (2.458) (3.495) (3.043) (3.172)
Trimester 11 0.798 -0.310  0.028 0.272 0.192 0.075
(2.362) (2.030) (1.875) (2.469) (2.288) (2.123)
Trimester 111 -5.341 -4.374  -4.858 -5.008 -4.914 -4.390
(3.483) (3.551) (3.110) (3.816) (3.551) (3.483)
Observations 8641826 8340058 5748637 11233247 10626088 6355796
R? 0.049 0.044 0.053 0.060 0.061 0.053
Panel D: SO2 in 10 ppb
Trimester I -4.943 -2.639  -5.881 -3.117 -2.260 -6.777
(8.299) (6.784) (7.515) (7.889) (7.765) (7.688)
Trimester 1T -9.021* -4.917  -7.379 -6.764 -6.293 -8.627
(5.109) (4.718) (5.533) (5.393) (4.748) (5.788)
Trimester 111 -1.279 -4.123  -2.066 -3.285 -4.756 -0.315
(5.706) (5.605)  (6.006) (5.799) (5.227) (6.646)
Observations 8282276 7993725 5447091 10828910 10064889 6211112
R? 0.053 0.048 0.057 0.066 0.065 0.056

This table shows the heterogeneous impact of air pollution on birth weight for full-term infants only. In each column,
dependent variable is birth weight in grams. Each column controls for year FE, county-quarter FE, fetal characteristics
(excluding, if any, the specified characteristic showing the heterogeneity), maternal characteristics (excluding, if any,
the specified characteristic showing the heterogeneity), weather conditions, prenatal visits and county medium income.

Robust standard errors clustered at county level in parentheses.

*p<0.1,* p<0.05 ** p< 0.0l
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Table 3.8: Individual and Joint Effects of Air Pollution and Smoking - Full-Term Only

0 2) ®) @
CO NO2 03 SO2
Smoking -168.893***  -184.736™* -197.906**  -192.090***
(5.303) (4.247) (4.564) (2.552)
Baseline effect of air pollution
Trimester I -5.058* -3.497 -0.802 -0.698
(2.730) (2.564) (2.924) (5.876)
Trimester 11 -0.714 -0.510 2.846 -5.503
(2.055) (1.773) (2.465) (5.422)
Trimester 111 -7.028%* -3.936* 1.559 1.762
(2.658) (2.240) (3.223) (5.908)
Joint effect (air pollution x smoking)
Trimester I -14.947** -9.503* 20.849*** -37.186***
(3.621) (4.843) (5.120) (13.999)
Trimester 11 -6.421** -5.627 10.219*** 1.245
(3.169) (4.177) (2.574) (9.549)
Trimester 111 -2.574 4.091 15.295*** -18.883
(3.753) (4.306) (4.752) (15.810)
Observations 13655782 7645780 10108303 11043464
R? 0.079 0.063 0.058 0.066

Notes: This table shows the individual and joint impacts of air pollution and smoking on birth

weight. In each column, dependent variable is birth weight in grams.

All columns control for

year FE, state-quarter FE, fetal and maternal characteristics, county medium income, weather
conditions, number of prenatal visits, an indicator for smoking during pregnancy, as well as inter-
actions between air pollution and smoking. Robust standard errors clustered at county level in

parentheses.
*p<0.1,* p<0.05 *** p<0.01
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Table 3.9: Individual and Joint Effects of Air Pollution and Alcohol Consumption - Full-Term
Only

Light drinking Heavy drinking
(1) (2) 3) (4) ©) (6) (7) ®)
CcO NO2 03 S02 CO NO2 03 S02

Light drinking  -58.200"* -79.668"* -133.924™ -107.576""
(12.233)  (14.354)  (16.434)  (11.119)

Heavy drinking -137.069*  -149.244**  -234.934*** -199.715%*
(27.639) (22.737) (23.489) (12.884)
Baseline effect of air pollution
Trimester 1 -5.931* -0.622 0.044 -5.300 -5.932* -0.791 0.260 -4.666
(3.155) (2.289) (2.812) (6.775) (3.175) (2.280) (2.815) (6.711)
Trimester 11 -1.678 -1.611 3.011 -5.611 -1.588 -1.924 2.997 -5.459
(2.124)  (2.147) (2.375) (4.786)  (2.125) (2.126) (2.354) (4.790)
Trimester 111 -7.532** -1.728 3.084 0.126 -7.409** -1.870 3.246 0.683
(2.941) (2.137) (3.059) (5.858) (2.942) (2.159) (3.048) (5.818)
Joint effect (air pollution X drinking alcohol)
Trimester 1 -14.643**  -31.161***  49.590*** -38.665 -29.770* -45.040** 90.461*** -78.737
(7.279) (9.326) (17.605) (37.864)  (15.985) (19.512) (25.233) (48.333)
Trimester 11 12.471* -17.484* 12.013 -1.391 -9.085 -12.930 49.431** 92.262*
(6.833) (10.513) (9.358) (26.100)  (18.292) (27.594) (17.944) (47.609)
Trimester 111 -10.855 -0.613 42.992** -52.599 -7.203 -20.411 81.293*** -82.254
(9.578) (14.158) (15.752) (41.347)  (17.928) (19.231) (25.320) (53.072)
Observations 11504790 6267689 8454005 9706107 11531248 6267689 8454005 9706107
R? 0.069 0.055 0.050 0.055 0.070 0.055 0.050 0.055

Notes: This table shows the individual and joint impacts of air pollution and smoking on birth weight. In each column, dependent variable is
birth weight in grams. All columns control for year FE, state-quarter FE, fetal and maternal characteristics, county medium income, weather
conditions, number of prenatal visits, an indicator for alcohol consumption during pregnancy, as well as interactions between air pollution and
alcohol consumption. Robust standard errors clustered at county level in parentheses.

*p<0.1,* p<0.05 ** p< 0.0l



