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Abstract of Dissertation

Essays in Environmental and Health Economics

The dissertation examines the effectiveness of energy and transportation policies and
their implications for the environment and public health.

Given the usual absence of data on vehicle flows, I use ambient concentrations
of carbon monoxide (CO) as a proxy. CO is primarily emitted from mobile sources
and is considered a good proxy for vehicle flows because its concentrations generally
follow the spatial and temporal distributions of traffic. Based on this, the first es-
say conceptually defines the “fuel price elasticity of vehicular emissions,” and then
estimates it for a sample of US metropolitan areas using CO concentrations as an
outcome measure. The estimated average elasticity across sample areas ranges from
-0.20 to -0.34 depending on the specifications for the trend; the preferred specification
yields an estimate of -0.29. It is equivalent to a 2.3% reduction of CO concentrations
in response to a 10-cent increase in real gasoline prices. Further, I investigate whether
the emissions sensitivity differs across regions, and find some evidence of heterogene-
ity in the elasticity estimates. Vehicular emissions tend to respond less sensitively in
the sample areas with lower average CO concentrations, shorter commuting time, and
less public transit usage. This suggests that local characteristics, such as alternative
transportation modes, need to be considered when designing fuel price policies.

Programs to reduce traffic congestion and air pollution by restricting use of motor
vehicles on working days have generally not met with success based on existing studies
of such programs. The second essay provides the first study of Quito, Ecuador’s four-
year-old Pico y Placa driving restrictions program, and finds that it has reduced
ambient concentrations of CO by 9-11% during peak traffic hours. For an extended
daytime period that encompasses hours when population exposure to air pollution

is likely to be highest, CO concentrations have been reduced by approximately 6%.



Given the close relationship between CO concentrations and traffic, the results suggest
similar reductions in vehicle flows.

A number of health studies discuss and find a significant association between air
pollution and negative health outcomes. The driving restrictions program in Quito
has decreased air pollution levels. The effect has diminished, but it continues to induce
reductions in pollution levels well after its introduction in May 2010. Using hospital
discharge data, the third essay extends the analysis of Quito’s driving restrictions
program to its effect on public health. The effects on the hospitalization rates of the
populations most sensitive to air pollution are examined. Count data analysis that
accounts for overdispersion in hospitalization reveals that some health benefits have
accrued after the imposition of the driving restrictions; there has been a reduction in
the elderly’s cardiovascular hospitalization rate. The estimated effect is equivalent to

a decrease in the total hospital admissions of the elderly by 1.3%.
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Chapter 1

Introduction

Transportation has become an indispensable part of our lives. Participating in eco-
nomic activities, interacting with people, and enjoying leisure time are closely related
to the development of mobility. In addition to these individual needs for mobility,
transportation has been considered essential for economic development of a country.
Studies have shown that a high quality transportation infrastructure contributes to
economic development (Banister and Berechman, 2003).

Despite these positive aspects, transportation can become problematic by impos-
ing social costs. One of the main concerns is the adverse health effect of air pollution
caused by road transportation. There are various traffic-related air pollutants, in-
cluding carbon monoxide (CO), nitrogen dioxide (NO,), particulate matter (PM)
and volatile organic compounds (VOCs). Exposure to these pollutants is associated
with an increase in mortality and hospital admissions due to respiratory and car-
diovascular diseases (Brunekreef and Holgate, 2002). The effects have been found
even at a low level of exposure and at a short-term variation in air pollution levels.
Another concern is traffic congestion. According to an urban mobility report, people
in the United States spent 5.5 billion hours more and 2.9 billion gallons of extra fuel

due to traffic congestion in 2011. The value of wasted time and fuel is more than 120



billion dollars.!

In order to reduce the social costs of transportation, cities across the world have
tried various policy interventions. Some examples of those interventions include levy-
ing taxes on fuel consumption and charging a fee for traversing the congested areas.
These approaches are expensive for governments to implement, requiring substantial
capital outlays and a large set of information to find a suitable rate of tax or fee.
Accordingly, a number of cities, primarily in Latin America and Asia, have opted for
a cheaper alternative: driving restrictions that limit use of vehicles at specific times
of day in either all or part of a city. Estimating the effectiveness of those policies is
important because this provides the grounds for retaining a policy or replacing it with
another one. In addition, estimating the effects of policies can also provide valuable
information for designing good policies.

This dissertation analyzes the effectiveness of transportation and energy policies
as well as their implications for the environment and public health.

The goal of the first essay is to provide an analytical tool that can assess the
environmental effectiveness of fuel price policies. I conceptually define the “fuel price
elasticity of vehicular emissions” and then estimate it for a sample of US metropoli-
tan areas using ambient concentrations of carbon monoxide (CO) as an outcome
variable. CO is primarily emitted by vehicles and its ambient concentrations gen-
erally follow the spatial and temporal distributions of vehicular traffic. To address
concerns regarding regional variation in emissions, I utilize county-level data on CO
concentrations. Furthermore, I employ an instrumental variable (IV) approach to
deal with endogeneity associated with fuel prices, where the first purchase price of
crude oil serves as the IV. In this study, I also explore whether and why the vehicular
emissions sensitivity varies across regions.

In the second and third essays, I examine the effectiveness of driving restrictions

1Urban mobility report, Texas A&M Transport Institute, 2012.



program in Quito, Ecuador. Driving restrictions limit use of vehicles at specific times
of day in either all or part of a city according to a schedule based on the last digit
of the vehicle’s license plate. The best known example is the Hoy No Circula (HNC)
program in Mexico City, introduced in 1989 in an effort to improve air quality. Under
HNC, each private vehicle is barred from operating in the Mexico City metropolitan
area on one weekday between the hours of 5 am and 10 pm. The restricted weekday
is determined by the last digit of the vehicle’s license plate. A similar policy can be
found in other cities, including Bogota, Sao Paolo, and Beijing. The most recent city
to have adopted driving restrictions is Quito. The Pico y Placa program (PyP) was
introduced in May 2010 with the objective of reducing air pollution and traffic con-
gestion in the central part of the city during peak traffic hours on weekday mornings
and evenings.

Several studies have examined the effectiveness of driving restrictions programs in
cities other than Quito. They find that permanent driving restrictions have generally
not been successful in reducing air pollution or traffic congestion. In the case of
Mexico City and Bogota, there is evidence that the restrictions have exacerbated
both problems (Davis, 2008; Bonilla, 2013). I provide the first analysis of Quito’s
driving restrictions program.

In the second essay, I examine the environmental effectiveness of the program. I
exploit temporal and spatial variations in the program and provide the difference-in-
differences (DD) and triple difference (DDD) estimates. The program is well suited
for the DD and DDD strategies as the restrictions are present only during peak traffic
hours and are limited to the central part of the city. The two strategies yield very
similar estimates of the reduction in air pollution; ambient concentrations of carbon
monoxide (CO) have been reduced by 9-11% during peak traffic hours. For an ex-
tended daytime period that encompasses the hours when population exposure to air

pollution is likely to be highest (6 am to 8 pm on working days), CO concentra-



tions have dropped by approximately 6%. Given that ambient concentrations of CO
generally track the spatial and temporal distributions of traffic, these reductions in
pollution suggest similar reductions in vehicle flows. At the end of the second essay,
I discuss why driving restrictions have worked in Quito, while they have not in other
cities. A version of this study has been accepted for publication in the Canadian
Journal of Economics.

In the third essay, I extend the analysis of Quito’s Pico y Placa program to
its effect on public health. The mechanism through which driving restrictions can
influence health status is air pollution. The second essay of this dissertation finds a
significant reduction in air pollution after the program. The effect has diminished,
but it continues to induce reductions in pollution levels well after its introduction in
May 2010. Given the association between air pollution and negative health outcomes,
such as increases in mortality and morbidity, it is natural to ask whether the reduction
in air pollution after the program has contributed to improved health status.

In this study, the effects of PyP are directly estimated on health outcomes using
DD and DDD strategies, instead of via changes in air quality. To evaluate whether
PyP has reduced hospitalization rates of the population sensitive to air pollution,
I utilize hospital discharge data for 2008 through 2012, retrieved from the National
Institute of Statistics and Census, Ecuador (Estadstica de Egresos Hospitalarios, In-
stituto Nacional de Estadistica y Census). I specifically consider a set of respiratory
and cardiovascular diseases that are particularly related to air pollution, such as
chronic obstructive pulmonary diseases (COPD) and ischemic heart diseases.

Count data analysis that corrects for overdispersion in hospitalization provides
some evidence of positive health effects of PyP; weekly hospitalization rates of the
population sensitive to air pollution have dropped after the introduction of PyP.
Specifically, the elderly’s cardiovascular hospitalization rate has been reduced by 13%.

This effect remains significant even after allowing for delays in the occurrence of illness



and hospitalization. The findings should make an important contribution to the fields
of transportation policy and public health.

This dissertation is composed of five chapters, including this introductory chapter.
Chapter 2 is the first essay of the dissertation, which is related to the effect of fuel
prices on vehicular emissions in metropolitan areas. Chapter 3 is the second essay,
which examines the environmental effect of the driving restrictions program in Quito.
Chapter 4 is the third essay, which examines the health effect of driving restrictions.
Chapter 5 summarizes the findings from this dissertation and provides suggestions

for future work.



Chapter 2

The Effect of Fuel Prices on
Vehicular Emissions in

Metropolitan Areas

2.1 Introduction

Traffic congestion carries social as well as individual costs. According to an urban
mobility report, commuters in the 10 most congested cities in the world spend an
average of 42 hours a year just sitting in traffic.! Another estimate from the report
suggests that drivers in the United States waste 2.9 billion gallons of gasoline by sitting
in traffic, and the value of the wasted fuel and time lost due to traffic congestion is
more than $121 billion per year. Not only does traffic congestion waste time and
fuel, it also can pose a threat to health due to the air pollution generated by vehicles.
Many studies have linked vehicular emissions to adverse health effects (e.g., Schwartz,
1999; Kunzli et al., 2000; Metzger et al., 2004a; Currie and Walker, 2011).

To cope with the problems caused by heavy traffic, cities across the world have

!Urban Mobility Report, Texas A&M Transport Institute, 2012.



tried various policy interventions. For example, drivers in cities including London,
Stockholm, and Milan are required to pay a fee for traversing the center of these
cities or other congested areas. High-occupancy vehicle (HOV) lanes are reserved at
peak travel times for the exclusive use of vehicles with more than one occupant. In
other cases, restricting vehicle usage based on a vehicle’s license plate number, and
providing and improving alternative options such as a public transit system are part
of the efforts to reduce traffic congestion and consequent problems.

In addition, fuel price policies, such as fuel taxes, have been used in many cities,
and several studies have explored the environmental effectiveness of these policies.
For example, Davis and Kilian (2011) examine the relationship between the change
in gasoline prices and the change in carbon dioxide emissions in the US using gasoline
taxes as an instrumental variable (IV) for gasoline prices. Kim et al. (2011) also
discuss the relationship between gasoline prices and carbon dioxide emissions using the
data for South Korea. Schmitz (2012) explores the expected reductions of greenhouse
gases (GHG) given hypothetical increases in gasoline prices in Belgium. These studies,
however, have only provided indirect estimates, which rely on fixed rates for emissions.
There are limitations in using the fixed rates as discussed in Section 2.2.

In this study, I conceptually define the “fuel price elasticity of vehicular emissions”
and then directly estimate it, without depending on fixed rates, for a sample of
34 counties in ten US metropolitan areas for the period 2003-2012. I employ an
instrumental variable (IV) approach to address a well-known potential for endogeneity
of fuel prices. I use the first purchase price of crude oil at each PADD (Petroleum
Administration District of Defense) of the US as an instrument. To introduce regional
variation in the IV, the distance to the nearest port at each same county is interacted
with the instrument. The IV is not only correlated with the fuel prices at the pump
but also serves as a county-specific supply-side shock that allows the identification of

the parameters of the vehicular emission equation. The results suggest that higher



gasoline prices can restrain vehicular emissions, and the emission sensitivity differs
across regions.

This study builds on previous work in several ways. First, I examine the effect
of fuel prices on vehicular emissions by directly estimating the “fuel price elastic-
ity of vehicular emissions,” without depending on any fixed rates. I estimate the
elasticity using ambient concentrations of carbon monoxide (CO) as a measure of
vehicular emissions. As explained in Section 2.3.1, CO concentrations generally track
the temporal and spatial distributions of vehicle traffic flows; thus, the estimate is a
reasonable proxy of drivers’ responsiveness to higher fuel prices. I believe the elas-
ticity can be utilized in the traffic congestion analysis. Second, to the best of my
knowledge, this is the first study that provides local estimates of vehicular emission
sensitivity to fuel prices. As discussed in Section 2.3.2, vehicular emissions vary con-
siderably across counties even within the same metropolitan area. This study utilizes
county-level data on CO concentrations to incorporate the regional variation in emis-
sions. Third, I explore whether and why the vehicular emissions sensitivity varies
across regions. I find some evidence of the heterogeneity in the elasticity across re-
gions, which can be explained by differences in the level of pollution, traffic volume,
and public transit usage. This might suggest that we can increase the environmental
effectiveness of fuel price policies by incorporating those local characteristics. Lastly,
the use of an IV approach helps to obtain a valid casual estimate of the effect of fuel
prices on vehicular emissions. I use the first purchase price of crude oil as an IV for
local gasoline prices, and introduce more variation in the IV by having it interact
with a county-level variable.

The rest of this paper is structured as follows. Section 2.2 provides a review of
related studies, including analyses of the price elasticity of fuel consumption and the
elasticity of vehicle-miles-traveled (VMT). Section 2.3 provides a conceptual back-

ground and the description of the sample area and data. I explain why CO can serve



as a good proxy for vehicle usage in this section. The empirical strategy and results

are presented in Sections 2.4 and 2.5, respectively. Conclusion follows in Section 2.6.

2.2 Literature Review

In this section, I discuss previous studies that are related to my study. One set
of studies relevant to my study is the work that examines the effect of fuel prices
on vehicle usage. There are various measures for vehicle usage, but vehicle-miles-
traveled (VMT) has been the measure most used in the literature. VMT elasticity, or
more precisely the price elasticity of VMT, is defined as percentage change in VMT
in response to a 1% change in the price of VMT. The price of VMT denotes the
per-mile cost of vehicle usage, which includes time cost as well as fuel cost (Small,
1992; Goodwin, 1992). However, the time cost is rarely considered in the literature,
and the fuel price is used as a proxy for the price of VMT. The VMT elasticity has
received attention because it provides the basis for anticipating and evaluating the
effectiveness of price-related transportation policies like fuel taxes, efficient road and
parking pricing, and distance-based car insurance (Litman, 2013).

The analysis of the VMT elasticity usually begins by deriving the demand equa-
tion for VMT and identifying its determinants. VMT is affected by various factors;
socioeconomic and demographic characteristics are the major contributing factors in
addition to fuel prices. For example, income (Brownstone and Golob, 2009; Fulton
et al., 2000; Greene et al., 1995; Noland, 2001), population size (Fulton et al., 2000;
Greene et al., 1995; Noland, 2001), age (Brownstone and Golob, 2009; Greene et al.,
1995), gender (Greene et al., 1995), race and the number of children (Brownstone and
Golob, 2009) are considered as determinants of VMT. Among these factors, income
and population size have received the most attention and have shown a positive effect

on VMT in many cases. Some studies use VMT per capita instead of the total VMT



in order to control for different population sizes. In addition to socioeconomic and de-
mographic characteristics, highway capacity, measured by lane miles (Noland, 2001;
Rentziou et al., 2012), residential density (Brownstone and Golob, 2009), weather
conditions (Hanbali and Kuemmel, 1993; Keay and Simmonds, 2005), and working
environment such as telecommuting (Choo et al., 2005) have also been considered.

Existing estimates of the VMT elasticities are less than one (in absolute value)
on average, indicating that vehicle usage is inelastic in response to fuel price changes.
The estimates vary depending on the sample region and period, time horizon (short-
run or long-run), and the data being used for the analysis. In the US, the short-run
VMT elasticity estimates range from -0.026 (Hymel et al., 2010) to -0.34 (Li et al.,
2012). The VMT elasticity declined over the last quarter of the 20th century in the
US (CBO), but a more recent study shows that VMT has become more price-elastic
again (Litman, 2013).

Regarding the time horizon of analysis, de Jong and Gunn (2001) discuss that
vehicle usage becomes more elastic in the long run because people can respond to a
fuel price change by some combination of adjusting their number of trips, destination
choice, and relocating, while they can respond only by adjusting the number of trips
in the short run. However, some studies show that vehicle usage can be inelastic to
a fuel price change even in the long run because of the rebound effect. This effect
suggests that a high fuel price could stimulate technical improvement of fuel efficiency
and trigger more trips (Greene, 1992; Frondel, 2012; Small and Van Dender, 2007;
Wang et al., 2012).

Another set of studies relevant to my study is the work that estimates the price
elasticity of fuel demand. There are extensive studies on this topic (e.g., Baltagi and
Griffin, 1983; Burke and Nishitateno, 2013; Eltony, 1993; Alves and Bueno, 2003;
Sterner et al., 1992; Nicol, 2003; Brons et al., 2008; Knittel and Hughes, 2008; Dahl,
2012; Knittel et al., 2011; Ben Sita et al., 2012; Lin and Zeng, 2013; Wadud et al.,

10



2009). Not only does this literature provide the basis for analyzing fuel-price-related
policies in the transportation sector, it also provides useful empirical strategies and
econometrics.

The empirical strategies utilized for estimating the price elasticity of fuel demand
have been developed in various ways. First, studies have identified a larger set of
variables that may affect fuel consumption and have controlled for them when esti-
mating the elasticities. Income, income per capita, or a proxy is included in most
studies because income affects overall consumption, including but not limited to fuel
consumption. However, when a first-difference model is used, income is excluded from
the equation since it exhibits little variation over time (Davis and Kilian, 2011).

Expanding the analysis of the effect of income, some studies have explored the
distributional effects of fuel price policies. For example, Lin and Zeng (2013) include
the income variable interacted with the price variable in the equation for gasoline
demand in China to see how income affects the price elasticity. They find a positive
coefficient of the interaction term, which indicates that consumers become less price
elastic as income increases. They attribute the decreasing elasticity to a decreased
budget share of fuel consumption as income increases. Wadud et al. (2009) find a
similar result. They estimate the price elasticities of gasoline demand for different
income quintiles in the United States, and find that the lowest income quintile has
the largest price elasticity (in absolute value).

Variables that reflect macroeconomic conditions are also considered as covari-
ates of fuel consumption. They have been believed to affect consumers’ purchasing
power or overall consumption propensities. The macroeconomic variables include un-
employment rate, interest rate, and inflation rate (Eltony, 1993; Alves and Bueno,
2003; Knittel and Hughes, 2008; Lin and Zeng, 2013). Knittel and Hughes (2008)
find that macroeconomic variables are jointly significant and excluding them may in-

flate the price elasticity of fuel demand. In addition to the macroeconomic variables,
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population size is included in the demand equation when aggregate consumption is
investigated; otherwise consumption per capita is used.

Studies of the price elasticity of fuel demand have been developed by way of solving
issues in estimation strategies. When estimating fuel price elasticities, the potential
simultaneous bias is one of the major concerns. Fuel prices are determined by both
demand and supply in the market; therefore relying on a single equation (demand
equation) could result in biased estimates. Studies have examined the endogeneity
of fuel prices and have found that the OLS estimates are biased toward zero because
of the endogenous fuel prices (e.g., Burke and Nishitateno, 2013; Davis and Kilian,
2011; Kim et al., 2011; Knittel and Hughes, 2008; Lin and Zeng, 2013).

To cope with the endogeneity issue, many studies employ an instrumental variable
(IV) approach. Davis and Kilian (2011) and Kim et al. (2011) use gasoline taxes
as an IV for fuel prices. The tax rate is correlated with the total retail gasoline
price. However, it is debatable whether the tax is uncorrelated with the error term
of the demand equation. According to those two studies, the tax rate, which is a
policy decision, is affected by the current level of consumption. This means that the
tax may not be a valid IV. Nevertheless they use (current) tax rates as an IV for
gasoline prices on the grounds that, in practice, the implementation of tax changes
occurs with some lags, and therefore the current tax rate is uncorrelated with current
consumption in the strict sense. Some studies use international crude oil prices as an
IV for domestic gasoline prices given a high correlation between the two prices (Knittel
and Hughes, 2008; Lin and Zeng, 2013). Burke and Nishitateno (2013) estimate the
price elasticity of gasoline demand for 132 counties using each country’s oil reserves as
an IV for domestic gasoline prices, in addition to international crude oil prices. Both
crude oil prices and oil reserves are highly correlated with domestic gasoline prices
and serve as “supply-curve-shifters” that can identify the parameters in the demand

equation. They supplement the discussion with relevant tests.
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There are some studies that discuss the time series properties of the data, such as
stationarity. They focus on the fact that gasoline consumption and prices are non-
stationary, and therefore one cannot make valid inference from the OLS estimates.
That is, when variables are highly persistent and trending, the regression coefficients
can be significant just because of the trends even though they are unrelated. As
a solution to this non-stationarity issue, some studies estimate the elasticities after
taking the first-difference on variables (Davis and Kilian, 2011; Sentenac-Chemin,
2012). Others depend on a co-integration method in dealing with non-stationarity
(e.g., Bentzen, 1994; Ramanathan, 1999; Park and Zhao, 2010). When non-stationary
variables are co-integrated, there exists a consistent trend and a long-run equilibrium
between them, and the OLS estimates are super consistent (Stock, 1987).2

While an extensive literature exists on the fuel price elasticity of VMT and de-
mand, few studies to date have examined the effect of fuel price on vehicular emissions
using a regression analysis. They relate a hypothetical fuel price (tax) change to a re-
duction in emissions using analyses of the fuel price elasticity of demand or the VMT
elasticity. They assume that the effect on emissions is proportional to the effect on
vehicle usage or quantity demanded, and calculate the effect on emissions using a
fixed rate, such as an emission factor or a sector-contribution rate. An emission fac-
tor is a number that relates the amount of pollutant emitted to a certain activity
associated with the emissions. A sector-contribution rate is a fraction of the total
emission from the sector of interest, such as the transportation sector. In this way,
Davis and Kilian (2011) find that a 10-cent increase in gasoline tax would reduce
carbon dioxide emissions in the United States by 0.48 percent. Kim et al. (2011) find
that carbon dioxide emissions in South Korea would be reduced by 916,124 tons with
a gasoline tax increase of 50,000 Korean Won (54 US 2007 dollars). Schmitz (2012)

estimates the reduction of GHG emissions depending on three different scenarios in

2Super consistent estimators converge at a faster rate than normal.
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Belgium: when gasoline prices increase by 10%, 20%, and 30% from the base year
(2007) there are reductions of GHG emissions by 1.8%, 3.6% and 5.4%, respectively,
in the short term. He estimates a larger reduction in the medium-run, given more
elastic demand, i.e, a reduction of 2.3%, 4.6% and 6.9% for each scenario of gaso-
line price increase. However, the fixed rates are constructed measures using available
data; that is, they have inherent limitations in providing accurate estimates. More
importantly, the fixed rates can be endogenous if their components are affected by
fuel prices. For example, a certain level of fuel efficiency is assumed when fixed rates
are constructed. However, they are no longer fixed if fuel efficiency is affected by a
change in fuel prices. Furthermore, the fixed rates reflect a long-term average value
for a large area; therefore, they may not be ideal for local estimates, which should
reflect the regional variation in emissions.

There is one study that relates the fuel price and emissions directly in a regression
design: Cozad and LaRiviere (2013) find that the fuel price increase in 1979 reduced
the auto vehicle carbon dioxide emissions in the United States. However, the study
has some limitations. Cozad and LaRiviere treat the price skyrocketing in 1979, which
is exceptionally large, as a natural experiment in an event study design; therefore,
it only provides the average change in carbon dioxide emissions before and after the
event (price skyrocketing). It is hard to develop a continuous relationship between
fuel price and emissions or the emission sensitivity.

In sum, though a large number of studies have investigated the effects of fuel price
on vehicle usage or fuel consumption, a relatively small number of those studies have
extended the analyses to the effect on emissions. Furthermore, existing studies only
provide limited estimates that depend on fixed rates and cannot incorporate regional
variation in emissions. There is a need for studies that provide emission sensitivity
to fuel prices by directly estimating the effect of fuel prices on vehicular emissions,

without depending on any fixed rates. Furthermore, localized estimates are needed
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given regional variations in vehicular emissions.

2.3 Background

2.3.1 Fuel Prices, Vehicle Usage, and Emissions

Figure 2.1 illustrates the mechanism through which gasoline prices affect vehicular
emissions. It consists of three relationships: gasoline prices and vehicle usage, vehicle
usage and CO emissions, and CO emissions and CO concentrations. I start by ad-
dressing the relationship between gasoline prices and vehicle usage. There are other
factors that could affect vehicle usage, but fuel costs account for the biggest part of the
total cost of vehicle usage (Small, 1992; Waters, 1992; Goodwin, 1992). Studies show
that vehicle usage is also affected by income, population size, demographic charac-
teristics, economic conditions, weather conditions, and road supply (Brownstone and
Golob, 2009; Fulton et al., 2000; Greene et al., 1995; Noland, 2001; Rentziou et al.,
2012; Hanbali and Kuemmel, 1993; Keay and Simmonds, 2005). These factors need
to be properly controlled for to identify the effect of fuel prices. Vehicle usage (V)

can be written as a function of fuel prices (P) and other factors:
V =V (P, Inc., Pop., DemoChar., EconCond., Weather, RdSup.). (2.1)

Next, vehicular emissions are affected by vehicle usage. There are several pollu-
tants emitted from motor vehicles, including carbon monoxide (CO), carbon dioxide
(CO3), and nitrogen oxides (NO,,). Of these pollutants I use CO as a measure of ve-
hicular emissions because the majority of CO is emitted from vehicles. According to a
report by the US Environmental Protection Agency (EPA), gasoline-powered vehicles
are the major source of CO emissions. Nationwide about 86% of carbon monoxide

is emitted from mobile sources, and 69% of it is from road transportation. Given

15



that 98% of road transportation is gasoline-powered, 58.4% of total CO emissions are
from gasoline vehicles.®> Though the majority of CO is emitted from vehicles, there
are other sources of CO emissions, such as airplanes, marine vessels, fuel combus-
tion, industrial processes, and fires (see Table 2.1). Accordingly, the function of CO

emissions (E) should incorporate those other sources as well as vehicle usage (V):

E = FE (V,OhterScs., Fuel Ef f.). (2.2)

The equation above includes fuel efficiency because it not only affects CO emissions
but also plays a role in determining the effect of gasoline prices on CO emissions
through the rebound effect. The rebound effect refers to high fuel prices stimulat-
ing technical improvements in fuel efficiency in the long run, and the improved fuel
efficiency triggering more trips. That is, improved fuel efficiency increases vehicle
usage but decreases emissions per trip; therefore, the net effect of higher fuel prices
on emissions is ambiguous in the long run (Greene, 1992; Frondel, 2012; Small and
Van Dender, 2007; Wang et al., 2012). As shown in Table 2.2, the average fuel effi-
ciency has slightly changed over the sample period of this study, from 2003 to 2012;
therefore, the estimate is more likely to reflect a short-run response. However, the
fuel efficiency of new passenger cars has been improved more than the average, and
this needs to be controlled for in the empirical analysis.

CO is used as a measure of vehicular emissions, but we do not observe the actual
amount of CO emissions. What we do observe is measured concentrations of CO,
which is not necessarily linearly related to the amount of emissions. Topography of
the area and weather conditions, such as wind speed, wind direction, and temper-
ature inversion, can affect the ambient concentrations of CO (Jaffe, 1968; Colucci
and Begeman, 1969; Tiao et al., 1975; Kassomenos et al., 2013). Accordingly, CO

concentrations (CO) can be written as a function of CO emissions (E) and other

3 National Summary of Carbon Monoxide Emissions, EPA.
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factors:

CO = CO (E,Weather, Topo.). (2.3)

The ambient concentration of a pollutant can be affected by the chemical properties
of the pollutant (De Leeuw et al., 2000). Pollutants can fall in two categories: primary
and secondary pollutants. A primary pollutant is directly emitted from the source,
while a secondary pollutant is generated in the air when primary pollutants react or
interact under certain conditions. For example, the majority of tropospheric ozone,
a secondary pollutant, is generated when nitrogen oxides (NO,), carbon monoxide
(CO) and volatile organic compounds (VOCs) react in the atmosphere in the presence
of sunlight. Accordingly, the ambient concentration of secondary pollutants is more
likely to be affected by other factors, including their precursors. However, CO is
a primary pollutant that is emitted from the incomplete combustion of fossil and
biomass fuels; thus, CO concentration is relatively less affected by factors other than
its emissions. Chemical reactivity also plays into the relationship between emissions
and concentrations. If a pollutant is highly reactive, it has a very short life-time in the
atmosphere so that the emissions are likely to be underdetected by the concentrations.
However, CO is a non-reactive pollutant in the atmosphere (Seinfeld and Pandis,
2012).

In summary, I estimate the fuel price elasticity of vehicular emissions using the
ambient concentrations of CO. By substituting egs. (2.1) and (2.2) into eq. (2.3), I
write a reduced form model that relates the gasoline prices (P) and CO concentrations

(CO) as below:

CO = CO(P, Inc., Pop., DemoChar., EconCond., RdSup., (2.0
2.4

OhterScs., Fuel Ef f., Topo., Weather).

After carefully controlling for other factors that could affect CO concentrations as well
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as vehicle usage, we can identify the effect of gasoline prices. From the equation above,
I derive the “fuel price elasticity of vehicular emissions.” The elasticity measures the
vehicular emissions sensitivity in response to fuel prices.

I suggest that the fuel price elasticity of vehicular emissions can be a proxy for
drivers’ responsiveness to higher fuel prices. Several studies discuss the relationship
between CO concentrations and traffic flows. Jaffe (1968) compares commuters’ 30-
minutes exposure to CO concentrations under several types of traffic conditions in
cities of the US. The commuter exposure ranges from 1 ppm to 65 ppm, and it shows
relatively high concentrations (over 50 ppm) in the central business areas of the cities
where traffic volumes are high. He also discusses diurnal variation of CO concen-
trations and finds that it resembles the variation of traffic counts. These similar
variations of CO concentrations and traffic flows are discussed in other studies. Tiao
et al. (1975) find that times for morning and afternoon peak CO concentrations and
traffic roughly coincide during weekdays in Los Angeles. Kassomenos (2005) studies
the weekly distribution of CO concentrations in Athens. Given that the majority of
CO is emitted from vehicles and the high concentrations mostly occur in urban areas,
especially during rush hours, he suggests CO as a good indicator of traffic. He also
examines spatial variation of CO concentrations within the city. The highest concen-
trations are observed at the center of the city, and he attributes this to the presence of
highways experiencing heavy traffic. In a study of air pollution near a major highway
in Detroit, Zhang and Batterman (2010) find a linear or piecewise linear relationship,
depending on season, between traffic counts and CO concentrations. They find a
linear relationship in fall and a piecewise relationship in other seasons. In summary,
CO concentrations closely follow the temporal and spatial variations of traffic flows,
and therefore the elasticity estimate, which is measured by CO concentrations, can

be a proxy for drivers’ responsiveness to higher fuel prices.
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2.3.2 Sample Areas

Existing studies that relate fuel price and emissions mostly analyze the relationship
at the national level, without allowing for regional variation. Given the objective
of examining the environmental effectiveness of fuel price policies, the ideal subjects
would be areas suffering from emissions. Accordingly, this study considers urban areas
(metropolitan areas) since urbanization is an important driver of pollution (Grimm
et al., 2008). A metropolitan statistical area (MSA) is a geographical entity delineated
by the US Office of Management and Budget (OMB). It contains a core urban area
with a population of 50,000 or more, central counties, as well as any adjacent counties
that have a high degree of economic and social integration with the urban core.
According to a bulletin by OMB, there were 381 MSAs in the United States as of
January 2013.

The sample areas are chosen based on availability of data for gasoline prices and
CO concentrations. The US Energy Information Administration (EIA) reports weekly
gasoline prices for ten MSAs. They are Boston, Chicago, Cleveland, Denver, Houston,
Los Angeles, Miami, New York, San Francisco, and Seattle.* I will call these ten MSAs
“sample areas” hereafter. An MSA consists of several counties, and the emission levels
vary across counties even within the same MSA (see Figure 2.2). To account for this
regional variation in emissions, I conduct a county-level analysis. In this study, I
particularly consider central counties, the urban core of MSAs. There are 63 central
counties in the sample areas. Table 2.3 provides population estimates and the list
of central counties in the sample areas. However, not all central counties are used
for the analysis because of limited availability of CO data. I only consider central
counties that provide a valid set of CO concentrations. I describe the criteria for a

“valid set” in the following section. Based on data availability, 34 sample counties

4These ten MSAs account for about 27% of total population in all US MSAs based on 2012
population estimates.
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are used for the empirical analysis. They are listed in Table 2.3.

2.3.3 Data

Retail gasoline prices are retrieved from the US Energy Information Administration
(EIA). EIA provides relatively long series of weekly gasoline prices classified by fuel
grade, region, and type (conventional or reformulated). I use prices for regular grade
gasoline in this study because it is the most commonly used type. Table 2.4 represents
the annual motor gasoline sales by grade. Over the last 10 years, sales of regular grade
gasoline have comprised more than 80% of the total sales.

EIA provides price information for specific geographical aggregations, which are
called Petroleum Administration for Defense Districts (PADDs).” In addition to this
PADD-level price, EIA publishes retail motor gasoline prices for nine states and ten
MSAs. In this study, I take advantage of these MSA-level prices.

The 1990 Clean Air Act (CAA) amendment mandates the use of reformulated
gasoline (RFG) in cities with high smog levels. Compared to conventional gasoline,
RFG is blended to burn more cleanly so that it reduces toxic pollutants and smog
in the air. The composition and properties must meet the requirements by the US
Environmental Protection Agency (EPA) under Section 211(k) of the CAA. The first
phase of RFG program began in 1995. The program is currently in the second phase
as of 2000 and is in effect in 17 states and the District of Columbia (EPA). Figure
2.4 shows the map of the current RFG areas. Among the ten sample areas, six areas
use RFG (Boston, Chicago, Houston, Los Angeles, Miami, and New York), either
by CAA requirement or by voluntary participation, and the other four areas use

non-RFG (Cleveland, Denver, San Francisco, and Seattle).

5There are five PADDs in the United States. PADD 1 is the East Coast, PADD 2 the Mid-
west, PADD 3 the Gulf Coast, PADD 4 the Rocky Mountain Region, and PADD 5 the West
Coast. Due to its large population, PADD 1 is further divided into sub-PADDs, with PADD 1A
as New England, PADD 1B the Central Atlantic States, and PADD 1C comprising the Lower
Atlantic States. Figure 2.3 shows the map of PADDs in the United States. Source: US EIA,
http:www. eia. gov/todayinenergy/detail. cfm 2id=4890.
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The data for CO concentrations are retrieved from the EPA’s Air Quality Sys-
tem Data Mart. It provides hourly concentrations of various air pollutants that are
measured at multiple monitoring sites all around the country. I retrieve all the series
of hourly CO concentrations available for central counties in the sample areas from
January 2003 through December 2012.

I only use the central counties that provide a valid set of CO concentrations as
sample counties. Firstly, I exclude concentrations from monitoring sites that are
located within a 1-mile radius of ports. About 93% of CO is emitted, on average,
by mobile sources in the sample counties (see Table 2.1), but mobile sources include
non-road sources such as aircraft and marine vessels. By excluding monitoring sites
near ports, the ambient concentrations of CO can be a more precise proxy of vehicle
usage. Accordingly, some counties have been removed from the sample, for example
Middlesex County in New York MSA, as they only have CO concentrations that are
measured at airports. I additionally exclude counties where the majority of CO is
emitted from non-mobile sources. For example, Lake County in Chicago MSA is
removed from the sample since its fraction of CO emissions from mobile source is less
than 40%, while it is more than 90% in all other sample counties on average. The
counties without enough observations, at least 12-months of CO concentrations, are
also excluded because they may not be able to account for seasonality in pollution.
In total, 34 central counties are used in the analysis.

In some counties, CO is measured at several land-based monitoring sites, and we
need a representative value for each county. I calculate the weighted average CO
concentrations using inverse distance weighting (Neidell, 2004; Currie and Neidell,
2005; Knittel et al., 2011; Xu et al., 2011). The weight is the inverse of the distance
between the monitoring site and the centroid (the geographical center) of the county.
The unweighted average values may not be able to capture the overall vehicle usage

of the county if there is only a single monitoring site in the county. Furthermore,
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the location and the number of monitoring sites are not fixed over time because
some monitors are removed, and new ones are installed in another place. Therefore,
I believe that the weighted average is a better measure for the overall level of CO
concentrations for the county. The weighted average of CO concentrations in county

i at time ¢ (at every hour of the day for now) is calculated as follows (Neidell):

> €0,

COit = 1
ZjD_ZJ_'

where CO{t is the CO concentration measured at time ¢ at monitoring site j in county
1. Dg is the distance between monitoring site j in county ¢ and the centroid of county
i. The centroid is found using ArcGIS based on the coordinates for each county’s

boundaries.®

I measure the distance between a monitoring site and the centroid
using Vincenty-style calculation (Vincenty, 1975). There are two other methods,
Haversine-based (Sinnott, 1984) and Law-of-Cosines-based (Gellert et al., 1977), but
the results from all three methods are statistically indifferent. Though data for CO
is available in a high frequency (hourly), data for other variables, such as income
and population, are not. I use county-month observations, accordingly. Once the
county-hour concentrations are calculated, they are averaged at the monthly level.
The average CO concentration of all sample counties is 0.45 ppm with a standard
deviation of 0.21. The average value of each sample county is plotted in Figure 2.2.
Kings County in the New York MSA shows the highest concentrations followed by
Pierce and Snohomish counties in the Seattle MSA, and Hudson County in the New
York MSA. The lowest concentration is observed in Essex County in the Boston MSA.
The figure shows that CO concentrations vary across counties even within the same

MSA, e.g, Essex County and Kings County in New York MSA.

As discussed in the previous section, other variables that could affect CO concen-

61:1,000,000-Scale County Boundaries of the United States: National Atlas of the United States,
201207, National Atlas of the United States, Rolla, MO.
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trations should be controlled for to identify the effect of gasoline prices. I control for
income, population size, economic conditions, and weather conditions using relevant
variables. The data for personal income in each county is found at the Bureau of
Economic Analysis (BEA). Population information is obtained from the US Census
Bureau. I use the annual Intercensal Estimates of the Resident Population for Coun-
ties. For variables of economic conditions, I use the industrial production index (IPI)
and unemployment rate (UR). The Federal Reserve reports monthly IPI. It measures
real output in the industrial sector, which includes manufacturing, mining, and elec-
tric and gas utilities, and explains the structural developments in the economy. The
data for local UR is retrieved from the Bureau of Labor Statistics (BLS). A set of
meteorological variables are considered. Weather conditions not only affect the am-
bient concentrations of pollutants (Atlas and Giam, 1988; Elminir, 2005), but also
affect vehicle usage (Hanbali and Kuemmel, 1993; Keay and Simmonds, 2005). They
include mean temperature, the number of days with precipitation, and the number
of storm events during a month. All weather data for each county is retrieved from
the National Climate Data Center.

All money values are inflation-adjusted using a monthly consumer price index

from the BLS. Summary statistics for all variables are presented in Table 2.5.

2.4 Empirical Analysis

2.4.1 Baseline Model

To estimate the fuel price elasticity of vehicular emissions, I specify the equation
that relates gasoline prices and CO concentrations. Based on the reduced form in eq.

(2.4), the baseline regression equation is:

InCOy = By + B - In Pricey + By -t + B4 -m(t) + By - Wiy + Bs - Xir + i + i (2.5)
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where InCO; is the natural log of CO concentrations in county 7 in month ¢, and
In Price; is the natural log of inflation-adjusted regular grade gasoline price in month
t in the metropolitan area to which county ¢ belongs. To estimate the elasticity, I use
the natural log of the variables, but keep the variables in levels if they are indices, in
percentage terms, or weather covariates.

The linear trend t is included to capture the effect of any time-varying factors
that can influence CO concentrations, such as fuel efficiency. As shown in Table 2.2,
the average fuel efficiency has changed little, but the fuel efficiency for new passenger
cars has been improved more than the average efficiency. The trend term in the
equation above controls for any change in fuel efficiency. Furthermore, each county
may exhibit a different pace in the change, for example the composition of vehicles
differ across counties; therefore, I allow a county-specific trend. Figure 2.6 provides a
scatter plot of CO concentrations and a linearly fitted line for each county. The fitted
lines are downward sloping in the most of sample counties, except for two, but the
slopes are not identical. For instance, the slopes are relatively steep in Bergen County
and Hudson County, but they are relatively flat in Essex County (in the Boston MSA)
and Cuyahoga County. In Palm Beach County and Rockingham County, the slopes
are positive. The county-specific trend also controls for road supply, which differs
across counties and may change over time.

Though the baseline model includes a county-specific linear trend, the trend may
not be linear. Accordingly, a quadratic trend and a year fixed effect are used for
the robustness check. The year fixed effect allows for the most flexibility, but the
problem is that it could affect the estimated standard errors of the variables that are
measured at the same level (yearly). For example, when a county-specific year fixed
effect is used, we may not draw a valid inference for income and population. These
variables are measured at the county-year level; therefore, they are highly correlated

with the county-specific year fixed effect. In that case, the standard errors of the
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affected coefficients are usually erroneously large. However, the standard errors of
the other variables, such as gasoline price, should not be affected.

m(t) denotes a month fixed effect that controls for seasonality in CO concen-
trations, and is also assumed to be county-specific. Figure 2.7 plots the seasonal
patterns of CO concentrations in the sample counties. The plots are generally U-
shaped, indicating high concentrations in winter and low concentrations in summer.
Some exceptions exist, like Monmouth County, Kings Country, Miami-Dade County,
and Lake County.

The vector Wj; includes a set of meteorological variables. Weather conditions are
controlled for, since they affect not only the ambient concentrations of CO, but also
the vehicle usage. For example, the ambient concentrations of CO and rainfall are
inversely correlated (Atlas and Giam, 1988), and people tend to be reluctant to drive
in inclement weather (Hanbali and Kuemmel, 1993; Keay and Simmonds, 2005). Ac-
cordingly, the mean temperature, the number of days with non-zero precipitation,
and the number of storm events during a month are included as covariates in regres-
sions. The storm events include debris flow, dust devil (whirlwind), flash flood, flood,
funnel cloud, hail, heavy rain, lightning, rip current, thunderstorm wind, tornado,
and wildfire.” A cubic specification is used for these variables.

The vector Xj; includes all other covariates: personal income, population, in-
dustrial production index (IPI), and local unemployment rate (UR). Note that the
observation unit for the variables in vector X;; are not the same as for the dependent
variable given limited data availability. For example, income and population are at
the county-year level, and monthly IPI is at the national level.

v; denotes a county fixed effect that controls for the unobservable county-specific
time invariants, such as topography and demographic characteristics. The coefficient

of interest is #;. It measures the change in CO concentrations in response to a change

"The Storm Events Database, National Climatic Data Center, National Ocean and Atmospheric
Administration.
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in gasoline prices. Given the model specification in double logs, it can be interpreted
as the fuel price elasticity of vehicular emissions. Its sign will be negative if higher
gasoline prices reduce vehicular emissions.

Previous studies have discussed the the endogeneity of fuel prices and have found
that OLS estimates of price elasticity of fuel demand are biased toward zero (Davis
and Kilian, 2011; Kim et al., 2011; Lin and Zeng, 2013). Fuel prices are determined
in the market by both demand and supply; therefore, relying on a single demand
equation results in biased estimates. This study, which finds the effect on vehicle
emissions, does not use any data for fuel consumption. However, the mechanism
through which fuel prices can affect emissions (Fig. 2.1) includes vehicle usage, and
the vehicle usage is strongly associated with fuel consumption in the short run (Parry
and Small, 2005). That is, the problem of endogeneity might be present in this study.
Thus, I employ an instrumental variable (IV) approach.

I use the first purchase price of crude oil (FPPC) as an IV for the local gasoline
prices. The FPPC represents the actual amount paid by the purchaser, allowing for
any deductions or premiums passed on to the producer. The US Energy Information
Administration reports the monthly FPPC for each of petroleum administration for
defense districts (PADDs), and Figure 2.5 shows the average values at each PADD
over the sample period. The average crude oil price differs depending on the location
of purchase; it is the lowest in the PADD 4 and highest in the PADD 2. The difference
between the two districts is about 8 dollars per barrel. I believe the FPPC serves as a
better IV than a uniform crude oil price, i.e., world crude oil price, because the FPPC
accounts for some regional variation across PADDs. However, the FPPC does not
incorporate all regional variation as it is the same for counties within the same PADD.
For example, Essex County in Boston MSA and Palm Beach County in Miami MSA
have the same FPPC since both Boston and Miami belong to the PADD 1. In order to

obtain more variation in the instrument across sample counties, I interact the FPPC
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with the distance to the nearest port at each sample county (C#*).# This distance
variable not only introduce regional variation in the instrument, but also serve as a
county-specific supply-side shock that allows the identification of the parameters in
eq. (2.5). The interacted IV (C#') is correlated with the local gasoline price at the
pump as it is highly affected by the crude oil price and reflects the cost to transport
which might depend on the distance to the port. On the other hand, it is unlikely
that the interacted IV has a direct effect on vehicular emissions. Thus, I believe the
interacted term serves as a valid IV. I conduct a weak instrument test when I present
the results in Section 2.5.

There is another concern for using crude oil prices as an IV for local gasoline
prices, regarding the validity of the IV. This concern arises from the fact that US is
the largest consumer in the crude oil market. In 2012, the world total consumption of
petroleum products and direct combustion of crude oil was 89,721 thousand barrels
per day, and about 20% (18,490.21 barrels per day) of them was consumed by the
US.? Given a large amount consumption, the US consumption may affect the crude oil
prices, and this could be a threat to a valid IV. I test for this potential US consumption
effect using the relative price of crude oil and gold. The crude oil and gold markets
are the two largest commodity markets, and the two prices are cointegrated; there
exists a consistent trend and a long-run equilibrium between them, and they show
a co-movement in the same direction (Narayan et al., 2010; Zhang and Wei, 2010).
Suppose the crude oil price rises due to a large amount of US consumption, the relative
price also rises but less than the crude oil price as the gold price moves in the same
direction. Thus, we could reduce the potential US consumption effect by using the
relative price.

The descriptive statistics for the crude oil prices (FPPC), gold prices, and the

8The distance to the nearest port is calculated using the information about the locations of ports,
retrieved from the Customs and Border Protection, Department of Homeland Security.
9World Oil Consumption, EIA.
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distance to the nearest port are presented in Table 2.5.

In the baseline regression, all covariates are assumed to have contemporaneous
effects, but there could be some lagged effects. For example, the lagged effects of
macroeconomic conditions, such as unemployment rate and real GDP per capita, are
discussed in previous studies (Cantor and Land, 1985; Staiger et al., 1997; Stern,
1993; Laxton et al., 1995). To allow for the possibility that the macroeconomic
variables affect CO concentrations with a lag, 1-period and 2-period lagged values of
the unemployment rate (UR) and industrial production index (IPI) are used for the
robustness check. The lagged values of real income per capita are not included since
it is measured yearly.

I first present OLS estimates, then the two-stage least squares method (2SLS) is
used to check for endogeneity in local gasoline prices. Robust standard errors are
clustered at the MSA level with all sample period in the same cluster. This accounts
for serial correlation as well as contemporaneous correlation in CO concentrations.”

Lastly, I test for the non-stationarity in CO concentrations. Some studies that
estimate the price elasticity of fuel demand have discussed the time-series properties
of the data, and found that the estimates are unreliable when variables are non-
stationary (Davis and Kilian, 2011; Park and Zhao, 2010; Schmitz, 2012). The non-
stationary variables results in a significant coefficient even though they are unrelated
(Granger and Newbold (1974)).

To check for possible non-stationarity in CO concentrations, I conduct a panel
unit-root test. Given the unbalanced panel data set, I use a Fisher-type panel unit-
root test for the natural log of weighted CO concentrations.!* This test combines the
p-values from the panel-specific unit-root tests using four different methods proposed

by Choi (2001). In the test, I include a drift term because the average concentration

0Nonparametric correction for serial correlation performs well with a larger number of groups
(Bertrand et al., 2004).

1 Other types of panel unit-root tests, such as Levin-Lin-Chu test, Harris-Tzavalis test, and Bre-
itung test, require a balanced panel.
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is nonzero in all counties. I also use the option of removing cross-county average from
the data to control for the spatial correlation (Levin et al., 2002). The null hypothesis
being tested is that all panels contain a unit root. Table 2.6 summarizes the results of
the test. Regardless of the methods of combining p-values, including a drift term or
controlling for cross-county correlation, the null hypothesis of a unit-root is rejected

in favor of the alternative that the weighted CO concentrations are stationary.

2.4.2 Heterogenous Elasticity

In the baseline model, I incorporate a regional variation in emissions by using localized
data (at the county level). However, the elasticity itself can differ across regions.
Among the 34 sample counties, 22 counties are in reformulated gasoline (RFG) areas
and 12 counties are in non-RFG areas. Mandating the use of RFG could affect the
price elasticity of vehicular emissions. The elasticity may differ across MSAs, i.e., the
vehicular emissions are more or less sensitive to gasoline prices in Los Angeles than
in New York, though both belong to the RFG areas.

Furthermore, there could also be a seasonal variation in the fuel price elasticity of
vehicular emissions. Some studies of water and electricity consumption have discussed
the seasonality in the price elasticities. Water consumption is found to be slightly
more elastic to marginal water price in summer (-0.23) than in spring (-0.13) or
fall (-0.18) (McGuckin and Stumpf, 1998). Residential and commercial electricity
consumption is more elastic in summer than in winter, while industrial electricity
consumption is most elastic in winter (Paul et al., 2009).

To examine the heterogeneity of the elasticity, I modify eq. (2.5) slightly. The
fixed effects for regions and seasons are not identified because they are collinear with

county fixed effects and month fixed effects, respectively. Accordingly, I interact a
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set of dummies for the fixed effects with the log of the price variable:

InCOy :50+26{'1npriceit+6é't+ﬂ§'m(t)+/84'I/Vit+ﬁ5'Xit+7i+5it~ (2.6)

This yields two different values of 31 for the variation between RFG and non-RFG
areas, ten different values for the variations across MSAs, and twelve different values
for the seasonal variations. It is possible to use a season fixed effect, but it is arbitrary
to group a set of months and assign a season. I use the month fixed effect to see
whether there exists any month-specific effect (or seasonal pattern) in the elasticity.
When comparing the elasticity estimates in the RFG and non-RFG areas, observations
for only the summer season are used, i.e., from June through September, as the RFG

regulation is in effect only during summertime ozone season or VOC control period.

2.4.3 Expanded Sample Areas

I expand the sample areas to include more MSAs in the US. By expanding the sam-
ple areas, one could check for the external validity of the model specification. The
sample areas considered thus far include only six MSAs among the ten most populous
MSAs.'2 The other four MSAs, Dallas, Philadelphia, Washington DC, and Atlanta,
are excluded from the sample areas since there is no MSA-level gasoline price data
available. I include the four areas using the relevant PADD-level prices: the PADD3
prices for the Dallas MSA, the PADD1B prices for the Philadelphia and Washington
DC MSAs, and the PADDI1C prices for the Atlanta MSA. There are some concerns
with using the PADD-level prices. First, the PADD-level prices reflect variations in
other areas as well as the MSA under study. Suppose we estimate the elasticity at

the Dallas MSA using the PADD3 prices. However, the PADD3 prices also reflect the

12The ten most populous MSAs include New York, Los Angeles, Chicago, Dallas, Houston,
Philadelphia, Washington DC, Miami, Atlanta, and Boston, based on the 2012 population estimates
by the Census Bureau.
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variation in areas other than Dallas, for example Houston. Another concern is that
we lose some variation in gasoline prices when adding two or more areas in the same
PADD, e.g., Philadelphia and Washington DC.

Including the four additional MSAs, the new sample consists of 14 MSAs (ten
MSAs in the original sample areas plus four additions MSAs) in total. I refer to
the 14 MSAs as “expanded sample areas” hereafter. The population estimates and
central counties in the four additional MSAs are listed in Table 2.7. Based on the
data availability for CO concentrations, 16 central counties are added. Therefore,

there are 50 central counties in total in the “expanded sample counties.”

2.5 Results and Discussions

2.5.1 Baseline Model

Table 2.8 shows the regression results of the baseline model, eq. (2.5). Each column
of the table provides the regression coefficient and relevant test statistics from OLS
or 2SLS (IV) estimation. The coefficient of price, which is the estimate of the fuel
price elasticity of vehicular emissions, is listed in the top row. I will return to the
other coefficients later. The first column of Table 2.8 shows that the OLS estimate of
the elasticity is -0.23 and is significant at the 5% level. TV estimates are presented in
other columns. The instrument is either the first purchase price of crude oil (P.) or
its interaction with the distance to the nearest port (P.- C4!). The IV estimates are
slightly different from each other, depending on the instrument, but the differences
are statistically insignificant. IV estimates are all significant at the 5% level or better.

As previous studies have pointed out, the OLS estimate is smaller than the IV
estimates in absolute value. This indicates that the OLS estimate is possibly biased
toward zero due to the endogeneity of gasoline prices. To see whether this is the case,

I conduct three types of endogeneity tests, and the results are presented in Table 2.8.
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All three tests have the same null hypothesis of exogenous gasoline prices. Regardless
of the type of the tests, the null hypothesis is rejected at the 5% level when the
instrument is P, (column (2)), but the null hypothesis cannot be rejected at the 5%
level when P,-C#! is used as an instrument (column (3)). Nevertheless, I am inclined
to treat gasoline prices as endogenous for the following reasons. First, the evidence for
endogeneity is stronger than the evidence for erogeneity given the p-values of the tests
statistics (Burke and Nishitateno, 2013). Second, the IV estimate is still consistent
even if gasoline prices are exogenous, while the OLS estimate is inconsistent if the
prices are endogenous. Thus, I treat the gasoline prices as endogenous and employ
IV estimation for the remaining regressions.

Table 2.8 also provides two statistics from the first-stage regression of the 2SLS.
The partial R? measures the correlation between gasoline prices and the IV after
partialling out the effect of other variables included in the first-stage regression. Based
on the partial R%, we can see that P, is more closely related to local gasoline prices
than P,.- C%s!. This makes the estimate in column (3) less preferred. The F' statistic
is for the joint significance of the coefficients in the first-stage regression including
the coefficient of the IV. The F' statistics are pretty high with a p-value of 0 in all
three cases. Given the “joint” significance test, the low p-value may not be sufficient
to conclude that there is no weak instrument problem. However, Stock et al. (2002)
suggest that the inference from 2SLS estimation is reliable with an F' statistic in
excess of 10 when the model includes one endogenous variable. In addition, I conduct
the underidentification test by Kleibergen and Paap (2006), and the null hypothesis
of underidentification can be rejected at the 5% level.

Given the results of the endogeneity tests, the weak instrument test, and the
underidentification test, I believe that the model is well identified, and the IV estimate
is more reliable. Of the two IV estimates, the one with the FPPC interacted with

the distance to the nearest port as an instrument (column (3) of Table 2.8) is less
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preferred based on the first-stage statistics. Therefore, I prefer to use the FPPC as
an instrument for remaining regressions. The preferred IV estimate is -0.34 from the
baseline specification.

The concern of potential US consumption effects arises when the crude oil price
serves as an instrument for gasoline prices in the US, and is addressed by using the
relative price of crude oil. 1 do not find evidence of the US consumption effect that
could be a threat to the validity of the IV. Table 2.9 shows the IV estimates when
the crude oil price (FPPC) as well as its relative price to gold serve as instruments,
and compares the estimates. The magnitude of the estimates slightly increases (in
absolute term) with the relative price, but the differences are negligible.

In the baseline model, I assume a linear trend in CO concentrations. I now relax
this assumption. I run the same model but with other trend specifications, specifically
a quadratic trend and year fixed effects. The coefficients of price are presented in
Table 2.10. The price elasticity estimate falls (become less elastic) with the quadratic
specification of trend but slightly increases (become more elastic) with the year fixed
effects. The second column presents the estimates when a county-specific quadratic
trend is used. The elasticity estimate of -0.20 is significant at the 10% level. T find
that less than one third of sample counties (10 counties) exhibit a significant quadratic
trend at the 5% level, and the magnitude of the coefficient is very small (-0.0007 on
average). The third column presents the estimates when a county-specific year fixed
effects are used. The elasticity estimate is -0.29 and is significant at the 10% level. I
present the coefficients of income and population as well to investigate the collinearity
issue mentioned in the previous section. It seems that the issue arises to some extent
when a county-specific year fixed effect is used (column (3)), especially the standard
error of the coefficient of income is affected a lot. It becomes much larger than those
in other specifications. The standard error of the coefficient of population seems to be

less affected, but the sign of the coefficient is altered even though it is insignificant.
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However, the coefficient of interest, the estimated fuel price elasticity of vehicular
emissions, does not seem to be affected by the year fixed effects, exhibiting the similar
magnitudes of the coefficient. The fixed effect is the most flexible specification for the
trend, and the explanatory power improves a lot with this specification. Accordingly,
the year fixed effects are preferred for controlling for any trend in CO concentrations
due to either change in fuel efficiency, road supply, or any other reasons.

The negative and significant estimates indicate that fuel price can play a role in
reducing vehicular emissions. The preferred specification yields an IV estimate of the
fuel price elasticity of vehicular emissions of -0.29. Using this estimate I calculate the
effect of a m-cent increase in real gasoline prices on vehicular emissions as follows:

AT

g - FlOO
where B is the estimated elasticity and P is the base price of gasoline in cents. I
set the base price at $1.24, the average real gasoline price in the sample. Given the
average elasticity of -0.29 across the sample areas, the effect of a 10-cent increase in
real gasoline prices is a 2.3% reduction in CO concentrations.

I compare the estimate to the findings from the study by Davis and Kilian (2011).
As in my study, they also focus on emissions from the transportation sector in the US,
use monthly data, and account for the endogeneity in gasoline prices. A comparison
between my study and that of Davis and Kilian might not be ideal given the differences
between the two, such as study designs, data sets, and pollutants, but it is useful to
have a benchmark as my study directly relates fuel prices to emissions, for the first
time. Davis and Kilian find that the effect of a 10-cent increase of the gasoline tax is a
0.5% reduction in carbon emissions in the US. The effect is much larger in my study.
There are several possible reasons for this. First, they investigate the effects of “tax”

changes while I focus on “price” changes. However, they comment that there exists a
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near one-to-one relationship between taxes and prices; therefore this difference may
be negligible.!? Second, the low base price can amplify the effect in my study. I use
the average value of real gasoline price over the sample period ($1.24) as the base
price while they use the average value of nominal gasoline price in March 2008, the
last month of the sample period in their study. Given that the elasticity is estimated
using real values, it might be more appropriate to evaluate the effect using real values
as well. Similarly to the study by Davis and Kilian, I evaluate the effect using the
average value of nominal gasoline price across the sample areas in the last month of
the sample period. However, the effect is still larger in my study; the new base price
is $3.48 and the effect of a 10-cent increase in gasoline prices is equivalent to a 0.8%
reduction in CO concentrations.

I attribute the larger effect in this study to different pollutants and sample areas.
I estimate the effect on carbon monoxide (CO) while Davis and Kilian (2011) find
the effect on carbon dioxide (CO;). The choice of outcome measure depends on the
objective of the study, but CO is arguably more relevant when it comes to vehicu-
lar emissions. The effect measured by COs could underestimate the actual effect on
vehicular emissions given that sectors other than the transportation sector produce
significant amounts of CO,.** In addition, I focus on urban areas, while they analyze
the effect at the national level. They also do a state-panel analysis, but do not incor-
porate regional variations within a state. As demand for a good becomes more elastic
with substitutes, drivers’ responses to higher fuel prices can be more elastic with al-
ternative transport modes. Urban areas are more likely to provide such alternatives,
so drivers are likely to respond more strongly to price changes in urban areas.

The IV estimates of the coefficients of all the other variables are in the appendix.

13In their study, they show that a 10-cent tax increase is associated with an 11-cent price increase
(Davis and Kilian, 2011).

4The combustion of fossil fuels to generate electricity is the largest single source of CO5 emissions
in the United States, accounting for about 38% of total CO5 emissions. Transportation sector is the
second largest source of CO4 emissions, accounting for about 32% of total CO5 emissions (Overview
of Greenhouse Gases, Carbon Dioxide Emissions, EPA).
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I do not find any significant effects of income, population, IPI, or unemployment rate.
Regression results indicate that weather variables have effects on CO concentrations.
Storm events and precipitation have negative effects on CO concentrations. Lower
CO concentrations are expected with more storm events or precipitation, due to either
the wash-out effects by wind and rain, or less driving because of inclement weather.
Temperature has a positive effect on CO concentrations.

Table 2.11 shows how the lagged IPI and UR affect the elasticity estimates. Note
that no lagged effects of income and population are considered given that yearly mea-
sures are used for them. All lagged terms have insignificant effect, and the coefficients
of the IPI and contemporaneous unemployment rate are consistently insignificant re-
gardless of inclusion of its lagged values. The elasticity estimate is not significantly
affected by adding the lagged values for IPI and UR. The estimate falls slightly to
-0.26 with the 1-period lagged values, and rises to -0.37 with the 2-period lagged val-
ues. However, the estimates are not statistically different from those in the baseline

model (-0.29).

2.5.2 Heterogenous Elasticity

Table 2.12 summarizes the results of regressions that allow elasticities to vary across
regions and seasons. The first column shows that vehicular emissions during the
summer season are more responsive to price changes in reformulated gasoline (RFG)
areas (-0.98) than in non-RFG areas (-0.84), but the latter is only significant at the
5% level. I introduce further regional variation and estimate the elasticity for each of
the ten MSAs. The second column presents the results. The elasticity is significantly
negative (at the 10% level or higher) in seven MSAs: Miami (-0.86), New York (-0.51),
Seattle (-0.43), Chicago (-0.35), San Francisco (-0.27), Houston (-0.15), and Denver
(-0.12). In the other three areas, the elasticity estimates are insignificant.

To see whether the elasticity estimates are statistically different from each other, I
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conduct pairwise t-tests. The null hypothesis of the test is that the elasticities of two
MSASs are the same. Table 2.13 shows the p-values for the test statistics. To address
the concern of type 1 error, I also present the Bonferroni-adjusted p-values. There
is one case that yields a different test result: the difference between the elasticity
estimates in Denver and San Francisco is significant at the 10% level based on the
unadjusted p-value but is insignificant based on the adjusted p-value at the same
level. In all other cases, the two p-values give the same result. Test results show that
some pairs are statistically indistinguishable, but most pairs show differences at the
5% level.

What creates these differences in elasticities? Table 2.14 shows the correlation
coefficients between the estimated elasticity and some local characteristics. Based on
the coefficients, CO concentrations, public transportation usage, population density,
and commuting times are positively correlated with the elasticity, suggesting that
they make vehicle emissions more elastic to fuel prices. Fuel prices and income are
negatively correlated with the elasticity estimates. However, only some of those
correlation coefficients are significant at a conventional level, and they are in bold in
Table 2.14. CO concentrations are positively correlated with the elasticity estimate.
To the extent that CO concentrations track the temporal and spatial distributions of
vehicle traffic, the effect of fuel prices on vehicle emissions can be larger in areas with
more traffic flows. The positive correlation between the elasticity and commuting
time can also be interpreted in a similar context, since commuting times tend to
be longer in more congested areas. Positive correlation between the elasticity and
population density supports this explanation as commuting times tend to be longer
with population density (Gordon et al. (1989)). The positive correlation between
public transit usage and the elasticity estimates is noteworthy. In general, when
more and closer substitutes are available, the higher the elasticity tends to be, as

people can switch from one to another when prices change. When the cost of driving
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increases because of higher fuel prices, drivers are more likely to reduce vehicle usage
when there is an alternative transportation mode such as public transit. More public
transit usages make vehicular emissions more sensitive to fuel prices.®

The last column of Table 2.12 shows the results of the test for heterogeneity in the
elasticity estimates across seasons. As shown in the table, estimates for all months are
negative but only two of them, for January and February, are statistically significant.
I also conduct pair-wise t-tests on the elasticity estimates, and find that a few of them
are statistically different from each other at the 10% level or better. Moreover, I do
not find any prominent patterns in the elasticity across seasons. This could be due to
the fact that not all sample counties have a long enough time series to estimate the
seasonal effects. For instance, Rockingham County (Boston MSA) and Snohomish

County (Seattle MSA) have 33 and 34 observations respectively, meaning that the

maximum number of observations for each month is three.

2.5.3 Expanded Sample Areas

As discussed in Section 2.4.3, I expand the sample areas to include four additional
MSASs. The results of the baseline regression, with 50 expanded sample counties, are
presented in Table 2.15. The estimated price elasticity is -0.35, which is similar to
the estimate from the original set of sample counties. The four additional MSAs use
PADD-level prices, with two of them (Philadelphia and Washington DC) using the
same prices. I lose variation in prices by adding these two areas together, so I exclude
Philadelphia and run the same model. The elasticity estimate is -0.28, which is not

significantly different from the other two estimates in the table.

15Public transit usage is measured by the unlinked passenger trips per capita. Unlinked passenger
trips is the number of times passengers board public transportation vehicles. Passengers are counted
each time they board vehicles no matter how many vehicles they use to travel from their origin to
their destination and regardless of whether they pay a fare, use a pass or transfer, ride for free, or
pay in some other way (American Public Transportation Association).
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2.6 Conclusion

In this study, I conceptually define the “fuel price elasticity of vehicular emissions”
and then estimate it for a sample of ten US metropolitan areas (MSA) using ambient
concentrations of carbon monoxide (CO) as an outcome measure. I take advantage of
the data on MSA-level gasoline prices and county-level CO concentrations to estimate
the elasticity. To address the potential for endogeneity of fuel prices, I estimate the
elasticities using a 2SLS method with the first purchase price of crude oil at each
petroleum districts (PADD) of the US as an IV for local gasoline prices. To introduce
more variation in the IV across counties, the crude oil price is interacted with the mean
travel time to work. The average elasticity estimate across sample areas ranges from
-0.20 to -0.34 depending on the specification for trend, and the preferred specification
yields an estimate of -0.29. This estimate implies a 2.3% reduction of carbon monoxide
(CO) concentrations in response to a 10-cent increase in real gasoline prices. This
result indicates that fuel prices can play a role in reducing vehicular emissions in
metropolitan areas.

I further investigate whether the elasticities vary across regions and seasons.
Among the ten sample MSAs, Miami shows the most sensitivity (-0.86) followed
by New York (-0.51) and Seattle (-0.43). I conduct pairwise t-tests on the elas-
ticities and find evidence of heterogeneity in the elasticity estimates across regions,
which might be explained by some local characteristics. Vehicle emissions tend to
be more sensitive to fuel prices in areas with more traffic, higher population density,
longer commuting time, and more public transit usage. This suggests that local char-
acteristics need to be considered when designing fuel price policies to increase the
environmental effectiveness of those policies. However, unlike the price elasticities of
water or electricity, I do not find any prominent seasonality in the fuel price elastici-
ties of vehicular emissions. This is likely due to the fact that not all sample counties

have enough observations to estimate monthly effects.
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Though this study uses a sample of ten US MSAs due to limited data on MSA-level
gasoline prices, the results can be generalized to other areas. I expand the sample
to include four more metropolitan areas. Given limited MSA-level price data, I use
PADD-level prices for the additional metropolitan areas. The estimated elasticity is
still negative and significant for these areas.

I believe the elasticity defined in this study provides valuable information for
designing fuel price policies targeted at reducing vehicular emissions. To the best of
my knowledge, this is the first study that incorporates regional variation and provides
local estimates of the sensitivity of vehicular emissions to fuel prices. Given the
close relationship between CO concentrations and traffic flows, the elasticity, which is
measured by CO concentrations, serves as a good proxy for the sensitivity of vehicle

usage to fuel prices.
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Table 2.1: Sources of Carbon Monoxide Emissions in Sample Counties.

Carbon Monoxide Emissions by Source Sector in 2008 (unit: short tons).
Sample Counties (MSA) | Mobile Fuel Combustion Industrial Processes Miscellaneous Fires Solvent Total Mobile/Total *
Bergen (NY) 154811 2538 362 131 0 0 157842 0.98
Essex (NY) 85877 2229 800 134 0 0 89040 0.96
Hudson (NY) 46077 2139 207 98 0 0 48521 0.95
Monmouth (NY) 104200 3391 247 120 285 0 108243 0.96
Morris (NY) 97690 3859 83 99 38 0 101769 0.96
Union (NY) 73319 1453 910 79 0 0 75761 0.97
Bronx (NY) 70715 4051 13 341 0 0 75120 0.94
Kings (NY) 104301 7206 1 560 0 0 112068 0.93
New York (NY) 148211 10112 0 390 0 0 158713 0.93
Queens (NY) 135527 8390 2 396 0 0 144315 0.94
Suffolk (NY) 300721 6814 20 366 0 0 307921 0.98
Los Angeles (LA) 679371 25088 3706 3148 6551 276 718140 0.95
Orange (LA) 232031 7380 147 521 2511 7 242597 0.96
Cook (Chicago) 409404 22151 7989 3026 1266 79 444837° 0.92
Harris (Houston) 540729 14417 10271 1347 0 325 567089 0.95
Broward (Miami) 276924 1734 118 397 0 1 279174 0.99
Miami-Dade (Miami) 367017 1848 2073 878 0 1 371817 0.99
Palm Beach (Miami) 234409 25691 72 498 0 0 260670 0.90
Essex (Boston) 80428 8351 15 339 0 4 89137 0.90
Middlesex (Boston) 204996 10585 67 267 0 9 215924 0.95
Rockingham (Boston) 39611 8567 67 2331 0 0 51784° 0.77
Suffolk (Boston) 64506 4995 1 209 0 3 69714 0.93
Alameda (SFC) 122006 10423 622 435 125 0 133611 0.91
Marin (SFC) 24659 4607 82 81 930 0 30359 0.81
San Francisco (SFC) 49395 3177 71 254 9 0 52906 0.93
San Mateo (SFC) 56828 4853 169 219 483 0 62552 0.91
King (Seattle) 441070 34923 1789 206 0 3 477991 0.92
Pierce (Seattle) 156843 13659 859 166 0 0 171527 0.91
Snohomish (Seattle) 118745 18682 229 629 2001 0 144978° 0.82
Adams (Denver) 76833 3482 867 133 0 0 81315 0.94
Denver (Denver) 113189 3644 275 63 0 0 117171 0.97
Jefferson (Denver) 98357 3985 511 180 0 1 103034 0.95
Cuyahoga (Cleveland) 257911 20150 16691 272 0 18 295042 0.87
Lake (Cleveland) 31149 2013 987 659 0 0 34808 0.89

“Fraction of mobile source emissions.

*The total includes the emission from biogenics.
Source: State and Local Carbon Monozide Emissions, US EPA.
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Bergen(MNY')
Essex(NY)
Hudson({MNY')
Monmouth({MNY')
Marris(MY)
Union{MNY)
Bronx(MY)
Kings(NY)

Mew York({MY)
Queens(MNY)
Suffolk(MY)

Los Angeles(LA)
Orange(LA)
Cook({Chicago)
Harris(Houston)
Broward(Miami)
Miami-Dade(Miami)
Falm Beach({Miami)
Essex(Boston)
Middlessex(Boston)
Suffolk(Boston)
Rockingham(Boston)
Alameda(SFC)
Marin{SFC)

San Francisco(SFC)
San Mateo(SFC)
King(Seattle)
Pierce(Seattle)
Snohomish(Seattle)
Adams(Denver)
Denver(Denver)
Jefferson(Denver)
Cuyahoga(Cleveland)
Lake(Cleveland)

Figure 2.2: Average CO Concentrations in Sample Counties.

Note: Sample period is January 2003 to December 2012.
Source: Air Quality System Data Mart, US EPA.
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Table 2.4: US Retail Gasoline Sales by Grade (thousand gallons per day).

Year Regular Mid-grade Premium Fraction®
2003 48576.4 7919.4 7334.7 0.76
2004 45758.6 6536 6094 0.78
2005 47549.1 6033.2 5395 0.81
2006 49352.8 5544.6 5080.4 0.82
2007 47836.9 4994.2 4822.4 0.83
2008 46633.5 4176.9 4297.7 0.85
2009 42160.7 3537.1 4099.8 0.85
2010 38096.6 3056.4 3544 0.85
2011 33485.5 2489.6 3027 0.86
2012 25158.1 1945.3 2622.4 0.85
2013 20855.3 1596.8 2270.3 0.84

?Fraction of regular grade gasoline sales to total sales.

Source: U.S. Sales to End Users, Total Refiner Motor Gasoline Sales Volumes, US EIA.
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Figure 2.3: Map of Petroleum Administration for Defense Districts in US.

PACD1A:
PADD 4: MNew England
Rocky PADD 2:
ey~ Mountain ' corrat AL NI
West Coast, Midwest
AK, HI * | ,
PADD 1:
East
Coast
PADD1C
PADD 3: Gulf Coast Hantic

Source: US EIA (available at http://www.eia.gov/oog/info/twip/padddef .html).
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Figure 2.4: Reformulated Gasoline Areas.

—1 Coventional
Reformulated

Source: US EPA (available at
http://www.epa.gov/otaq/fuels/gasolinefuels/rfg/areas.htm).
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Crude oil first purchase price ($/barrel)

62

Figure 2.5: Average First Purchase Price of Crude Oil

T T T T T
1 2 3 4 5

PADD

Note: Sample period is January 2003 to December 2012.
Source: US EIA.

49



Table 2.5: Summary Statistics.

Observations Mean Std. Dev. Min. Max.
CO (ppm) 3320 0.45 0.21 0.00 2.24
Gasoline Price” ($/gallon) 3280 2.7 0.74 1.35 4.49
Precipitation (days per month) 3252 5.67 3.83 0.00 30.00
Storm Events® (counts per month) 3278 0.77 1.57 0.00 15.00
Mean Temperature (Celsius) 3247 13.94 8.48 -13.40 32.00
Population (thousand people) 3320 1625.04 1874.40 227.23 9962.79
Income per capita® (thousand $) 3320 23.44 7.41 11.43 54.44
IPI (index) 3320 93.85 4.40 83.03 102.30
Unemployment Rate (percent) 3320 6.62 2.32 2.60 13.90
First Purchase Price of Crude Oil* ($/barrel) 3320 29.13 10.08 11.33 67.86
Gold Price® ($/troy ounce) 3320 383.78 177.35 161.82 879.33
Distance to the Nearest Port® (km) 3320 28.94 18.22 3.84 81.05
CPI (index) 3320 215.73 19.35 162.50 254.55

¢Inflation adjusted.

®Storm events include debris flow, dust devil, flash flood, flood, funnel cloud, hail, heavy rain, lightning, rip current, thunderstorm wind,
tornado, and wildfire.

“The distance from the centroid of each sample county.
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CO concentrations (ppm)

Trend in CO Concentrations in Sample Counties (continued).

Notes: MSA names are in parenthesis. Y-axis is rescaled for each county.
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CO concentrations (ppm)

Seasonality in CO Concentrations (continued).

21, Suffolk (Boston)
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24, Marin (5FC)

25, San Francisco (SFC)
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Notes: Weighted CO concentrations are averaged by month of the year. MSA names are in
parenthesis. Y-axis is rescaled for each county.
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Table 2.7: Population Estimates and Central Counties in Additional MSAs.

MSA Population Estimates® Central Counties® Number of Sample Counties (State) Number of
Name (2012) (State) Central Counties -with a valid set of CO concentrations Sample Counties
Dallas 6,700,991 Collin, Dallas, Ellis, Rockwall, 6 Dallas, Tarrant 2
Johnson, Tarrant
Philadelphia 6,018,800 Burlington, Camden, Gloucester, 11 New Castle, Burlington, Camden, 6
Bucks, Chester, Montgomery, Delaware, Bucks, Montgomery (PA), Philadelphia
Philadelphia, New Castle, Cecil, Salem
M\Mmgbmg: 5,860,342 Montgomery, District of Columbia, 14 District of Columbia, Prince George’s, 5
Prince George’s, Arlington, Fairfax, Arlington, Fairfax, Alexandria City
Fauquier, Loudoun, Prince William,
Stafford, Alexandria City, Fairfax City,
Falls Church City, Manassas City,
Manassass Park City
Atlanta 5,457,831 Cherokee, Clayton, Cobb, Coweta, 16 DeKalb, Fulton, Paulding 3

DeKalb, Douglas, Fayette, Forsyth,
Fulton, Gwinnett, Henry, Newton,
Paulding, Rockdale, Spalding, Walton

“Population estimates are provided by the US Census Bureau.
The list of central counties are provided by the Office of Management and Budget.
¢A valid set of CO concentrations requires the number of observations more than 12 and location of monitoring sites that are not within 1-mile radius

of ports.

Note: State names (in abbreviation) are in parentheses when there are multiple counties of the same name.
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Table 2.8: Baseline Model: OLS and IV.

OLS IV (P.) IV (P, - sty
Price -0.2256%*  -0.3437%** -0.3222%*
(0.0898) (0.1012) (0.1012)
Endogeneity Test Statistics
Non-robust (Durbin) chi-sq stat. 11.8606 2.1434
[0.0006] [0.1432]
Non-robust (Wu-Hausman) F-stat. 10.2030 1.8382
0.0014] [0.1753]
Robust regression F-stat. 6.5371 0.8952
[0.0309] [0.3688]
First-stage Statistics
Partial R? 0.6610 0.3447
F-stat. 748.75 151.305
0.0000] 0.0000]
Underidentification Test
LM-stat. (Kleibergen-Paap) 6.34 6.51
(0.0118] 0.0107]
Observations 3197 3197 3197
Adj. R? 0.6791 0.6785 0.6787

Notes: Dependent variable is the natural log of CO concentrations. IV is the first purchase price of crude
oil (P.) or its interaction term with a county-level variable-distance to the nearest port (P. - C&t). p-
values for the test statistics are in square brackets. Robust standard errors are clustered at MSA level,
and are presented in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Table 2.9: US Consumption Effect on Crude Oil Prices?

P, £
g
Price -0.3437FF%  _(.3890***
(0.1012) (0.0752)
Observations 3197 3197
Adj. R? 0.6785 0.6779

Notes: Dependent variable is the natural log of CO concentrations. IV is the first purchase price of crude
oil (P.) or the relative price of crude oil and gold (%). Robust standard errors are clustered at MSA

level, and are presented in parentheses. ¥** p<0.01, ** p<0.05, * p<0.1.
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Table 2.10: Robustness Check: Various Specifications for Trend.

Linear Quadratic  Year FE

Price -0.3437*** -0.1972* -0.2914*
(0.1012) (0.1045) (0.1585)
Income -0.6143* -0.7780 -0.8620
(0.3271)  (0.5757)  (2.0851)
Population -0.4338 -0.5702 0.1479
(0.2730) (0.4846) (0.5095)
Observations 3197 3197 3197
Adj. R? 0.6785 0.6977 0.7729

Notes: Dependent variable is the natural log of CO concentrations. IV is the first purchase price of crude
oil. Robust standard errors are clustered at MSA level, and are presented in parentheses. *** p<0.01, **
p<0.05, * p<0.1.

Table 2.11: Lagged Effects of Covariates (IPI and Unemployment Rate).

(1) (2) (3)
Price -0.2914*%  -0.2557*  -0.3653***
(0.1585)  (0.1460) (0.1134)
IPI 0.0079 0.0005 0.0001
(0.0060)  (0.0129) (0.0137)
Unemployment Rate -0.0262 -0.0005 -0.0119
(0.0289)  (0.0182) (0.0146)
L1. IPI 0.0112 0.0015
(0.0136) (0.0092)
L2. IPI 0.0095
(0.0105)
L1. Unemployment Rate -0.0220 -0.0186
(0.0144) (0.0300)
L2. Unemployment Rate 0.0120
(0.0210)
Observations 3197 3168 3139
Adj. R? 0.7729 0.7700 0.7652

Notes: Dependent variable is the natural log of CO concentrations. (1) is the baseline model with con-
temporaneous values for industrial production index (IPI), personal income (Income), and unemployment
rate (UR). (2) additionally includes 1-period lagged IPI and UR. (3) additionally includes 1-period and
2-period lagged IPI and UR. “L1.” and “L2.” in front of variables indicate the 1-period and 2-period lags,
respectively. All regressions use the first purchase price of crude oil as an IV for local gasoline prices.
Robust standard errors are clustered at MSA level, and are presented in parentheses. *** p<0.01, **
p<0.05, * p<0.1.
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Table 2.12: Heterogeneous Elasticity.

(1) (2) (3)
Non-RFG Areas -0.8367** New York -0.5078*** January -0.2803***
(0.3899) (0.0819) (0.0939)
RFG Areas -0.9780 Los Angeles -0.0444 February -0.3310*
(0.9373) (0.1285) (0.1758)
Chicago -0.3478%* March -0.3289
(0.1411) (0.2276)
Houston -0.1532* April -0.2880
(0.0908) (0.1907)
Miami -0.8554%#%* May -0.3232
(0.1424) (0.2197)
Boston -0.0171 June -0.2702
(0.1011) (0.2149)
San Francisco -0.2663*** July -0.1747
(0.0885) (0.1783)
Seattle -0.4336%** August -0.0089
(0.0593) (0.1213)
Denver -0.1222%** September -0.1095
(0.0291) (0.1800)
Cleveland 0.1734 October -0.1903
(0.1072) (0.1817)
November -0.1362
(0.1582)
December -0.0681
(0.0965)
Observations 1079 Observations 3197 Observations 3197
Adj. R? 0.8372 Adj. R? 0.7732 Adj. R? 0.7744

Notes: Dependent variable is the natural log of CO concentrations. (1) is for the regression that allows
heterogeneous effects between reformulated gasoline (RFG) areas and non-RFG areas. In this regressions,
observations during summertime VOC control period (June-September) are used. (2) is for the regression
that allows heterogeneous effects across MSAs. (3) is for the regression that allows for seasonal variation.
All regressions use the first purchase price of crude oil as an IV for local gasoline prices. Robust standard
errors are clustered at MSA level, and are presented in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 2.13: Are the Elasticity Estimates Different across MSAs?

New York Los Angeles Chicago Houston Miami Boston San Francisco Seattle Denver Cleveland
New York NA
Los Angeles 0.0000 (0.0000) NA
Chicago 0.0089 (0.0805)  0.0000 (0.0000) NA
Houston 0.0000 (0.0000) 0.0183 (0.1461) 0.0005 (0.0038) NA
Miami 0.0000 (0.0000) 0.0000 (0.0000) 0.0000 (0.0000) 0.0000 (0.0000) NA
Boston 0.0000 (0.0000)  0.3852 (1.0000)  0.0000 (0.0000)  0.0000 (0.0000)  0.0000 (0.0000) NA
San Francisco 0.0000 (0.0000) 0.0000 (0.0000) 0.1603 (1.0000) 0.0000 (0.0000) 0.0000 (0.0000) 0.0000 (0.0000) NA
Seattle 0.0055 (0.0498)  0.0000 (0.0000)  0.3171 (1.0000)  0.0000 (0.0000)  0.0000 (0.0000)  0.0000 (0.0000)  0.0000 (0.0000) NA
Denver 0.0000 (0.0000) 0.5542 (1.0000) 0.1091 (0.7636) 0.7341 (1.0000) 0.0000 (0.0000) 0.3043 (1.0000) 0.0982 (0.2946) 0.0000 (0.0000) NA
Cleveland 0.0001 (0.0000)  0.0000 (0.0000)  0.2586 (1.0000)  0.0000 (0.0000)  0.0000 (0.0000)  0.0000 (0.0000)  0.0000 (0.0000)  0.0000 (0.0000)  0.0065 (0.0065) NA

Notes: p-values for pairwise t-tests are presented in the table. Bonferroni-adjusted p-values are presented in parentheses. The null hypothesis of the test is that two elasticities are the same.
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Table 2.14: Why Are the Elasticity Estimates Different across Regions?

CO conc. Gas. Price Income PT Ridership® Pop. Density®®  Commuting Time”?
Correlation 0.3727 -0.2871 -0.0775 0.4301 0.3649 0.4036
p-value 0.0300 0.0997 0.6631 0.0111 0.0339 0.0179

“Estimated unlinked passenger trips divided by population. Unlinked passenger trips is the number
of times passengers board public transportation vehicles. Passengers are counted each time they board
vehicles no matter how many vehicles they use to travel from their origin to their destination and regardless
of whether they pay a fare, use a pass or transfer, ride for free, or pay in some other way, American Public
Transportation Association.

®Data from State and County QuickFacts, US Census Bureau.

“Persons per square mile, 2010.

?Mean travel time to work (minutes), workers age 16+, 2009-2013.

Table 2.15: Expanded Sample Area.

(1) (2) ®3)

Price 0.2914%  -0.3454%F%  _0.2799%*
(0.1585)  (0.0857)  (0.1226)

Observations 3197 4829 4282
Adj. R? 0.7729 0.7727 0.7776

Notes: Dependent variable is the natural log of CO concentrations. (1) uses original sample counties.
(2) uses expanded sample areas (the central counties in the 4 additional MSAs). (3) uses the expanded
sample areas but counties in Philadelphia MSA. All regressions use the first purchase price of crude oil as
an IV for local gasoline prices. Robust standard errors are clustered at MSA level, and are presented in
parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Chapter 3

Environmental Effects of Driving
Restrictions: Quito’s Pico y Placa

Program

3.1 Introduction

In large cities around the world, heavy traffic has long been considered problematic.
It not only causes the inconvenience of longer travel times, but also affects human
health and welfare through air quality. Road transportation is a major source of
air pollution. In the US, about two-thirds of carbon monoxide is emitted from the
transportation sector and almost 90 percent of it is from automobiles in urban areas
(EPA). Adverse health effects of emissions from road transportation are discussed in
many studies. For example, Currie and Walker (2011) find that air pollution from
road congestion is associated with health conditions among infants, such as low birth
weight and prematurity.

Various policy interventions have been used to alleviate traffic congestion; re-

stricting vehicle usage is one of the interventions. Driving restrictions have been used
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mainly in cities in Latin America and Asia. In some places, they are introduced
temporarily for the purpose of alleviating traffic congestion and emissions during a
specific event, while in other places they are used as a permanent measure. In some
places the restrictions prohibit drivers from using their vehicles, while in other loca-
tions they are not legally binding but need voluntary participation. The days and
times for which certain vehicles cannot be used, and the types of vehicle under the
restrictions vary across cities and over time, but the various programs generally share
the common objective of reducing traffic congestion and air pollution.

There are a small number of studies that exmine the environmental effectiveness of
driving restrictions. Davis (2008) and Gallego et al. (2013) discuss the effectiveness of
driving restrictions in Mexico City. Chen et al. (2013) and Lin et al. (2013) examine
the effectiveness of temporary and permanent driving restrictions in Beijing. Lin et
al. also discuss driving restrictions in Bogota; these are analyzed more in detail by
Bonilla (2013). All these studies conclude that permanent driving restrictions have
not been effective in reducing air pollution levels. Rather, evidence of increased air
pollution has been found in some cities. There is one study that finds a significant
reduction in air pollution after the introduction of permanent driving restrictions in
Beijing (Viard and Fu, 2013).

The most recent city to have adopted driving restrictions is Quito, Ecuador. The
Pico y Placa (PyP) program was introduced in May 2010 in order to reduce air
pollution and traffic congestion in the central part of the city during peak traffic
hours on weekdays. No studies have analyzed Quito’s driving restrictions program,
and I provide the first analysis of the program. I evaluate whether the program
has reduced air pollution levels in difference-in-differences (DD) and triple differences
(DDD) study designs. The features of the program are well suited to exploit temporal
and spatial variations in DD and DDD strategies: (i) the presence of restrictions only

during peak traffic hours and (ii) a restricted zone that is limited to the central part
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of the city.

This study shows that driving restrictions in Quito have achieved modest but
significant reductions in air pollution. Ambient concentrations of carbon monoxide
(CO), a pollutant primarily emitted from vehicles, have dropped by 9-11% during
peak traffic hours. For an extended daytime period that encompasses the hours
when population exposure to air pollution is likely to be highest, CO concentrations
have been reduced by approximately 6%. Given the close relationship between CO
concentrations and vehicle traffic (as discussed in Section 3.3), these reductions in
pollution suggest similar reductions in vehicle flows. A co-authored version of the
work presented in this chapter has been accepted for publication in the Canadian
Journal of Economics.

In the next section, I present a review of the existing literature on driving restric-
tions. In Section 3.3, I provide some more details about the Quito’s PyP program,
along with background information about Quito and its air quality. The empirical
strategy is described in Section 3.4. In Section 3.5, I present and discuss the results.

The final section contains some concluding observations.

3.2 Literature Review

In this section, I review the studies that discuss the environmental effectiveness of

driving restrictions city by city.

3.2.1 Driving Restrictions in Mexico City

On November 20th, 1989, the Mexico City government introduced Hoy No Circular
(HNC), a program that restricts driving within the city and neighboring municipali-
ties. Drivers are not allowed to use their cars one weekday per week between 9 am to

10 pm. Restrictions are based on the last digit of vehicle license plates, and the city
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government assigns the day of no driving for each last digit. For example, vehicles
with 5 and 6 as the last digit are banned from driving on Mondays. Even though
there are some vehicles exempted from the HNC, such as taxis, buses, police cars, fire
trucks and ambulances, 2.3 million vehicles were affected by HNC at the time of its
introduction.

Davis (2008) is the first study that examines the environmental effectiveness of
driving restrictions in Mexico City. He estimates the effect of HNC in a regression
discontinuity design (RD) using various sample periods, which range from two-year
to eight-year windows at around the introduction of HNC in 1989. For example,
the eight-year window sample uses the data from 1986 through 1993. To control for
unobserved time-varying factors, the study includes polynomial time trends in regres-
sions. Five different air pollutants are used as outcome measures: carbon monoxide
(CO), nitrogen dioxides (NOs), ozone (Os), nitrogen oxide (NOy), and sulfur dioxide
(SO3). The RD estimates do not provide evidence of reduction in average levels of
pollutants. Given that the restrictions are in effect during weekdays between 9 am to
10 pm only, drivers may be changing their habits and driving during non-restricted
hours and days, such as night time after 10 pm and weekends. To check this intertem-
poral substitution, the study estimates the effect for three different subsets separately:
peak weekday (5 am to 10 pm), non-peak weekday (10 pm to 5 am), and weekends
(all hours). The results still provide no evidence of improved air quality for any of
the subsets. Rather, the study finds positive and significant effects of HNC for the
non-peak weekdays and weekends. This might indicate intertemporal substitution
of driving after the introduction of HNC. The study also finds that there has been
increased vehicle registration and sales after the introduction of HNC, and the newly
registered vehicles are composed of used vehicles, which cause more pollution than

new vehicles.
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Gallego et al. (2013) also estimate the effect of HNC on air quality in Mexico City.
They use a single pollutant, carbon monoxide (CO), as an outcome measure. The
use of CO is based on the fact that vehicles are the main emitters of CO, and CO is
the only pollutant that is not chemically reactive during daytime. They examine the
short-run and long-run effects separately and find that while there is some evidence
of reduced pollution in the short run, the short-run effect disappeared 11.5 months
after the introduction of HNC. They ascribe the results to unintended behavioral
adjustments in the long run: people buy additional cars to circumvent the restrictions,
and the additional cars are usually older, used cars that emit more pollutants. This

is consistent with the findings in the study by Davis (2008).

3.2.2 Driving Restrictions in Santiago, Chile

In Santiago, permanent driving restrictions have been in effect since 1998. The re-
strictions are in place during morning rush hours in autumn and winter, from April to
August, and are limited to vehicles without catalytic converters. In addition, there
are additional restrictions in place when poor air circulation is expected to dam-
age on citizen’s health. The environmental authorities are supposed to declare an
“alert”, “pre-emergency”, or “emergency”’ a day in advance of the additional restric-
tions, based on the city’s air circulation. On “pre-emergency” or “emergency” days,
vehicles with catalytic converters are additionally subject to the restrictions.

They study by de Grange and Troncoso (2011) estimates the effects of the per-
manent restrictions and the additional restrictions separately. Unlike other studies,
they use a direct measure of traffic flow to estimate the effect of driving restrictions.
The results of linear regressions show no significant reduction in traffic flow when the
permanent restrictions are imposed. De Grange and Troncoso attribute this insignif-
icant effect to a relatively small number of vehicles being affected by the permanent

restrictions. Note that vehicles without catalytic converters are only affected by the
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permanent restrictions. However, they find that the additional restrictions on “pre-
emergency”’ days have reduced traffic flows by 5.5%.

The effect of the additional driving restrictions on “pre-emergency” days is ex-
amined in a subsequent study by Troncoso et al. (2012). They estimate the effect
on daily average levels of air pollution and find reductions in a number of air pol-
lutants on weekdays. However, they do not find such a reduction during weekends.
They examine the effect for before and after 2007 separately, as a modification in
the restrictions occurred in 2007; the additional restrictions on “pre-emergency” days
became more stringent with more vehicles being affected on these days. Troncoso
et al. find that the effect of the additional restrictions on weekday “pre-emergency”

days doubled after 2007.

3.2.3 Driving Restrictions in Bogota, Colombia

Driving restrictions were first introduced in August 1998 in Bogota. They were in
effect during the two peak-time slots on weekdays when they were first introduced: 7
am to 9 am and 5:30 pm to 7:30 pm. The restrictions were applied to private vehicles
only. Vehicles with four different last digits on license plates were restricted for every
weekday; therefore, each vehicle was taken off the road twice a week. One of the
most interesting features of the driving restrictions in Bogota is that, unlike in the
case of Mexico City, the assignment of restricted days is not fixed. Each year the city
government announces the new schedule of restrictions. The restrictions in Bogota
have been through several modifications and have expanded gradually since its first
implementation in 1998. As of February 2009, the restrictions were in effect from 6
am to 8 pm (14 hours per day) for private vehicles on every weekday. Public vehicles
were also affected from 5:30 to 9:00 pm. Private vehicles were taken off the road twice

a week, and public vehicles once a week.
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Lin et al. (2013) estimate the environmental effects of driving restrictions in Bo-

gota, examining the effects of each major policy modification.’

They employ a re-
gression discontinuity design with polynomial time trends using various air pollutants
as outcome measures. They find that the estimated effects on pollution levels for re-
stricted hours and days vary across pollutants: nitrogen monoxide has decreased while
all other pollutants (carbon monoxide, nitrogen dioxides, nitrogen oxides, and ozone)
have increased after the introduction of driving restrictions. Further analysis on the
daily maximum value of pollutants, however, reveals that nitrogen monoxide for the
non-restricted hours and days increased, indicating the intertemporal substitution of
driving. They attribute this heterogeneous effects across pollutants to their different
chemical properties and dynamics in the atmosphere.

Lin et al. also examine the overall effect on pollution levels for all hours and days.
For some cases, for instance the effect of version 3 (modified schedule in June 2004)
on nitrogen dioxides, they find a positive and significant estimate, which indicates an
increased pollution level. However, they do not find negative and significant estimates
for any versions and pollutants.

Bonilla (2013) conducts a study of Bogota’s driving restrictions, focusing on its
effectiveness in reducing air pollution. Given the modifications of the policy over time,
he additionally discusses how the change in the stringency of the policy has influenced
its effectiveness. To identify the effect on the concentrations of carbon monoxide (CO),
he also employs a RD study design but additionally accounts for lagged effects using
an autoregressive distributed lag model. He finds that CO concentrations dropped in
the first few months after its introduction in 1998, but these reductions subsequently
disappeared. Bonilla also finds that the increased stringency in the policy resulted in
higher CO concentrations over the long run. He attributes this increased pollution

to additional purchase of vehicles to circumvent the more stringent restrictions.

IThey examine the effect of four different versions of driving restrictions in Bogota.
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3.2.4 Driving Restrictions in Beijing

During the 2008 Summer Olympics, Beijing and its neighboring municipality, Tianjin,
adopted temporary driving restrictions based on license plate numbers (odd/even)
to reduce road congestion and emissions. Before and during the Olympics, Beijing
implemented other measures to improve the air quality: utilizing more natural gas to
replace coal for electricity generation, suspending some construction that generates a
lot of dust, and reallocating polluting industry plants away from the city. After the
Olympics, the city government of Beijing permanently imposed driving restrictions
starting in October 2008. The restrictions are based on the last digit of license plate
numbers, two digits are affected on every week day. The restricted days are alternated
every thirteen weeks. The affected private vehicles cannot drive from 6 am to 9 pm
(15 hours per day), and the affected government and business vehicles are restricted
all day long. There was a modification in April 2009: the hours in effect for private
vehicles were curtailed to 13 hours per day, from 7 am to 8 pm.

The effectiveness of driving restrictions in Beijing is discussed by Chen et al.
(2013), Viard and Fu (2013), and Lin et al. (2013). Real time concentrations of PM;y,
NOs, SOq, Oy, and CO are measured in multiple monitoring stations in Beijing, but
they are not available to the public. Thus, all three studies use the Daily Air Pollution
Index (API) from both the Ministry of Environmental Protection of China and Beijing
and Tianjin Environmental Protection Bureau. The most prominent pollutant is
identified if the API exceeds 50. Chen et al. supplement the API data with data on
aerosol optical depth (AOD). They find that the temporary driving restrictions based
on odd-even license plates reduced air pollution during the Olympics Games, when
the restrictions were very stringent with 50% of the vehicles taken off the road around
the clock everyday. However, they do not find evidence of reduced air pollution after
the introduction of permanent driving restrictions. These results are consistent with

the findings by Lin et al. They ascribe the insignificant effect of permanent driving
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restrictions to the intertemporal substitution of driving as restrictions are no longer
in place all day long. However, Viard and Fu (2013) find a significant reduction in
pollution after the introduction of permanent driving restrictions by 7-19%.

Overall, existing studies reveal that permanent driving restrictions programs have
generally not been successful in reducing air pollution, except for the study of Beijing’s
case by Viard and Fu (2013). In the case of Mexico City and Bogota, there is evidence

that the restrictions have exacerbated air pollution.

3.3 Background

3.3.1 Driving Restrictions in Quito, Ecuador

The driving restrictions program in Quito, Pico y Placa (PyP), went into effect on
May 3, 2010. It restricts vehicle usage based on the last digit of vehicle license plates.
The assignment of digits to days of the week has not changed since the program’s
introduction.? Affected vehicles are banned from access to the central part of the
city during weekday peak traffic hours: 7:00-9:30 am and 4:00-7:30 pm. There are no
restrictions on weekends or holidays. The program is subject to review, and possible
cancellation, every six months, but it has never been cancelled and remains in place
today. Figure 1 shows the area subject to restrictions.

PyP targets both privately-owned and government-owned light vehicles, namely,
motorcycles, cars, SUVs, and pickup trucks (Agencia Publica de Noticias de Quito,
2010). Taxis and other forms of public transport are exempt from the restrictions,
as are all heavy vehicles. PyP was motivated by a number of objectives; they are
(i) reducing emissions of vehicle pollutants as well as emissions of greenhouse gases;

(ii) reducing traffic congestion; and (iii) reducing gasoline and diesel fuel consump-

2The programs in both Bogota and Beijing alter the assignment periodically in an effort to reduce
the incentive to purchase additional vehicles to circumvent the restrictions (Bonilla, 2013; Viard and
Fu, 2013).
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tion in order to lower government expenditures on subsidies to these fuels (Alcaldia
Metropolitano de Quito, 2010). In principle, during the morning and evening re-
stricted hours, PyP reduces the number of targeted vehicles on the road by up to
20%. On a daily basis, the municipal government anticipated a 2.36% reduction in
the number of vehicles on the road, and an equal reduction in vehicular emissions
(Empresa Municipal de Movilidad y Obras Publicas, 2010).

Under the restrictions, drivers were expected to respond by using public trans-
portation and by increasing ride-sharing in private cars or taxis, as well as shifting the
times at which they drive in the restricted zone (Empresa Municipal de Movilidad
y Obras Publicas, 2010). The municipal government facilitated changes in trans-
portation habits by establishing a number of free parking areas on the periphery
of the restricted zone at which drivers can leave their vehicles and switch to public
transportation.

Compliance with the restrictions are enforced by both the metropolitan police and
the national police. Violators have to pay stiff fines; one-third of the monthly mini-
mum wage (USD 97 as of 2012) are paid for the first-time violation, half the monthly
wage for the second violation, and the full monthly wage for the third and subse-
quent violations (USD 292 as of 2012). In addition to fines, vehicles are impounded
for one (first-time violation) to five days (third and subsequent violations). Available
evidence suggests that enforcement of the program has been strict; 55,000 violations
punished over the first 13 months of the program’s existence (Empresa Municipal
de Movilidad y Obras Publicas, 2011, 2012), and 40,691 violations punished in 2012

(Municipio del Distrito Metropolitano de Quito, Secretaria de Movilidad, 2012).

3.3.2 Air Pollution

A recent report on air quality in the Metropolitan District of Quito (MDQ), the larger

area that includes the city of Quito, indicates that the amount of total pollutants

71



emitted from mobile sources is considerable: more than 95% of carbon monoxide (CO)
emissions, approximately 15% of sulfur dioxide (SOz) emissions, and approximately
50% of both nitrogen oxides (NOx) and particulate matter (PM) emissions (Municipio
del Distrito Metropolitano de Quito, Secretaria de Ambiente (2012), p. 42) are from
vehicles.®> These estimates are for all vehicles, including those that are not subject
to PyP, such as taxis, buses, trucks and other heavy vehicles. A more detailed 2007
emissions inventory for the MDQ indicates that 57.7% of CO, 4.4% of SO,, 18.9%
of NOx, 5.1% of PM10, and 6.5% of PM2.5 are emitted from vehicles subject to
PyP (Corporacion Municipal para el Mejoramiento del Aire de Quito (CORPAIRE),
2009a, pp. 22-23).* The 2007 emissions inventory also shows that a large fraction of
total MDQ pollution originates within the city boundaries: approximately 50% for
CO, 37.8% for SOy, 33% for NOx and 18% for PM10 (Corporacion Municipal para
el Mejoramiento del Aire de Quito (CORPAIRE), 2009a, pp. 30-31).5

Based on the estimates above, ambient concentration of carbon monoxide (CO)
is arguably the most appropriate to measure the environmental effects of PyP. In
general, the relationship between ambient concentrations of a pollutant and emissions
of the pollutant depends on a number of factors, such as the chemical reactivity of
the pollutant, meteorological conditions, and the topography of the area of interest.
CO is a non-reactive pollutant that dissipates relatively quickly in the atmosphere.
Ambient concentrations of CO closely track the temporal and spatial distributions
of vehicular traffic (Corporacion Municipal para el Mejoramiento del Aire de Quito
(CORPAIRE), 2009b; Jaffe, 1968; Tiao et al., 1975; Singh et al., 1990; Morawska
et al., 2002; Schmitz, 2005; Kumar et al., 2008). Gallego et al. (2013) and Bonilla

(2013) use CO concentrations to evaluate the effectiveness of driving restrictions in

3Exact numbers are not provided because the report only presents the information in a bar chart.

4PM2.5 and PM10 refer to particles that are less than 2.5 micrometers and 10 micrometers in
diameter, respectively.

®No estimate is provided for PM2.5.
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Mexico City and Bogota for similar reasons.® However, as Gallego et al. and Bonilla
point out, ambient CO concentrations are not a perfect proxy for traffic flows as they
are affected by temperature inversions, which prevent vertical mixing of air masses
and cause pollutants to be trapped close to the ground (National Research Council,
2003, Chapter 2).” Quito is susceptible to the temperature inversions (Brachtl et al.,
2009; Corporacion Municipal para el Mejoramiento del Aire de Quito (CORPAIRE),
2009b). Controlling for meteorological variables, such as temperature, wind speed,
and relative humidity, may not be adequate to control for the influence of temperature
inversions as they are not closely correlated with those meteorological variables. I

return to the effect of inversions in Section 3.4 below.

3.3.3 Air Quality Monitoring

The air quality and meteorological monitoring network is established in mid-2003 in
Quito. The network consists of several sub-networks, and the relevant sub-network for
this study is a set of eight automated monitoring stations that continuously measure
CO concentrations and other pollutants. Hourly average values for the concentrations
are available to the public. The audit of the monitoring stations by the US EPA and
the evaluations by the municipal organization charged with improving air quality
indicate that the monitoring system is accurate and well-implemented.

The locations of the monitoring stations that are relevant to this study are shown
in Figure 3.1. Four stations are located inside the restricted zone —Belisario, Centro,

Cotocollao and El Camal. The location of Cotocollao station makes it a weak candi-

6 Another candidate pollutant is ozone, but ozone does not closely track the temporal and spatial
distribution of traffic flows. Ozone is generated from a sunlight-catalyzed reaction of pollutants
emitted by vehicles that takes several hours to a day. Ozone concentrations can be high even
on days when traffic flows are low, given similar meteorological conditions (Chinkin et al., 2003;
Blanchard and Tanenbaum, 2006).

"Temperature normally decreases with height above the earths surface. This relationship is
reversed if there is a temperature inversion. FEstablishing the presence of an inversion requires
temperature measurements at various heights above the ground. Routinely reported air temperatures
only measure temperatures at 2 meters above the ground.
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date for inclusion in the treatment group: it is located at the edge of the restricted
zone, and therefore the air quality measurements at this station are likely to reflect
traffic flows both inside and outside the zone. Thus, I restrict the treatment group
stations to Belisario, Centro and El Camal. Four stations are also located outside the
restricted zone, but CO is measured at only two of them—Carapungo and Guamani.
These two stations comprise the control group. Given the proximity between stations,
they are within a few kilometers, there is possibility of spillover effects. First, traffic
flows in the vicinity of the restricted zone are reduced by PyP, to the extent that
traffic into the restricted zone originates or passes through these areas. This is a neg-
ative spillover effect. On the other hand, positive spillovers, which result in increased
traffic lows outside the restricted zone, could also occur. For instance, individuals
who previously shopped within the restricted zone might now choose to shop outside
it. I find limited evidence of negative spillovers but no evidence of positive spillovers.
The negative spillovers would result in the effect of PyP being underestimated in the
difference-in-differences strategy that exploits spatial variation.

Given the varied topography of the city and its surroundings, controlling for local
meteorological conditions are important, since they have a strong influence on the
relationship between vehicle emissions and ambient pollution concentrations (e.g.,
Jaffe, 1968; Tiao et al., 1975; Mukherjee and Viswanathan, 2001; National Research
Council, 2003; Tto et al., 2007). Meteorological data are collected at Belisario, Cara-
pungo, and El Camal, but not at Centro and Guamani. For the latter two stations I

use data from the closest stations —Belisario and Los Chillos.

3.3.4 Carbon Monoxide Concentrations

Table 3.1 displays summary statistics for hourly CO concentrations for the sample
period of January 2008 through December 2012. The sample period selected en-

compasses a four-year window centered on the introduction of PyP. I do not use data
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prior to 2008 in my analyses to isolate the effect of PyP from the effects of other time-
varying factors.® Table 3.1 reveals that mean and median concentrations are higher
at the stations inside the restricted zone, as is the variability of concentrations.

To identify the environmental effects of PyP, I employ difference-in-differences
(DD) and triple differences (DDD) strategies. For these identification strategies to
be valid, the outcome measure, CO concentrations, must be sufficiently localized in
space and in time. Otherwise, the strategies will underestimate the effects of PyP. As
discussed in Section 3.2, existing studies show that CO concentrations are localized in
space and in time. The localized nature of CO concentrations in space can be checked
by examining the correlation of hourly CO concentrations across stations presented in
Table 3.2. The correlations range from 0.23 to 0.77, and there is an inverse relationship
between the correlations and distance between stations, as illustrated in Figure 3.2.
Localization of CO concentrations in time can be verified by examining their diurnal
variation. Figure 3.3 illustrates the diurnal variation of CO concentrations using
data for Centro, and it shows wide swings over the course of the day, especially on
weekdays, with substantial variation over spans of just one to three hours.

I use the natural log of CO concentrations, rather than level, as an outcome
measure, following practice in the existing literature on driving restrictions. In a DD
study design, the outcome measure in log reduces the likelihood of confounding the
effects of PyP, such as reductions over time in average vehicle emissions per mile
traveled. Such reductions could arise simply because of increases in the average fuel
efficiency of vehicles on the road. Ceteris paribus, improved fuel efficiency would
increase the magnitude of differences in vehicular emissions between locations (or
periods) with high traffic flows (i.e., inside the restricted zone) and those with low
traffic flows (outside the restricted zone). However, this is not true of differences in

the log of CO concentrations because these differences track the ratio of emissions

8 Anomalies in some of the meteorological data for earlier years also influenced my decision to use
data from 2008 onwards.
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between the two locations. This ratio would not be altered by an increase in fuel
efficiency alone. However, reduction in vehicle flows at locations (or periods) with

high traffic flows would lower the ratio, as desired.

3.4 Empirical Analysis

I implement the difference-in-differences (DD) method in a regression framework to
identify the effect of PyP on peak-hours air pollution. I mainly focus on pollution
levels during working days as PyP is in effect on these days only. The DD regression
estimates how the treatment has influenced the difference in outcome variables be-
tween the treated and control groups. In this study, the treated group is peak-hours
CO concentrations at stations inside the restricted zone. There are two plausible
control groups: (i) non-peak-hours CO concentrations at the same station, and (ii)
same-hours CO concentrations at stations outside the restricted zone. The former
exploits temporal variation, and the latter spatial variation in the program. Both
types of variation are exploited simultaneously in a triple differences (DDD) strategy.

The causal interpretation of DD estimates hinges on the identifying assumption
that the trends in outcome variables are the same across the treated and control
groups before the treatment. To check the pretreatment trends, Figures 3.4a-e display
monthly averages of the value of log CO at each station for three different subsets of
working-day hours: peak hours (7-9 am and 4-7 pm), nighttime hours (9 pm-5 am),
and off-peak hours (6 am, 10 am-3 pm, 8 pm).

Examining Figures 3.4a-c, especially focusing on the pretreatment period (the
left side of the vertical line), reveals that the off-peak-hours trace (dashed line) more
closely follows the peak-hours trace (solid line) than the nighttime-hours trace (dotted
line) in all three stations inside the restricted zone. That is, the off-peak-hours pollu-

tion is a better counterfactual for the peak-hour-pollution when temporal variation is
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exploited. When the off-peak-hours pollution is used as a control, there is a concern
that traffic shifts toward these hours, which could result in overestimating the effect
of PyP, but the post-treatment traces in Figures 3.4a-c do not provide evidence of
such a shift. I do not observe a relative increase in pollution levels during the off-peak
hours after the introduction of PyP. I test for any traffic shift toward off-peak-hours
when I discuss the results of regressions.

The spatial variation is exploited using the same-hours pollution at the stations
outside the restricted zone as control. Comparing traces for the peak-hours across
five stations in Figures 3.4a-e reveals a little variation in pretreatment trends. For
better comparison between stations inside and outside the restricted zone, Figure 3.4f
displays the average values of log CO concentrations for the peak-hours at the stations
inside and outside the restricted zone. The two traces are nearly parallel before the
introduction of PyP, indicating that the peak-hours pollution at the stations outside
the restricted zone is a reasonable counterfactual for the same-hours pollution at
the stations inside the restricted zone. However, the DD strategy with same-hours
pollution at the stations outside the restricted zone as control is susceptible to possible
spillover effects from PyP. I examine and discuss the spillover effects when I present
the results of regressions.

Both types of variation, temporal and spatial, are exploited in a DDD strategy.
In this strategy, the differences in trends across stations as well as difference in trends

between peak and off-peak hours are simultaneously controlled for.

3.4.1 DD with Off-Peak Hours as Control (DD1)

I start with the simplest DD specification:

log CO},an = afy + o Peaky, - Afteryma + oy Afterynq + asPeaky + €4, (3.1)
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where log CO},,.4, is the log of CO concentration at hour h of day d in month m
of year y at station i, Aftery,q is an indicator variable that takes on a value of 1
from the start of PyP (May 3, 2010), and ¢}, is an error term. Peak takes on
a value of 1 for the peak hours of 7, 8 and 9 am and 4, 5, 6, and 7 pm. Given
that the reported hourly CO concentration is an average of readings taken at 10-
minute intervals starting on the hour and ending 50 minutes after the hour, pollution
readings for this set of peak hours extend 20 minutes beyond the restricted period in
the morning (7:00-9:30 am) and evening (4:00-7:30 pm). As part of the robustness
checks, T omit data for 9 am and 7 pm from the set of peak (and off-peak) hours;
pollution readings then fall short of the restricted period by 40 minutes each morning
and evening.

The coefficient of interest in the above model is . It measures the change in
the mean percentage difference between peak- and off-peak-hours pollution after the
introduction of PyP. Its sign will be negative if PyP has reduced peak-hours pollution
relative to off-peak-hours pollution.

I extend the specification in eq. (3.1) incrementally to control for station and
hour-of-week fixed effects, time fixed effects, and meteorological variables, and the

preferred specification is:

where 87, is a full set of day-hour fixed effects obtained by interacting day of week
and time of day, s, is a set of 60 year-month fixed effects, W, is a vector of
weather covariates and #° is an associated vector of coefficients.”

The day-hour fixed effects (6%,) allow for heterogeneity in pollution levels across

hours of the week, e.g., they allow for pollution at 8 am on a Wednesday to differ

9The inclusion of year-month fixed effects implies that the coefficient af in eq. (3.1) can no
longer be identified; similarly, the inclusion of day-hour fixed effects implies that aj can no longer
be identified.
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in a systematic manner from pollution at 5 pm on a Friday. The year-month month
dummies (y},,) capture the effects of time-varying factors that can influence CO
concentrations during both peak and off-peak hours, such as seasonality, changes in
the number of registered vehicles, changes in the average emissions per mile traveled
of vehicles on the road, changes in the level of economic activity, and changes in
fuel prices.!? T believe these year-month fixed effects are arguably the most flexible
specification in controlling for time-varying factors.

The vector W, 4, includes a host of meteorological variables that can influence CO
concentrations. The set of variables is based on the pollution meteorology literature
and previous studies of driving restrictions. They are: temperature, relative humidity,
precipitation, an indicator variable that takes on a value of 1 for hours in which there
is precipitation, solar radiation, atmospheric pressure, and wind speed interacted
with one of eight dummy variables capturing the eight principal wind directions.
With the exception of the precipitation indicator and atmospheric pressure, a quartic
specification is used for all variables. A linear specification is used for atmospheric
pressure because it exhibits little variation over time. As a result, polynomial terms
are often collinear with the linear term. In all, there are 50 meteorological covariates
for each station. Summary statistics for the meteorological variables are presented in

the appendix.

3.4.2 DD with Outside Stations as Control (DDZ2)

I start by estimating the following basic model:

log CO; g = Yo + nInside’ - Afteryng + 2 Afteryma + ysInside' + €, 4. (3.3)

10Gasoline and diesel prices are regulated in Ecuador. Over the past decade they have changed
infrequently, and by only a few percent.
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The coefficient of interest is ;. It captures the change induced by PyP in the mean
percentage difference between pollution levels inside and outside the restricted zone.
~v1 will have a negative sign if PyP has reduced pollution inside the restricted zone.

I estimate eq. (3.3) by pooling data for all stations. An alternative approach
would be to estimate the equation using data for a single station inside the restricted
zone and a single station outside it, and repeating this for each pair of stations. I
choose to pool the data for all stations because it allows me to incorporate a common
set of year-month fixed effects in the extended specification described further below.
Among other things, these fixed effects correct for seasonal factors that influence CO
concentrations.!!

I once again extend the specification in eq. (3.3) incrementally to control for
station and hour-of-week heterogeneity, time fixed effects, and meteorological factors,

culminating in the preferred specification:

log COY g = 76 + 1idnside’ - Afterymg + 64, + tym + Winan® + €mans (3:4)

where 7 captures station fixed effects, §%, is a full set of station-specific, day-hour
fixed effects, and i, is a common set of year-month fixed effects.

To assess the effect of PyP on peak-hours pollution, I estimate the above models
using data for the set of peak hours defined above. I drop 9 am and 7 pm from this
set as part of the robustness tests so that pollution readings do not extend beyond
the restricted hours.

To examine the traffic shift toward off-peak hours, I also estimate eq. (3.4) using
data for: (i) hours between the morning and evening peaks (10 am to 3 pm), and (ii)
one hour before the morning restriction (6 am), and (iii) one hour after the evening

restriction (8 pm). Traffic shifting by the light-duty vehicles targeted by PyP is likely

HMaking the year-month fixed effects station specific would result in the coefficient of interest, 71,
in eq. (3.3) not being identified, because the interaction term Inside’ - After,mq would be collinear
with the year-month fixed effects.
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to take place within this daytime period, rather than into late-night or early-morning
hours. For these three cases, v; would have a positive value if PyP has simply shifted
traffic from peak hours to these hours. I also run eq. (3.4) using data for nighttime

hours (9 pm to 5 am) to assess any traffic shift toward these hours.

3.4.3 DDD strategy

To account for differences in trends in pollution across peak and off-peak hours as
well as differences in trends across stations inside and outside the restricted zone, I
make use of a triple differences (DDD) strategy. Conceptually, the strategy computes
two pooled DD estimates. The first is obtained by estimating eqs. (3.1) and (3.2)
using pooled data for the three stations inside the restricted zone. In the case of eq.
(3.1), I do not allow any of the coefficients to vary across stations. But for eq. (3.2)
I allow all but the coefficient of interest, a;, to vary across stations. This pooled
DD estimate, which I label a!Y, captures the average effect of PyP on peak-hours
pollution inside the restricted zone with off-peak hours pollution inside the zone as
ouT

the control. The second pooled DD estimate, a , is obtained in the same manner

but using pooled data for the two stations outside the restricted zone. The DDD
estimate is given by the difference ol — o9QVT 12

Formally, the simplest DDD estimate is obtained as follows:

log C’O;mdh = By + BiInside’ - Peak, - Afterymq + BoPeaky, - Afteryma
+BsInside’ - Afteryma + BiAfteryma + BsInside’ - Peaky, (3.5)

—|—/86]nsidei + B7Peaky, + €Zmdh:

where Inside’ is an is an indicator variable that takes on a value of 1 for stations

inside the restricted zone. The coefficient of interest, (3, is by construction equal to

12An alternative approach would be to compute the full set of six DDD estimates given three
stations inside the restricted zone and two outside it. As part of the robustness tests, I compute a
pooled DDD estimate that excludes Carapungo from the control group.
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afN — QT
The specification in eq. (3.6) is extended incrementally to incorporate a full set

of station-specific fixed effects and meteorological covariates:!?

log CO;mdh = By + PrInside’ - Peaky, - Afteryma + BoPeaky, - Afteryma (36)
3.6

FO A+ My + Wnan® + €hman-

I estimate all of the above models (egs. (3.1)-(3.6)) using ordinary least squares.
Serial correlation as well as contemporaneous correlation in pollution across stations
are accounted for by clustering (robust) standard errors at the week level, with all
stations in the same cluster. The gaps introduced in the time series by estimating
models for subsets of hours of the day and week prevent me from using Newey-West

standard errors.!*

3.5 Results and Discussions

3.5.1 Effects of Pico y Placa on Peak-Hours Pollution

In this section, I present the estimated effect of PyP on peak-hours pollution from
the three models— DD1, DD2, and DDD. To conserve space, I only present the coef-
ficient estimates of interest. A larger set of coefficients estimates are provided in the
appendix.

Table 3.3 contains estimates of the DD1 model, which examine the effect of PyP

on peak-hours pollution on working days with off-peak hours pollution as control. The

13The coefficient 33 in eq. (3.5) is no longer identified because the interaction term Inside® -
Afterymaq is collinear with the station-specific year-month fixed effects. Similarly, 35 is no longer
identified because Inside’ - Peaky, is collinear with the station-specific day-hour fixed effects.

4 An analysis of the residuals from regressions using hourly data for all days reveals an AR1
process. Therefore, clustering at the week level should adequately account for serial correlation.
Bertrand et al. (2004) find that in DD regressions, nonparametric correction for serial correlation
performs well given a large number of groups, as is true here given my clustering at the week level
with five years of data.
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coefficient estimates from the preferred specification are presented in the last column.
They are negative and significant at the 1% level across all three stations inside
the restricted zone, indicating reduced peak-hours pollution on working days after
the introduction of PyP. The largest effect is found in El Camel: about 14% of CO
concentrations have dropped in this station. On average, the estimated environmental
effect of PyP from the DD1 model is equivalent to a decrease of CO concentrations
by 10%.

The estimated environmental effect of PyP from the DD2 model is summarized in
Table 3.4. This model estimates the effect of PyP on peak-hour pollution on working
days with pollution outside the restricted zone as control. The last column is for
the estimate from the preferred specification, which reveals that PyP has reduced
peak-hours pollution by 11%.

The results of regressions that examine possible spillover effects and traffic shifting
are presented in Tables 3.5 and 3.6, respectively. These results are important as they
provide the basis for the validity of the DD estimates and their interpretation. As
seen in Table 3.5, T find some evidence of negative spillover effect at the stations
outside the restricted zone: peak-hours pollution has dropped by 3% in Carapungo.
The estimated effect in Guamani is positive but insignificant. The negative spillover
effect found in Carapungo suggests that the effect of PyP can be underestimated
when pollution outside the restricted zone is used as control (DD2 strategy). Thus,
the estimates presented in Table 3.4 need to be interpreted with caution; they might
represent an underestimate of the effect of PyP. Table 3.6 displays the estimated effect
of PyP on a set of non-peak hours. The first three rows are for the estimated effect
of PyP on off-peak hours pollution, and none of the coefficient estimates is significant
at the 5% level or better. The preferred specification in the last column reveals no
evidence of traffic shifting toward either “between peak hours”, “right before morning

restriction”, or “right after evening restriction”. Based on this result, I believe the
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off-peak hours pollution is a valid counterfactual for the peak-hours pollution.

However, nighttime hours CO concentrations inside the restricted zone have in-
creased by 18% after the introduction of PyP. Given that PyP targets light vehicles,
namely motorcycles, cars, SUVs, and pick-up trucks, it is unlikely that these vehicles
are driven during nighttime hours to circumvent the restrictions. Examining Figures
3.4a-e might offer an explanation. For both stations outside the restricted zone (Fig-
ures 3.4d-e), there is a noticeable drop in nighttime pollution after the introduction of
PyP. This post-PyP drop in nighttime pollution at the stations outside the restricted
zone could result in the positive coefficient estimates, which indicate a relative in-
crease in pollution at the stations inside the restricted zone. I cannot find the reason
for the post-PyP drop in nighttime pollution at the stations outside the restricted
zone from the figures. I conjecture that it is due to some other reasons as there is no
reason to believe that PyP induced the drop.

I subject the coefficient estimates from the preferred specification to a set of
robustness tests. Tables 3.7 and 3.8 summarize the results. Both DD1 and DD?2
estimates are quite robust to a different specification for trend (year-week fixed effects
substituting year-month fixed effect), a shorter and symmetric sample period, and a
curtailed set of peak hours that omit observations at 9 am and 7 pm. The latter
is conducted as data for these two hours reflect pollution readings taken 20 minutes
after the end of PyP in the morning and evening, and therefore could mitigate the
estimated effect of PyP. The estimates in Tables 3.7 and 3.8 are very similar in
estimates in the last column of Tables 3.4 and 3.5, respectively.

Before discussing the results from the DDD strategy, I present the DD1 estimates
for the effect of PyP on evening peak-hours only in Table 3.9. This set of regressions is
to examine the possible confounding effect of temperature inversion as evening peak-
hours are not affected by temperature inversion. The estimates from the preferred

specification are presented in the last column, and they are very similar to the estimate
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in the last column of Table 3.3 that are obtained using both morning and evening
peak-hours.

The estimated effect of PyP on peak-hours pollution from the DDD strategy is
presented in Table 3.10. The first and second rows of the table display pooled DD1
estimates at the stations inside and outside the restricted zone, respectively, and the
difference between the two estimates, the DDD estimate, is presented at the third
row. The estimated effect of PyP from the preferred specification is equivalent to a
reduction of CO concentrations by 9%. Table 3.11 summarizes the results of a set of
robustness tests for the DDD estimate from the preferred specification; they are all
significant at the 1% level and are similar in magnitude.

In summary, the DD and DDD estimates reveal that PyP has reduced working
day peak-hours pollution levels; CO concentrations have dropped by 9-11% inside the
restricted zone. I find from the additional analyses for non-restricted days under PyP
(weekends and holidays) that there is no evidence of reduced air pollution on these
days. Thus, the reduction in air pollution on working days was more likely due to

the introduction of PyP.

3.5.2 Were the Effects of Pico y Placa Short-Lived?

Existing studies find evidence that permanent driving restrictions were effective only
for the first few months (Gallego et al., 2013; Bonilla, 2013). I examine whether
the effect of PyP has diminished over time using the DD1 model and the results
are presented in Table 3.12. The first column shows the effect of PyP for the first
20 months after its introduction: the effect is negative and significant at all three
stations inside the restricted zone. The second column shows the change in the effect
of PyP in 2012 compared to the first 20 months. It is positive and significant at
Belisario and Centro, providing some evidence of diminished effect of PyP over time.

The last column shows the total effect in 2012, which is the sum of the entities in
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the first and second columns, and the total effect is negative and significant in all
three stations. This result reveals that, despite the diminished effect over time, PyP
continues to reduce pollution levels well after its introduction.

Then, how can we explain the the diminished effect of PyP over time? An increase
in the number of registered vehicles could be an explanation. According to the data
on vehicle registration, the number of registered vehicles in Quito has increased, but
the rate of increase has slowed down since the start of PyP (Municipio del Distrito
Metropolitano de Quito, Secretaria de Ambiente, 2012). Unlike Mexico City or Bo-
gota, there has been no spike in vehicle registrations after the introduction of PyP in
Quito. Therefore, the increase in the number of registered vehicles was less likely to
be due to households buying additional vehicles to circumvent the restrictions, but

was more likely to be simply because of increasing population and affluence.

3.5.3 Has Pico y Placa Reduced other Pollutants?

I additionally examine the environmental effects of PyP using pollutants other than
CO. According to a report by Municipio del Distrito Metropolitano de Quito, Sec-
retaria de Ambiente (2012), approximately 15% of sulfur dioxide (SOz), and 50% of
both nitrogen oxides (NO,) and particulate matter (PM) are emitted from mobile
sources in the metropolitan district of Quito. To the extent that PyP has reduced
traffic flows during peak hours on working days, the concentrations of those pollutants
would have been reduced somewhat on these same days and hours.

However, there are limits in estimating the effect using these pollutants. First,
we can only observe the effects on NOy and the finest particulate matters (PM,5) as
other chemical compounds in the family of NO, and the particulate matters larger
than 2.5 micrometers are not measured in Quito. Furthermore, data on SO, and
PM; 5 are not collected at Guamani. Thus, the DD strategy with pollution outside

the restricted zone as a control and the DDD strategy may not be appropriate as
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they rely on a single control station, Carapungo, where some evidence of negative
spillovers is found as discussed in Section 3.5.1.

To estimate the effect on other pollutants, I use the DD strategy with off-peak
hours pollution at the same station as a control. The results are presented in Table
3.13. The effect on NO, is significant in all three stations inside the restricted zone:
peak-hour concentrations of NOy on working days have been reduced by 4-7%. The
effects on SO, and PM, 5 are negative, but are not significant for all three stations.
On average, the peak-hour concentrations of SOy and PMs 5 have been reduced by

6% and by 17%, respectively.

3.5.4 Potential Health Benefits from Pico y Placa?

Lastly, I examine whether PyP has reduced daytime hours (6 am to 8 pm) pollution
level and the daily maximum pollution level. I rely on the DD2 strategy with pollution
outside the restricted zone as control.'®> The daytime hours include the period when
population exposure to air pollution is more likely to take place. Thus, I believe the
analysis on these hours would provide an important base for extending the study of
PyP to its effect on public health. The analysis that examines the effect on the daily
maximum pollution level would also provide an additional basis for possible health
effect of PyP. Daily maximum concentrations of various pollutants, in addition to the
daily mean concentrations, have been frequently used in studies on health effects of
air pollution (Morris et al., 1995; Morgan et al., 1998; Wong et al., 2008).

As seen in Table 3.14, PyP has reduced extended daytime hours CO concentrations
by 6%. The coefficient estimate is robust to an alternative specification of trend and
a symmetric sample period. Table 3.15 summarizes the effect of PyP on the daily
maximum level of pollution, using four different pollutants as outcome measures. I

find that the daily maximum concentrations of CO, NO,, SOs, and PM 2.5 have

15The DD1 strategy that uses off-peak hours pollution as control is no longer applicable.
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dropped by 11%, 7%, 5%, and 23% respectively. All estimates are significant at the
1% level. Note that Carapungo serves as a single control unit for regressions using SO,
and PM 2.5 as these are not measured in Guamani. Given the evidence of negative

sillover effects found at Carapungo, the actual effect of PyP could be greater.

3.6 Conclusion

This essay examines the environmental effectiveness of driving restrictions in Quito.
Based on difference-in-differences and triple differences estimators, Quito’s driving re-
strictions program (PyP) has reduced peak-hours concentrations of carbon monoxide
(CO), a pollutant primarily emitted from vehicles. This result holds for other pollu-
tants, such as nitrogen dioxides (NO,), sulfur dioxide (SOs), and the finest particulate
matter (PM 2.5).

Unlike previous studies that examine the effectiveness of similar programs in other
cities, Quito’s driving restrictions program has been successful in reducing pollution
well after its introduction as well as in the short run. It is natural to ask why
this has been the case when the programs in other cities have not. I believe that
vigorous enforcement of Quito’s restrictions can be an answer. There has been a
substantial commitment of police resources to enforcing PyP, and the penalties for
noncompliance have been very stiff. For example, first-time violators had to pay fines
that are equivalent to a third of the monthly minimum salary. In addition to fines,
their vehicles were impounded for one day. For third and subsequent violations, fines
were as much as the full minimum monthly salary, and the vehicles were impounded
for up to five days.

Another reason for the success of the program can be found in the absence of
a spike in the number of registered vehicles in Quito after the introduction of PyP.

In Bogota and Mexico City, drivers responded to the driving restrictions by buying
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additional vehicles to circumvent the restrictions, but I do not find evidence of such
behaviors in Quito. This may be due to an uncertainty about the program’s per-
manency. As described in Section 3.3, PyP is subject to review and re-evaluation
every six months, and these reviews have in fact been conducted (Enteratecuador,
2013). In addition, Quito’s per capita income is one-seventh that of Mexico City and
one-third that of Bogota (Economist Intelligence Unit, 2010). As a result, households
are unlikely to purchase additional vehicles to circumvent restrictions that may not
even exist after six months.

This study examines the environmental effectiveness of Quito’s driving restrictions
program using the sample period that encompasses about two and half years after
the introduction of the program, until December 2012. Thus, the sample period can
be extended to examine the longer-run effect of the program. Extending the sample
period would be interesting as there was a modification in the stringency of the pro-
gram in 2014: fines were halved and vehicles were no longer impounded for violations.
This change provides an additional opportunity to examine the effectiveness of PyP.

In this study, I mainly focus on the pollution levels during hours that are directly
affected by the restrictions (peak-hours). However, additional analysis on the pol-
lution levels during extended daytime hours, from 6 am to 8 pm, reveals that PyP
has also been effective in reducing pollution levels during these hours. The extended
daytime hours include the time period when population exposure to pollution mostly
occur, and therefore, the result suggests potential health benefits from PyP. The re-
sults from regressions on daily maximum pollution levels also support the possibility
of such benefits. High daily maximum pollution levels are associated with negative
health outcomes, and the introduction of PyP has dropped the daily maximum con-
centrations of CO, NOy, SO, and PM 2.5. In the next chapter, I examine the health

effects of PyP.
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Figure 3.1: Map Showing City Limits, Pico y Placa Restricted Zone, and
Monitoring Station Locations.

Note: CO not measured at Los Chillos (G) and Tumbaco (H).
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Table 3.1: Summary Statistics for Hourly CO Concentrations (mg/m?).

Observations Mean Median Std. Dev. Min. Max.
Belisariof 42215 0.88 0.77 0.49 0 4.62
Centrof 42172 0.86 0.75 0.49 0 8.38
El Camal' 42384 0.81 0.71 0.50 0 5.53
Carapungo 41917 0.58 0.50 0.36 0 6.51
Guamani 42406 0.60 0.54 0.30 0 6.43

findicates stations inside restricted zone.

Table 3.2: Correlation Coefficients for Hourly CO Concentrations across Stations.

Belisario Centrof El Camalf Carapungo Guamani
Belisario 1
Centrof 0.71 1
El Camalf 0.56 0.77 1
Carapungo 0.38 0.51 0.53 1
Guamani 0.39 0.49 0.48 0.23 1

findicates stations inside restricted zone.
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Figure 3.2: Distance between Stations and Correlation of Hourly CO

Concentrations.
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Figure 3.3: Diurnal Variation in CO Concentration at Centro.
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Note: Vertical line indicates restricted hours: 7:00-9:30 am and 4:00-7:30 pm.
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Figure 3.4a. Monthly Average of Hourly logCO Concentrations for Selected
Working-Day Hours—Belisario (inside restricted zone).
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Figure 3.4b. Monthly Average of Hourly logCO Concentrations for Selected
Working-Day Hours—Centro (inside restricted zone).
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Figure 3.4c. Monthly Average of Hourly logCO Concentrations for Selected
Working-Day Hours-El Camal (inside restricted zone).
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Figure 3.4d. Monthly Average of Hourly logCO Concentrations for Selected
Working-Day Hours—Carapungo (outside restricted zone).
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Figure 3.4e. Monthly Average of Hourly logCO Concentrations for Selected
Working-Day Hours-Guamani (outside restricted zone).
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Figure 3.4f. Monthly Average of Hourly logCO Concentrations for Working
Day Peak-Hours—Inside and Outside Restricted Zone.
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Table 3.3: Effect of PyP on Peak-Hours Pollution on Working Days: DD1
Estimates with Off-Peak-Hours Pollution as Control.

O ) ) 0
Belisario -0.0571%** -0.0572%** -0.0596*** -0.0593***
(0.0122) (0.0123) (0.0122) (0.0101)
Centro -0.1116*** -0.1101*** -0.1091*** -0.1004***
(0.0123) (0.0124) (0.0123) (0.0114)
El Camal -0.1372%%* -0.1375%** -0.1375%** -0.1462%**
(0.0155) (0.0154) (0.0154) (0.0127)
Day-Hour Fixed Effects No Yes Yes Yes
Year-Month Fixed Ef- No No Yos Yes
fects
Weather Covariates No No No Yes

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
5k 20,001

Table 3.4: Effect of PyP on Peak-Hours Pollution on Working Days: DD2
Estimates with Pollution Outside Restricted Zone as Control.

0 @ G 1)
Peak Hours -0.1330*** -0.1332%** -0.1330%** -0.1121%%*
(7-9 am and 4-7 pm) (0.0227) (0.0228) (0.0229) (0.0233)
Station FE No Yes Yes Yes
Station-Specific Day-Hour FE No Yes Yes Yes
Year-Month FE No No Yes Yes
iszslon—Spomﬁc Weather Covari- No No No Yos

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
w45 20,001,
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Table 3.5: Spillover Effects on Pollution Outside Restricted Zone? DD1
Estimates with Off-Peak-Hours Pollution as Control.

) @

Carapungo -0.0674*** -0.0675*** -0.0346**

(0.0114) (0.0113) (0.0120)
Guamani 0.0025 0.0026 0.0089

(0.0091) (0.0090) (0.0096)
Day-Hour Fixed Effects Yes Yes Yes
Year-Month Fixed Ef- Yes Yes
fects
Weather Covariates No Yes

Notes: Robust standard errors are clustered at the week level.

% <0.001.

*p<0.05, *p<0.01,

Table 3.6: Traffic Shifting Toward Non-Peak Hours? DD2 Estimates with

Pollution Outside Restricted Zone as Control.

0 @ ) @
Between Peak Hours -0.0671%* -0.0690%* -0.0675% -0.0044
(10 am - 3 pm) (0.0295) (0.0297) (0.0297) (0.0341)
One Hour before Morning Restriction -0.0665 -0.0655 -0.0658 -0.0866
(6 am) (0.0421) (0.0422) (0.0424) (0.0534)
One Hour after Evening Restriction -0.0339 -0.0353 -0.0353 0.0807
(8 pm) (0.0447) (0.0447) (0.0452) (0.0487)
Nighttime Hours 0.1185%** 0.1201%** 0.1214%** 0.1843***
(9 pm - 5 am) (0.0317) (0.0320) (0.0323) (0.0380)
Station FE No Yes Yes Yes
Station-Specific Day-Hour FE No Yes Yes Yes
Year-Month FE No No Yes Yes
Station-Specific Weather Covariates No No No Yes

Notes: Robust standard errors are clustered at the week level.

R <0.001.
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Table 3.7: Robustness Tests of Effect of PyP on Peak-Hours Pollution on
Working Days: DD1 Estimates for Preferred Specification with
Off-Peak-Hours Pollution as Control.

Year-Week Symmetric Curtailed

Fixed Effects Sample Peak Hours

Belisario -0.0582%** -0.0548%** -0.0552%**
(0.0100) (0.0109) (0.0085)

Centro -0.0984*** -0.0973%** -0.0844%**
(0.0114) (0.0115) (0.0105)

El Camal -0.13917%%* -0.1557%** -0.1463%**
(0.0130) (0.0144) (0.0118)

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
4% n<0.001.

Table 3.8: Robustness Tests of Effect of PyP on Pollution on Working Days:
DD2 Estimates for Preferred Specification with Pollution Outside Restricted
Zone as Control.

Year-Week Symmetric Curtailed

Fixed Effects Sample Peak Hours

Peak Hours -0.1156%** -0.1189%** -0.1436%**
(7-9 am and 4-7 pm) (0.0232) (0.0255) (0.0237)

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
% n<0.001.
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Table 3.9: Confounding Effect of Temperature Inversion? DD1 Estimates
with Off-Peak-Hours Pollution as Control (Evening Peak-Hours Only).

O ) ) 0
Belisario -0.0438** -0.0443** -0.0451** -0.0622%**
(0.0166) (0.0167) (0.0166) (0.0124)
Centro -0.1159*** -0.1164*** -0.1160*** -0.1101%**
(0.0168) (0.0168) (0.0168) (0.0138)
El Camal -0.0875%** -0.0879*** -0.0879*** -0.1297%%*
(0.0195) (0.0193) (0.0192) (0.0138)
Day-Hour Fixed Effects No Yes Yes Yes
Year-Month Fixed Ef- No No Yos Yes
fects
Weather Covariates No No No Yes

Notes: Robust standard errors are clustered at the week

% <0.001.
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Table 3.10: Effect of PyP on Peak-Hours Pollution on Working Days: Pooled
DD and DDD Estimates.

0 @) G 1)
Pooled DD Inside -0.1018*** -0.1014%** -0.1021%%* -0.1017***
(0.0095) (0.0095) (0.0095) (0.0081)
Pooled DD Outside -0.0324%** -0.0322%** -0.0323*** -0.0127
(0.0079) (0.0078) (0.0077) (0.0083)
Pooled DDD -0.0693%** -0.0691%** -0.0699%** -0.0890%**
(0.0100) (0.0101) (0.0101) (0.0104)
Station FE No Yes Yes Yes
Station-Specific Day-Hour FE No Yes Yes Yes
Station-Specific Year-Month FE No No Yes Yes
iszslon—Spomﬁc Weather Covari- No No No Yos

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
w5k 20,001,

Table 3.11: Robustness Tests of Effect of PyP on Peak-Hours Pollution on
Working Days: DDD Estimates for Preferred Specification.

Year-Week Symmetric Curtailed Without
Fixed
Effects Sample Peak Hours  Carapungo
Pooled DDD -0.0878*** -0.0822%** -0.100 7% -0.1106%**
(0.0102) (0.0111) (0.0093) (0.0114)

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
w5k 20,001,
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Table 3.12: Diminishing Effect of PyP on Peak-Hours Pollution on Working
Days? DD1 Estimates for Preferred Specification with Off-Peak-Hours
Pollution as Control.

Pre-2012 Change in Effect Total Effect
Effect of PyP in 2012 in 2012
Belisario -0.0714%** 0.0321* -0.0394**
(0.0110) (0.0126) (0.0128)
Centro -0.1155%*** 0.0408** -0.074 7%
(0.0124) (0.0139) (0.0143)
El Camal -0.1545%** 0.0221 -0.1324%%*
(0.0147) (0.0157) (0.0147)

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
4% n<0.001.

Table 3.13: Effect of PyP on Peak-Hours Pollution on Working Days (using
other pollutants as outcome measure): DD1 Estimates for Preferred
Specification with Off-Peak-Hours Pollution as Control.

SO, NO, PM, 5
Belisario -0.0480** -0.0503*** -0.1924***
(0.0158) (0.0100) (0.0252)
Centro -0.0365 -0.0372%* -0.1434%**
(0.0211) (0.0130) (0.0239)
El Camal -0.0719%** -0.0723*** -0.0076
(0.0206) (0.0130) (0.0222)

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
¥ p<0.001.
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Table 3.14: Effect of PyP on Extended Daytime Hours Pollution on Working
Days: DD2 Estimates for Preferred Specification with Pollution Outside
Restricted Zone as Control.

Baseline Year-Week Symmetric
Fixed Effects Sample
Extended Daytime Hours -0.0653* -0.06818** -0.0642%*
(6 am - 8 pm) (0.0257) (0.0255) (0.0281)

Notes: Robust standard errors are clustered at the week level. *p<0.05, **p<0.01,
**xp<0.001.

Table 3.15: Effect of PyP on Working Days Daily Maximum Pollution: DD2

Estimates for Preferred Specification with Pollution Outside Restricted Zone
as Control

CO NO, SO, PM 25
PyP 0.11335F  0.0768%FF  -0.46817FF  _0.2312%F
(0.0250) (0.0170) (0.0638) (0.0349)

Notes: Regressions for SOy and PM2.5 use Carapungo as a single control. Daily mean values
are used for weather covariates. Robust standard errors are clustered at the week level.
*p<0.05, **p<0.01, ***p<0.001.
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Chapter 4

Health Effects of Driving
Restrictions: Quito’s Pico y Placa

Program

4.1 Introduction

Air quality has gained increased importance over the past few years in light of public
health concerns. According to a report by the World Health Organization, approx-
imately 3.7 million premature deaths worldwide were attributable to outdoor air
pollution in 2012. A number of studies provide evidence of association between air
pollution and adverse health outcomes (Schwartz, 1999; Kunzli et al., 2000; Metzger
et al., 2004a; Currie and Walker, 2011). In this respect, the transportation sector
needs to receive more attention as it accounts for a large fraction of air pollution. For
example, about 30% of total greenhouse gases are emitted from the transportation
sector in the US (EPA). In addition, air pollution caused by road transportation is
the main contributor to total air-pollution-related health costs (Sommer et al., 1999).

As discussed in the previous chapter, the driving restriction policy is designed to
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cut down air pollution emitted by road transportation. It has been used in several
cities, mostly in Asia (e.g., Beijing and Tianjin) and Latin America (e.g, Mexico City
and Quito). A handful of studies examine the effectiveness of driving restrictions,
focusing on their impacts on fuel consumption, traffic flows, and/or air pollution
(e.g., Eskeland and Feyzioglu, 1997; Davis, 2008; de Grange and Troncoso, 2011;
Viard and Fu, 2013; Troncoso et al., 2012; Gallego et al., 2013). However, no studies
have investigated their impact on and implications for public health. In this study,
I examine the health effects of driving restrictions for the first time by focusing on
Quito, Ecuador.

In Quito, the driving restrictions program has been in effect since May 3, 2010.
The program, which is called Pico y Placa (PyP), limits use of vehicles within the
central part of the city during peak traffic hours on weekdays. Unlike similar pro-
grams in other cities, which have generally not met with success based on existing
studies, Quito’s PyP has been successful in reducing air pollution. In the previous
chapter, I find that PyP has reduced ambient concentrations of carbon monoxide
(CO), a pollutant primarily emitted by vehicles, by 9-11% during peak traffic hours.
During an extended daytime period that encompasses hours when population expo-
sure to air pollution is likely to be highest, CO concentrations have been reduced by
approximately 6%. The effect has diminished, but PyP continues to cause reductions
in pollution levels well after its introduction in May 2010. Given the association be-
tween air pollution and negative health outcomes, such as an increase in mortality
and morbidity, it is natural to ask whether the reduction in air pollution has con-
tributed to improved public health. Examining the health effects would help to assess
the value of reduced pollution.

I evaluate whether PyP has reduced hospitalization, using hospital discharge data
from May 2008 through April 2012. To account for variation in the size of population

at risk, I use the hospitalization rate as an outcome measure. I consider hospital ad-
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missions due to a set of respiratory and cardiovascular diseases that are closely related
to air pollution. Health effects are identified by exploiting two sources of variation,
temporal and spatial, in a difference-in-differences (DD) study design. The driving
restrictions imposed by PyP vary over time; they are in effect during working days
only, while there is no restriction during weekends or holidays. Using this temporal
variation, I compare the change in hospitalization rate for the restricted days and
the change in hospitalization rate for the non-restricted days. Furthermore, spatial
variation is exploited as the restricted zone under PyP is delineated by geographical
entities. The residential information in the hospital data, which is given by parish
code, identifies whether each patient is from the restricted zone. This allows me to
compare the change in hospitalization rate for the restricted zone and the change in
hospitalization rate for the non-restricted zone. Both types of variation are exploited
simultaneously in a difference-in-difference-in-differences study design. Note that I
directly estimate the effects of PyP on the hospitalization rates.

Count data models that account for the overdispersion in hospitalization provide
evidence of positive health effects of PyP. Specifically, weekly respiratory hospital-
ization rate of the elderly has dropped by 13%. The estimated effect is robust to a
longer sample period and other specifications of trend. The effect remains significant
even in regressions with monthly aggregated observations, which allow for possible
delays in the occurrence of illness and hospitalization. I do not find any significant
reductions in hospitalization rates in case of diseases that are unlikely to be affected
by air pollution. Findings in this study suggest that health benefits of driving restric-
tions arise through better air quality, and these benefits should be considered when
driving restriction policies are evaluated.

The remainder of this chapter proceeds as follows. I review relevant previous work
in Section 4.2. In Section 4.3, I present background for this study, including a brief

discussion of count data analysis as well as descriptions of the sample and data. I
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do not describe the details of the Quito’s driving restrictions program as they are
described in the previous chapter. I present the identification strategies in Section
4.4, and discuss the results of the empirical analysis in Section 4.5. Finally, I conclude

in Section 4.6.

4.2 Literature Review

There is an extensive literature that studies the adverse health effects of environmental
degradation. The effect of air pollution has received considerable attention in previous
studies (Dockery and Pope, 1994; Schwartz, 1999; Neidell, 2004; Currie and Neidell,
2005; Currie and Walker, 2011). Zivin and Neidell (2013) attribute this to relatively
abundant data for air quality. In this section, I focus on the studies that examine the
association between air pollution and health outcomes.
Level of Exposure to Air Pollution

Information on the level of exposure to air pollution is needed to link air pollution
levels to specific health outcomes. In previous studies, ambient concentrations of pol-
lutants have been frequently used as a proxy for the level of exposure (e.g., Dockery
and Pope, 1994; Schwartz, 1996; Peters et al., 1997; Zanobetti et al., 2003). One im-
portant assumption here is that the level of exposure is exogenous; that is, individuals
are not aware of the level of pollution and therefore do nothing to reduce exposure.
Under this assumption, the standard regression method can provide unbiased esti-
mates. However, there are factors that can make the level of exposure endogenous.
First, individuals can get information about air pollution and respond accordingly.
For example, individuals may stay inside when air pollution is severe and wear a
mask to reduce the amount of dust inhaled during Asian-dust storm season (Hsieh
and Liao, 2013). That is, individuals can deliberately take action to reduce their

exposure to pollution; Zivin and Neidell (2009) call this action “avoidance behavior”.
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Residential sorting is another major driver of endogeneity of exposure (Zivin and
Neidell, 2013). People choose residential areas based on their preferences, which are
affected by various local attributes, including air pollution. Air quality is capitalized
into housing prices; therefore, families who prioritize having clean air would choose to
live in the area with better air quality (Chay and Greenstone, 2005). It is noteworthy
that Zivin and Neidell distinguish residential sorting from avoidance behaviors based
on their different implications for the estimates. Avoidance behaviors are more likely
to matter in the short run, while residential sorting matters in the longer run. Unlike
residential sorting, avoidance behaviors are “posttreatment” variables, which means
individuals take those actions after they observe pollution levels. Therefore, control-
ling or not controlling for avoidance behaviors does not affect the estimate per se but
it affects the interpretation of the estimate. It provides pure biological effects when
avoidance behaviors are controlled for and shows the net effects of air pollution when
they are omitted (Zivin and Neidell, 2013).

Endogeneity may also arise due to changes in the environment that have an impact
on health outcomes as well as pollution levels. For example, weather conditions not
only matter in formation or dispersion of pollutants, but also have a direct effect on
health (Schwartz et al., 2004; Deschenes and Greenstone, 2011). The fact that con-
centrations of many pollutants are correlated is another environmental confounder,
which may yield endogeneity. When identifying the effect of a single pollutant, con-
trolling for correlated pollutants could attenuate the estimated health effect, but the
effect can be overestimated absent controlling for those pollutants.

Other limitations in using ambient concentrations as a proxy for the level of ex-
posure are also discussed. The main reason that ambient concentrations are used is
the availability of abundant data. Ambient concentrations of various pollutants are
measured frequently, even hourly. Despite this temporal abundance, the number of

monitors is limited. The spatial limitation may lead to a measurement error when
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the measured concentrations do not reflect an individual’s exposure, which can differ
depending on the distance to the monitors. As solutions to this spatial limitation,
some procedures have been tried for assigning the level of exposure to individuals.
One simple way is to calculate the average value using all measures available for the
area of interest. Chay and Greenstone (2003) use a county-level average value of total
suspended particulate (TSP) as a proxy of pollution exposure for infants from the
county. Another way is to calculate average values but with some weights, such as an
inverse-distance-weighting (IDW) method. In IDW, the inverse of the distance be-
tween an individual’s location and monitoring stations are used as a weight (Neidell,
2004; Currie and Neidell, 2005). Lleras-Muney (2010) uses Kriging for assigning the
level of exposure to individuals. Kriging is an interpolation method in which the in-
termediate values are modeled by a Gaussian process with some covariates (Williams,
1998). In Kriging, spatial correlations between measures from different monitors are
estimated, and the estimates are used for the prediction of the intermediate values.

Mobility of individuals can make it more challenging to assign a level of exposure
to them (Zivin and Neidell, 2013). Even in a single day individuals spend their time
in various locations, such as home, work, and school. Accordingly, assigning values
from one monitor or a set of fixed monitors may not capture actual level of exposure.
Some studies use a personal monitor to overcome the limit of mobility (Wallace et al.,
1985; Ozkaynak et al., 1995). However this method carries high costs and gives less
clear policy implications given the ambiguity between outdoor or indoor sources of
pollution (Zivin and Neidell, 2013).

Measuring Health Outcomes
According to a study by Samakovlis et al. (2005), the value of health benefits (or costs)
from a marginal change in pollution levels can be defined as a sum of two effects: 1)
the effect that is associated with the change in the probability of impairment, and

2) the effect that is associated with the duration of the impairment. The former
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relates to the incidence of an illness, which is the number of diagnosed cases of the
disease. In empirical analyses, hospitalization is often used to measure the incidence
of illnesses (e.g., Ostro and Rothschild, 1989; Schwartz, 1996; Peters et al., 1997). A
number of studies find that the levels of various air pollutants are positively correlated
with hospitalization, especially with respiratory and cardiovascular hospitalization.
For example, the risk of asthma hospitalization increases by 12% when the level of
particulate matter (PM) increases by 30 pg/m® in Seattle (Schwartz et al., 1993).
A 10 pug/m? increase in PM levels raises the risk of heart failure hospitalization by
28% in the US urban counties (Dominici et al., 2006). Fusco et al. (2001) find a
significant association between respiratory hospitalization and the levels of nitrogen
dioxides (NOg) and carbon monoxide (CO) in Rome. The effect of ozone (Oj3) is
also found significant in respiratory and cardiovascular hospitalizations (e.g., Burnett
et al., 1997; Ruidavets et al., 2005; Koken et al., 2003). Some studies discuss the
association between air pollution and the incidence of respiratory and cardiovascular
diseases using mortality rates (e.g., Dockery et al., 1993; Pope III et al., 1995; Saldiva
et al., 1994; Vigotti et al., 1996; Samet et al., 2000; Brunekreef et al., 2009; Laden
et al., 2006).

Some studies focus on the duration of illnesses when measuring the health effect of
air pollution. Work-loss days (WLD), school-loss days (SLD), and restricted-activity
days (RAD) have been used as outcome measures. They are retrieved from survey
questions asking how many days during a given period did illness prevent the respon-
dent from working or doing a certain activity. For example, Ostro (1983) uses WLD
and RAD, which are collected from the annual Health Interview Survey (HIS) con-
ducted by the National Center for Health Statistics, and finds that WLD and RAD
increase as air pollution levels rise. Samakovlis et al. (2005) also utilize RAD, which
is collected from a national environmental health survey conducted by the Karolinska

Institute in Sweden, and find an increasing RAD as air pollution levels rise. The
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results of these studies reveal the association between air pollution and the duration
of illness. The measures of WLD, SLD, and RAD are used in other studies as well
(e.g., Cropper, 1981; Hall et al., 1992; Zuidema and Nentjes, 1997; Hansen and Selte,
2000).

Zivin and Neidell (2013) emphasize the importance of unobservable illnesses when
examining health effects. Exposure to pollution may cause minor symptoms, such as
eye or throat irritation, labored breathing, or increased fatigue. Even though people
do not go to hospitals or receive medical treatment for those symptoms, they influence
human capital through worker productivity or student performance. However, it is a
bit of a challenge to capture impairment caused by minor symptoms due to limited
data availability.

When it comes to estimating the health effects of air pollution, environmental
confounding factors, such as meteorological conditions, are considered as covariates.
In most studies that estimate the health effect of air pollution, the effects of tem-
perature and dew point (or relative humidity) are controlled for as they influence
hospitalization or health outcomes (e.g., Schwartz, 1996, 1999; Koken et al., 2003;
Dominici et al., 2006). Studies usually do not report or discuss the magnitude of the
coefficient estimates for weather variables, but observe that the association between
air pollution and health outcomes diminishes after controlling for weather variables.
Burnett et al. (1997) find that simultaneous adjustment for dew point and a cor-
related pollutant eliminates the association between ozone and respiratory hospital
admissions. In addition to temperature and dew point, the effect of wind speed is
also considered as a confounder (e.g., Ponké, 1991; Stanley and Omaye, 1998).

When controlling for weather conditions, natural cubic splines of weather variables
are typically used (e.g., Metzger et al., 2004b; Armstrong, 2006; Bell et al., 2007, 2008;
Son et al., 2013). This addresses concerns regarding the nonlinear effects of weather

variables.
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4.3 Background

4.3.1 Driving Restrictions and Health

The Pico y Placa program (PyP) is a driving restriction policy in Quito. The details
of the program are described in the previous chapter. Figure 4.1 shows the map of
the metropolitan district of Quito (MDQ), which consists of the city of Quito and
33 adjacent parishes. The dark gray zone in the middle denotes the city of Quito,
where PyP is in effect. Note that not all parts of the city are affected by PyP (refer
to Figure 3.1 for the exact PyP-zone), but I consider the entire city as a restricted
zone given limited residential information recorded in the hospital data. The data
does not allow exploiting regional variation within the city of Quito. I describe the
data in the following section.

Many health studies find and discuss a significant association between air pol-
lution and negative health outcomes. For example, respiratory and cardiovascular
hospitalizations are associated with ambient concentrations of carbon monoxide, ni-
trogen dioxides, and particulate matters (Ostro and Rothschild, 1989; Schwartz, 1996;
Peters et al., 1997). In Quito, air pollution levels have decreased after the imposition
of driving restrictions. In the previous chapter, I find that ambient concentrations of
carbon monoxide, a pollutant primarily emitted by vehicles, have been reduced by
9-11% during peak traffic hours. The effect has diminished, but it continues to induce
reductions in pollution levels well after its introduction in May 2010. Accordingly, it

is natural to ask whether reduced air pollution has improved public health.

4.3.2 Data and Sample

In this study, I examine the health effect of driving restrictions by evaluating whether
PyP has reduced hospitalization rates in Quito. I use hospital discharge data from

the National Institute of Statistics and Census, Ecuador (Estadstica de Egresos Hos-
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pitalarios, Instituto Nacional de Estadistica y Census). The sample period selected
encompasses a symmetric four-year window centered on the introduction of PyP: from
May 2008 through April 2012. The symmetric sample reduces the possibility of sea-
sonal effects not being adequately controlled for in the model. I subject the estimates
to a robustness check by using a longer but asymmetric sample period, from January
2008 through December 2012.

The data consists of individual patient records, which contain information on
location of health facilities, date of visit, cause of visit (initial diagnosis), location of
patient’s residence, age and gender. The data set includes all types of health facilities,
including general hospitals, pediatric hospitals, geriatric hospitals, and private clinics.
I use records from all these facilities and simply call them “hospitals”. The locations
of hospitals and patients’ residences are given by parish codes. The city of Quito
consists of 32 parishes. Some of them are located outside the PyP-zone (see Figure
3.1). However, all parishes in the city of Quito are given the same code in the hospital
data. That is, [ know whether a patient is from the city, but I cannot tell which parish
within the city he or she is from. Thus, I consider the entire city (the dark gray zone
in Figure 4.1) as a restricted zone under PyP. The areas that had to be included in
the restricted zone due to limited residential information are relatively small, and the
inclusion of those areas accounts for some negative spillover effects, which make the
estimated effect of PyP biased toward zero.

The initial diagnoses are given by the 10th revision of the International Classifica-
tion of Diseases (ICD-10). The ICD-10 is a standard diagnostic tool and classifies dis-
eases and other health problems. It uses an alphanumeric code with a four-character
A-12.8 format. The alphabet denotes the largest classification of diseases. For ex-
ample, “J” denotes any disease of the respiratory system, and “I” any disease of the
circulatory system. The numbers following the letter denote the sub-diseases under

the largest classification. Based on the ICD-10 classification, I select the diseases to
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be addressed in this study.

A number of health studies find the association between air pollution and hospital
admissions to be significant, especially admissions due to respiratory diseases and
cardiovascular diseases. In many studies, those diseases are narrowed down to a
specific subset, that are closely linked to air pollution. The subsets differ across
studies, but the ones that have been frequently considered in previous studies are
listed in Table 4.1. I focus on these particular subsets in examining the health effect
of driving restrictions in Quito. Hereafter, I call them “RESP” and “CARD”.

In this study, I consider the populations most sensitive to air pollution —Children
and the elderly. Children generally breathe more rapidly and often through their
mouths. This rapid breathing causes them to have greater exposure to any pollu-
tant in the air and more inhalations without filtering through their noses. Imma-
ture immune systems also make them more susceptible to air pollution (Bateson and
Schwartz, 2007; Sly and Flack, 2008). Older adults, the other vulnerable population,
are more likely to have undiagnosed diseases, which can be aggravated by air pollution
resulting in hospitalization or death (Pope 3rd, 2000; Cakmak et al., 2007). Thus, I
consider “children (under 6)” and “the elderly (over 65)” as populations of interest.

I investigate the health effect of PyP for each age group separately, as the cause
of hospital visits is age-specific. Over the sample period, about 21% of total hospital
admissions were due to RESP for children and about 8% for the elderly. CARD
accounts for about 10% of total hospital admissions by the elderly but is very rare
for children. There were only 46 pediatric patients who were initially diagnosed
with CARD over the four-year-long sample period. This accounts for only 0.3% of
children’s hospitalization. Another reason that I prefer to analyze the effect by age
group is to reduce potential endogeneity due to avoidance behavior, which usually
depends on age (Zivin and Neidell, 2013). For example, parents pay closer attention

to keep their children safe from pollutants when children are younger. Thus, I estimate
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the health effect on each disease and age group separately: RESP-Children, RESP-
Elderly, and CARD-Elderly. I do not consider CARD-Children because these are very
rare in Quito.

In all regressions, a set of meteorological variables are included; temperature,
relative humidity, and wind speed are considered as covariates of hospital admissions
(Vedal et al., 1998; Metzger et al., 2004b; Bell et al., 2007, 2008; Son et al., 2013).
I use weather variables obtained from five monitoring stations in the metropolitan
district of Quito: Carapungo, Cotocollao, Belisario, El Camal, and Los Chillos. The

locations of those monitoring stations are marked in Figure 4.1.

4.3.3 Hospitalization Rate in Quito

To examine the health effect of driving restrictions, I first consider the disease-age-
specific number of hospital admissions as an outcome measure. However, the number
of hospital admissions can vary due to the size of population at risk. Suppose there
is a negative population shock, for instance, due to population outflows. This might
decrease the absolute number of hospital admissions, regardless of the introduction
of PyP. In general, the incidence of an event occurring with respect to a particular
unit of observation may differ due to the size of that unit’s “exposure”. The size of
exposure may change over a short time period. For example, there are fewer residents
present in the city of Rome during the summer period (especially during August) than
during other seasons (Fusco et al., 2001).

To account for the variation in exposure, I use the “hospitalization rate” as an
outcome measure. The rate is the number of hospital admissions in a particular
unit of observation, divided by some measure of that unit’s size of exposure. The
time unit of this study is weekly hospitalizations; disease-age-specific numbers of
hospital admissions are aggregated by week. I believe a week is a reasonable level

of aggregation. It is high enough to account for possible delays in the occurrence of
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illnesses and visiting hospitals, i.e., some diseases have a latent period and people
may wait one or more days before receiving medical treatment. At the same time,
the weekly aggregation is low enough to account for variation in weather conditions,
such as temperature.

To calculate disease-age-specific hospitalization rates in an area ¢, in a given week
t, the weekly counts of hospitalization (H;;) are obtained by adding up the number
of hospital admissions of the residents of the area, for each type of disease and age
group. Note that I define the observation unit based on the residential areas. This
assumes that people are exposed to air pollution in their residential areas. It may
not be true for people who work in areas other than their residential ones. However,
I believe the assumption is likely to be true for the populations that are considered
in this study— children and the elderly who are likely to be retired. The weekly count
of hospitalization is divided by the number of residents in area ¢ obtained from the

Census 2010 (1V;):

Note that the denominator is the same for the entire sample period as no time series
of population data is available.

I construct a time series of the weekly hospitalization rate following the formula
above, and compare it to the weekly rate that is calculated using the total hospital
admissions as a proxy of population size following Fusco et al. (2001) and Lee et al.
(2006). As shown in Figure 4.2, the two rates exhibit some discrepancies, which
likely indicate an increase in population over time. The dashed line (the rate with
population 2010 in the denominator) is relatively lower before 2010 and is relatively
higher after 2010. The rate with a lower denominator might be overstated in 2011 and
2012. The hospitalization rate with the 2010 census population in the denominator
may not account for the change in the size of exposure, but I am inclined to use the

rate for the following two reasons. First, even with some discrepancies, the trends
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in the two lines are quite similar. More importantly, the hospitalization rate that is
calculated using the total hospital admissions in the denominator could underestimate
the effect of PyP as the denominator includes the hospital admissions because of the
diseases of interest.

Summary statistics of weekly hospitalization rates in Quito appear in Table 4.2.

4.3.4 Poisson Model

The standard linear regression method may not be ideal for this analysis because the
number of hospital admissions is bounded by zero, can only take on integer values,
and its frequency distribution is highly skewed. In modeling such event counts over
a time period, Poisson regression is commonly used (Schwartz, 1996; Dockery and
Pope, 1994; Dominici et al., 2002).

In Poisson regression, a random variable H is assumed to have a Poisson distri-
bution, and the logarithm of its expected value is modeled by a linear combination

of unknown parameters:

In[E(H|X)] = fX.

Then f is estimated by the maximum likelihood method (Cameron and Trivedi, 2013).

The Poisson model is also appropriate for “rate” data, which incorporates the
size of “exposure”. The rate is the incidence of an event occurring with respect to
a particular unit of observation (H) divided by the size of that unit’s exposure (N),
where the size of exposure is known. Thus, the rate (h) follows a log-linear model

with exactly the same coefficient 8, and we can rewrite the equation above as follows:

In[E(H|X)] = #X + In[N].

The equation above implies that we can model the hospitalization rate with the

number of hospital admissions on the left-hand side of the regression equation and
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with an additional term, In[N], on the right-hand side. The additional term is called
an “offset”.

One important assumption of the Poisson distribution is equidispersion: the mean
and variance are the same. A valid inference requires this assumption to be satis-
fied. When the variance is greater than the mean, overdispersion occurs, and the
Poisson model does not fit the data well. Before conducting any formal tests, I sim-
ply compare the mean and variance of hospitalization. The last column of Table 4.2
presents the “dispersion” statistic, which is the ratio of variance to mean. In all three
cases, the dispersion is greater than 1, indicating overdispersed data. The evidence of
overdispersion is especially strong in respiratory hospital admissions of children. The
dispersion statistic is based on the unconditional mean and variance, and the disper-
sion could vary depending on covariates. Conditional dispersion is more important
for a valid inference (Cameron and Trivedi, 1990). I conduct a test for conditional
overdispersion after running each regression and employ a negative binomial model,

which accommodates excess variance if data are overdispersed.

4.4 Empirical Analysis

To identify the health effect of PyP, I exploit temporal or spatial variation by using
a difference-in-differences (DD) strategy that compares the change in hospitalization
rate in the treated unit and the change in hospitalization rate in the control unit.
When exploiting temporal variation (DD1), the treated unit is restricted days of the
week (RD), i.e., all weekdays excluding holidays. Under PyP, the restrictions are
applied during these days only. Thus, non-restricted days of the week (NRD), week-
end days and holidays, comprise the control unit. When exploiting spatial variation
(DD2), the treated unit is Quito, the restricted zone under PyP (RZ). The control

unit includes ten adjacent parishes, where there is no PyP restrictions. I call these
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areas the “non-restricted zone (NRZ)” and describe it in detail in Section 4.4.2. Table
4.3 compares the weekly hospitalization rates and population size for the treated and
control units.

In a DD analysis, the treated unit and the control unit should have a similar trend
in the outcome variable before the treatment so that we can ascribe the change in
outcome variable to the treatment. I discuss the pretreatment trend in hospitalization
rates in the following sections.

Both types of variation are exploited simultaneously with a difference-in-difference-

in-differences strategy (DDD).

4.4.1 Difference-in-Differences: Exploiting Temporal Varia-
tion

I first exploit temporal variation by using a difference-in-differences strategy (DD1)
that compares the change in hospitalization rate during restricted days (RD) to the
change in hospitalization rate during non-restricted days (NRD).

Hospitalization rate in Quito in a given week t is calculated as explained in Section

4.3.3, but I now additionally exploit variation within a week:

d

h¢ = M where d = RD or NRD
Quito,t — NQuito > -

where Hg,, , is the sum of hospital admissions of Quito residents during the d-days
of the week t. If there were four restricted days in a week, H50,, , represents the sum
of hospital admissions on those four days. Ngyit is the number of Quito residents

obtained from the Census 2010.
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The baseline model is given by

I[E(HSi00)] = Bo + BiAfter, « PyP(d) + B After; + B3 PyP(d) 1)

_’_nS(Wguito,t? dfw) + ym(t) + ln[NQUitO] + nguito,t

where Hém-m’t is hospital admissions in Quito residents during d-days of week t. Note
that an offset term, In[Nguito., is added on the right-hand side of the equation to
measure the effect using hospitalization rate. Ngut, is the number of Quito residents,
which serves as the size of exposure.

After, and PyP(d) are indicator variables set equal to one for the post-PyP
period and the restricted days of a week, respectively. ns(Wg,;o dfw) is a natural
cubic spline of weather variables in Quito during d-days of week t, with df, degree
of freedom. The df, for temperature is six, and three for relative humidity and
wind speed (Metzger et al., 2004b; Bell et al., 2007, 2008; Son et al., 2013). The
natural cubic spline addresses the concern of nonlinear effects of weather conditions
on hospitalization. For example, an increase in temperature can induce more hospital
admissions when temperature is high, but an increase in temperature can reduce
hospitalization when temperature is low (Bell et al., 2008; Son et al., 2012). Weather
variables are measured at five monitoring stations in the metropolitan district of
Quito (see Figure 4.1). In eq. (4.1), the average value across four monitoring stations
(A-D) is used. ym(t) is year-month fixed effects, which control for time-varying
unobservable factors as well as seasonality. Some studies use a natural cubic spline
of time to account for temporal trends (Dominici et al., 2003; Bell et al., 2008). I
replace the year-month fixed effects with the natural cubic spline of time with eight
degrees of freedom per year in a robustness check. €3, is an error term.

p1 in eq. (4.1) is the coefficient of interest; it measures the effect of PyP on the
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restricted days hospitalization rate in Quito:

Bl,DDl = [hgﬁ'to,t - hgﬁg,t}/lfter - [hgfito,t - hgﬁt[;,t]Before
The difference in hospitalization rate between the RD and the NRD would be lower
after the introduction of PyP if it had reduced the hospitalization rate during the
RD; therefore, the estimated i pp1 would be negative.

Figure 4.3 illustrates the trend in the log of weekly hospitalization rates before the
introduction of PyP. The solid line indicates the rate for the restricted days and the
dashed line for the non-restricted days. In all three cases (disease-age group-specific
cases), the lines are roughly parallel over the pre-treatment period. To supplement
this graphical comparison of pretreatment trend in the RD and the NRD, I run a
pretreatment placebo regression, using a sample for the pretreatment period only,
from May 2008 to April 2010. In the placebo regression, I assume that PyP was
introduced in the first week of May 2009. The coefficient of interest, 31, should not

be significant for a valid inference from the DD1 estimate.

4.4.2 Difference-in-Differences: Exploiting Spatial Variation

I next exploit spatial variation by using a difference-in-differences strategy (DD2)
that compares the change in hospitalization rate inside the restricted zone (RZ) and
the change in hospitalization rate outside the restricted zone or non-restricted zone
(NRZ). Figure 4.1 presents the map of the metropolitan district of Quito (MDQ).
The RZ is the city of Quito, the dark gray zone in the figure. Of the 33 adjacent
parishes to the RZ, I choose ten parishes that are most populous, based on population
information from Census 2010, and treat them as the NRZ. The ten parishes are
Pomasqui, Calderon, Zambiza, Llano Chico, Nayon, Cumbaya, Tumbaco, Conocondo,

Alangasi, and Amaguana. They all have a population density greater than or equal
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to 500 persons per km?. Since they are located adjacent to the RZ, they are similar to
the RZ in many factors that could affect hospital admissions, such as meteorological
conditions, natural disasters, and contagious diseases. For a robustness check, I use
fewer parishes, those that have a population density greater than or equal to 1000
persons/km?, as the NRZ.

The baseline model is given by

ln[E(HftD)] = By + p1After, « PyP(i) + By After, + m; 42)
4.2

—l—ns(VVﬁD, dfw) +ym(t) + In[V;] + 5ff)

where Hf;D is restricted days hospital admissions of the residents of parish i, in
week t. PyP(i) is an indicator variable set equal to one for the RZ, and 7; is an
individual parish fixed effect. All other variables are the same as in eq. (4.1), except
that the equation above uses observations for the restricted days only (d = RD)
but multiple parishes (i = Quito, Pomasqui, Calderon, ..., Amaguana). In eq. (4.1),
observations from a single parish (i = Quito) but for both types of days of the week
(d = RD,NRD) are used. For weather variables, the average value across four
monitoring stations (A-D in Figure 4.1) is used when i = Quito; the value from the
closest station is used when ¢ # Quito.

f1 in eq. (4.2) is the coefficient of interest; it measures the effect of PyP on the

restricted days hospitalization rate in Quito:

RD RD RD RD
51,DD2 = [hRZ,t - h’NRZ,t}AfteT - [hRZ,t - hNRZ,t]BefOTe

The difference in restricted days hospitalization rate between the RZ and the NRZ
would be smaller after the introduction of PyP if it had reduced the hospitalization
rate in the RZ.

Once again, I compare the pretreatment trend in the log of weekly hospitalization
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rate for the RZ and for the NRZ. Figure 4.4 presents the trend before the introduction
of PyP. The solid line indicates the rate for the restricted zone and the dashed line for
the non-restricted zone. For the RESP-Children and RESP-Elderly cases, I observe
similar trends between the RZ and the NRZ over the entire pretreatment period with
some exceptions; for the RESP-Children case there was more variation in the log
of weekly hospitalization rate in the NRZ during summer 2009 and for the RESP-
Elderly case during winter in 2008 and 2009. For the CARD-Elderly case, the trace
for the NRZ has more variation during the entire pretreatment period. I supplement
the graphical approach with a pretreatment placebo regression as described in the

previous section.

4.4.3 Difference-in-Difference-in-Differences: Exploiting Tem-

poral and Spatial Variation

Lastly, I exploit both temporal and spatial variations simultaneously with a difference-
in-difference-differences strategy (DDD).

The baseline model is given by

In[E(H{,)] = Bo + BiAfter, = PyP(d) = PyP(i) + B2 After, + B3Py P(d)
+B4After, x PyP(d) + BsPyP(d) * PyP(i) + fsAfter, x PyP(i)  (4.3)

+7; + ns(Wi,, dfw) + ym(t) + In[N;] + €,

where d = RD or NRD and ¢ = Quito, Pomasqui, Calderon, ..., Amaguana.

pr in eq. (4.3) is the coefficient of interest:

Bropp = (g, — gt ) — (Wiez, — PN pz)) Aster
—[(hi7, — hrzt) — (Maze — hivpz )l Before:

This measures the effect of PyP on the restricted days hospitalization rate in Quito
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and would be negative if restricted days hospitalization rate in Quito had dropped
after the introduction of PyP.

All models presented in eqs.(4.1)-(4.3) are fitted separately for each disease and
age group. I first fit the model using Poisson regression assuming equidispersion of the
data and then measure the distribution of the data through a Pearson goodness-of-fit
test. A significant test statistic indicates the presence of overdispersion, and thus
Poisson regression is inappropriate. For such cases, a negative binomial regression,
which corrects for overdispersion in the data, is used (Osgood, 2000). The results of
the Pearson goodness-of-fit tests are presented in the appendix.

In the baseline, robust standard errors are clustered at the month level with all
parishes in the same cluster. This accounts for serial correlation as well as contem-
poraneous correlation across parishes. To account for serial correlation over a longer
time period, I cluster at the year level, with all parishes in the same cluster, as part

of a robustness check.

4.5 Results and Discussions

I first present the results obtained using the DD1 strategy, which exploits temporal
variation. Table 4.4 displays the results for disease-age-specific hospitalization rates
in Quito. In all three cases, negative binomial regression is used as the data are
overdispered. To conserve space, only estimates of the coefficient of interest (/; in
eqs. (4.1)-(4.3)) are presented. All other coefficient estimates are presented in the
appendix.

The coefficient of estimate is negative for children’s respiratory admissions and
the elderly’s cardiovascular admissions, indicating reduced hospitalization rates after
the introduction of PyP, but only the latter is significant at the 5% level. Since

I model the log of hospitalization with an offset term on the right-hand side, the
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coefficient can be interpreted as follows: after the introduction of PyP, the log of
hospitalization rate (per persons-week) is expected to change by the value of the
regression coefficient. The estimated coefficient can also be interpreted by using the
incidence rate ratio (IRR), which represents the change in the dependent variable in
terms of a percentage change. IRR is the exponential of the point estimate (¢”1). The
estimated coefficient for the CARD-Elderly is -0.1410. This is equivalent to a 13%
reduction in the weekly hospitalization rate after the introduction of PyP.

To assess the possibility that the results obtained reflect changes other than the
imposition of PyP, I conduct a pretreatment test as described in Section 4.4.1. Specif-
ically, I assume that PyP was introduced in the first week of May 2009 and restrict
the sample to May 2008 through April 2010. The results of the test are presented in
Table 4.5. In all cases, the coefficient of interest is insignificant.

Table 4.6 displays the results using the DD2 strategy, which compares the change
in hospitalization rate in Quito and the change in hospitalization rate in adjacent
parishes. In estimating eq. (4.2), Poisson regressions are used for the RESP-Elderly
and CARD-Elderly cases, as I do not find evidence of overdispersed data conditional
on covariates. However, negative binomial regression is used for the RESP-Children
case to account for overdispersion. As in the DD1 estimates, the estimated effects are
found to be negative for the RESP-Children and CARD-Elderly cases, but they are
insignificant at conventional levels.

Once again, I subject the estimate to a pretreatment placebo test, and the results
are presented in Table 4.7. The placebo-PyP effect is insignificant in all three cases.

Another possible placebo test is to estimate eq. (4.1) using data for the non-
restricted zone. PyP should result in no change in restricted days hospitalization rate
in the non-restricted zone. Such a finding would support a valid inference from the
estimates using the DD2 strategy with the NRZ as control. Table 4.8 presents the

results of the placebo test, and all estimates are insignificant.
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The results obtained using the DDD strategy, which exploits both temporal and
spatial variations simultaneously, are presented in Table 4.9. In all three cases, neg-
ative binomial regressions are used to correct for the excess variance in the data. I
find that the effect on CARD-Elderly is significant at the 10% level: there is approxi-
mately a 36% reduction in the elderly’s cardiovascular hospitalization rate associated
with PyP.

The estimates from DD1 and DDD strategies provide some evidence of reduced
hospitalization rates for the CARD-Elderly case. I subject the significant coefficient
estimates to a set of robustness tests, and the results are presented in Table 4.10. The
first column displays the estimates from the baseline. Subsequent columns present
the results from regressions with (2) a longer and asymmetric sample period, (3)
fewer control parishes, (4) an alternative specification for trend, (5) standard errors
clustered at the year level, (6) monthly aggregated observations, respectively. I find
that the DD1 estimate remain significant in all types of robustness test; the estimate
ranges from -0.1007 to -0.1461. In terms of the IRR, the estimated effect is equivalent
to 10-13% reductions of the elderly’s cardiovascular hospitalization rate. The DDD
estimate remains significant with an alternative specification for trend, a higher level
of clustering standard errors, and monthly aggregated observations, but the estimate
becomes insignificant with a longer sample period and fewer parishes in the NRZ.
The DDD estimate ranges from -0.4347 to -0.4437, suggesting 35-36% reductions of
the elderly’s cardiovascular hospitalization rate.

The two estimates (DD1 and DDD) consistently indicate a reduced hospitalization
rate for the elderly’s cardiovascular diseases after the introduction of PyP, but the size
of the estimated effect is not the same; the DDD estimate shows a much larger effect
of PyP. The difference might indicate that the strategy that exploits spatial variation
overestimates the effect of PyP; there might have been some PyP-related negative

health effects in the NRZ. However, in the previous chapter, I did not find evidence
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of such a positive spillover effect i.e., increased pollution at the stations outside the
restricted zone. Another likely reason for the larger effect from the DDD strategy
can be found in the different traces for the hospitalization rate between the RZ and
NRZ; as shown in the last panel of the Figure 4.4, the trace for the NRZ shows much
more fluctuation than the trace for the RZ. Though the results of the placebo tests
are insignificant (Tables 4.7 and 4.8), there could be factors not being adequately
addressed in the model, which makes the NRZ less ideal for the counterfactual of the
RZ in identifying the health effect of PyP. To avoid overestimation, I am inclined
to rely on the DD1 strategy, which provides more conservative estimates (10-13%
reductions of the elderly’s cardiovascular hospitalization rate).

The results from the regressions using monthly aggregated data (in the last col-
umn of Table 4.10) are noteworthy. There could be some time lags between the
exposure to air pollution and the occurrence of illnesses as well as between the occur-
rence of illnesses and receiving medical treatment. I believe monthly aggregated data
adequately account for such possible delays. The estimated effects remain significant
even with monthly observations.

I also estimate eqs. (4.1)-(4.3) for other diseases that are unlikely to be affected by
air pollution. Ideally, PyP would result in no change in hospitalization rates due to
these diseases. Otherwise, we may not ascribe the reduction in hospitalization rates
for RESP-Children and CARD-Elderly to reduced air pollution after the introduction
of PyP. I consider hospitalization due to “injury, poisoning, and other consequences of
external diseases (S00-S99 in ICD-10)” and “diarrhea (A00-A09 in ICD-10)”. Table
4.11 summarizes the estimated effects on those diseases by age group. For both
types of disease and age groups, the coefficient estimate is insignificant. That is, no
significant association is observed between PyP and hospitalization for diseases not
thought to be related to air pollution. This suggests that the PyP association found

in the RESP-Children and CARD-Elderly cases was not due to confounding factors
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influencing hospitalization rates in general. It is more likely to be a result of reduced
air pollution.

Lastly, I briefly discuss the effect of weather conditions on hospitalization rates.
Figure 4.5 illustrates the relationship between weather variables and the predicted
hospitalization rates for the CARD-Elderly case. I do not find a significant effect of
temperature on hospitalization rates in this study, but the shape of the fitted line
suggests that the effect of temperature is likely nonlinear, which is consistent with
findings in other studies (e.g., Kovats et al., 2004; Lin et al., 2009; Giang et al.,
2014). The effects of relative humidity and wind speed are significant in the elderly’s
cardiovascular hospitalization rates, but it is hard to discern in the figure as the
magnitudes are very small. The estimated coefficients for weather variables are in the

appendix.

4.6 Conclusion

To identify the health effects of driving restrictions in Quito, I examine whether hos-
pitalization rates of the sensitive population groups have dropped. I use a difference-
in-differences (DD) strategy that compares the change in the outcome variable in
the treated unit and the change in the outcome variable in the control unit. Two
types of DD strategies are exploited: temporal variation with non-restricted days as
control and spatial variation with non-restricted zone as control. The results of a
pretreatment placebo test support the validity of the DD strategies as none of the
coefficient estimates of the placebo-PyP is significant. Both types of variation are
exploited simultaneously in a difference-in-difference-in-differences (DDD) strategy.
Count data analysis reveals that driving restrictions can yield some health ben-
efits. I find some evidence that weekly hospitalization rates of sensitive population

groups have dropped after the introduction of driving restrictions in Quito: the el-
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derly’s cardiovascular hospitalization rate has dropped by 13%. The estimated effect
is robust to a different sample period, clustering standard errors at the year levels
rather than month level, and a natural cubic spline specification of time trend. The
effect remains significant even with monthly aggregated observations that account for
delays in the occurrence of illnesses and hospitalization. The set of cardiovascular
diseases examined in this study (CARD) accounted for about 10% of the elderly’s
total hospitalization over the sample period; thus the effect of PyP is equivalent to
a reduction in the elderly’s total hospitalization by 1.3%. In contrast, I do not find
any significant reduction in hospitalization rates for the diseases that are unlikely to
be associated with air pollution, such as injury and diarrhea. This suggests that the
health benefits observed do result from improved air quality.

In the previous chapter, I find that PyP has reduced extended daytime CO con-
centrations by 6%. Given the average concentrations of 1.04 mg/m? for working day
extended daytime hours, the estimated environmental effect of PyP is equivalent to
a decrease in CO concentrations by 0.06 mg/m? on average. Linking this estimate to
the finding of this study suggests that a 0.06 mg/m? decrease in CO concentrations is
associated with a 13% reduction of the elderly’s cardiovascular hospital admissions.

The estimated health effect can be compared to findings in other studies. The
ones most comparable to mine would be the studies that examine the association
between short-term exposure to carbon monoxide (CO) and the elderly’s cardiovas-
cular hospital visits. Schwartz (1999) examines the association using a sample of
eight US counties and finds that an interquartile range increase (of 1.75 ppm or 2
mg/m?) in daily mean CO concentrations is associated with an increase in hospital
admissions by 2.79%. In his earlier study for Tucson, Arizona, Schwartz (1997) also
finds a significant association between CO concentrations and the elderly’s cardiovas-
cular hospital admissions: a 2.79% increase in hospital admissions for an interquartile

increase of CO concentrations (of 1.66 ppm or 1.9 mg/m?*). Ballester et al. (2001)
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estimate the association between air pollution levels and emergency hospital admis-
sions for cardiovascular diseases in Valencia, Spain, and find that a 1 mg/m? increase
in CO concentrations is associated with a 2.9% increase in emergency hospital ad-
missions. Compared to these results, the estimate calculated based on my studies
is much larger. There are several possible reasons. First, I do not directly link the
ambient concentrations of carbon monoxide to health outcomes; I estimate the health
effect of PyP in a difference-in-differences study design. I consider a set of cardiovas-
cular diseases that are closely related to air pollution, while studies above consider all
cardiovascular diseases, which include diseases that are unlikely to be affected by air
pollution. Furthermore, the result for my studies is obtained from a simple calculation
based on the findings of two studies, but there are confounding factors that influence
the association between pollution and health outcomes. Studies that examine the
association between the level of a single pollutant and hospital admissions find that
the estimate is attenuated with a copollutant adjustment (Bell et al., 2009). Thus,
the estimate calculated for my studies could be larger than the actual association.
Nevertheless, it is noteworthy that health benefits were accrued even at a level of
pollution well below the US health-based standards (9 ppm for 8-hour average CO
concentrations and 35 ppm for 1-hour average CO concentrations).

In this study, I consider children (aged under 6) and the elderly (aged over 65) as
the populations of interest. It is mainly due to the fact that they are the populations
most sensitive to air pollution, but it also justifies the use of DD strategy that defines
the treated and control units based on residential areas. The strategy assumes that
people are exposed to air pollution in their residential areas, and this assumption is
more likely to be true for children and the elderly who are retired. For other age
groups, for example people who work in the city of Quito but live in the adjacent
parishes, it would be less clear whether exposure to air pollution takes place in their

residential areas or work places. If we could incorporate the health effect on other
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age groups, the health benefits of driving restrictions could be greater.
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Figure 4.1: Map Showing Metropolitan District of Quito.

Legend

#  Monitoring Stations

Restricted Zone
- Population Density==1000
500==Population Density=1000|

100==Population Density=500
Population Density=100

0 475 95 19 Kilometers

Notes: Metropolitan district of Quito consists of the city of Quito (the dark gray zone in
the middle) and 33 adjacent parishes. Population density (persons per km?) is calculated
using the information from Census 2010. Population density of the city of Quito was
4347.98 as of 2010. Ten most populous parishes (population density>500) are used as
control units when spatial variation is exploited (DD2 and DDD). They are Pomasqui,
Calderon, Zambiza, Nayon, Cumbaya, Tumbaco, Conocoto, Alangasi, and Amaguana.
Meteorological variables (temperature, relative humidity, and wind speed) are measured at
monitoring stations A—E. A: Carapungo, B: Cotocollao, C: Belisario, D: El Camal, E: Los

Chillos.
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Table 4.1: Causes of Visit Considered in This Study: RESP and CARD.

Disease ICD-10 codes®
RESP

Acute upper respiratory tract diseases J00-JO6
Pneumonia J12-J18
Acute lower respiratory tract diseases J20-J22
Chronic lower respiratory diseases J40-J47
CARD

Hypertensive diseases I10-115
Ischemic heart diseases 120-125
Heart failure 150
Cerebrovascular diseases (stroke) 160-169, G45-G46

The 10th revision of the International Classification of Diseases.
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Figure 4.2: Weekly Hospitalization Rates in Quito.
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Table 4.3: Comparison between Treated and Control Units: Weekly Hospitalization Rate and Population.

Weekly Hospitalization Rate Population
Children  Elderly .
RESP- RESP- CARD- Total (per- (per- Children Elderly
Children  Elderly  Elderly  (persons) sons) soms) (%) (%)
Treated (Restricted Days in Quito) 0.00032 0.00024 0.00030 1619146 143138 103750 8.84 6.41
Control for DD1 (Non-restricted Days in Quito) 0.00010 0.00009 0.00010
Control for DD2 (Restricted Days in 10 adjacent o 00511 000009 0.00007 5705407 541383 315456 949  5.53

parishes)

Notes: Sample period for the weekly hospitalization rates is May 2008 through April 2012. Population information is based on the Census

2010.
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Figure 4.3: Pretreatment Trend in Weekly Hospitalization Rate in Quito:
Restricted Days vs. Non-restricted Days.
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Figure 4.4: Pretreatment Trend in Weekly Hospitalization Rate for
Restricted Days: Restricted Zone vs. Non-restricted Zone.
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Table 4.4: Effect of PyP on Restricted Days Hospitalization Rate:
DD1 Estimates with Non-restricted Days Hospitalization Rate as Control.

RESP-Children RESP-Elderly CARD-Elderly

PyP -0.0648 0.0652 -0.1410**
(0.0718) (0.0724) (0.0550)

Observations 417 417 417

Pseudo R? 0.2188 0.2029 0.2118

Notes: Dependent variable is the log of weekly hospitalization rate. Robust standard errors are
cluster at the month level. *** p<0.01, ** p<0.05, * p<0.1.

Table 4.5: Pretreatment Placebo Test Using First Week of May 2009 as
treatment week: DD1 Estimates with Non-restricted Days Hospitalization
Rate as Control.

RESP-Children RESP-Elderly CARD-Elderly

PyP Placebo -0.0910 -0.0377 -0.0549
(0.1083) (0.1108) (0.0871)

Observations 208 208 208

Pseudo R? 0.2187 0.2050 0.2186

Notes: Dependent variable is the log of weekly hospitalization rate. Sample period is May 2008
to April 2010. Robust standard errors are cluster at the month level. *** p<0.01, ** p<0.05,
*

p<0.1.
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Table 4.6: Effect of PyP on Restricted Days Hospitalization Rate:
DD2 Estimates with Hospitalization Rate in the Non-restricted Zone as
Control.

RESP-Children RESP-Elderly CARD-Elderly

PyP -0.1025 0.1158 -0.1793
(0.1378) (0.1320) (0.1845)

Observations 937 1244 1244

Pseudo R? 0.2678 0.2872 0.3130

Notes: Dependent variable is the log of weekly hospitalization rate. Robust standard errors
are cluster at the month level with all parishes in the same cluster. *** p<0.01, ** p<0.05, *
p<0.1.

Table 4.7: Pretreatment Placebo Test Using First Week of May 2009 as
treatment week: DD2 Estimates with Hospitalization Rate in the
Non-restricted Zone as Control.

RESP-Children RESP-Elderly CARD-Elderly

PyP Placebo 0.2607 -0.0155 0.3340
(0.2134) (0.1512) (0.2521)

Observations 448 601 601

Pseudo R? 0.5301 0.2857 0.3289

Notes: Dependent variable is the log of weekly hospitalization rate. Sample period is May 2008
to April 2010. Robust standard errors are cluster at the month level. *** p<0.01, ** p<0.05,
*

p<0.1.
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Table 4.8: Placebo Test Using Observations for Non-restricted Zone:
DD1 Estimates with Non-restricted Days Hospitalization Rate as Control.

RESP-Children RESP-Elderly CARD-Elderly

PyP Placebo 0.0129 0.0096 0.3200
(0.3132) (0.2509) (0.2909)

Observations 1078 1469 1469

Pseudo R? 0.0978 0.0422 0.0622

Notes: Dependent variable is the log of weekly hospitalization rate. Robust standard errors
are cluster at the month level with all parishes in the same cluster. *** p<0.01, ** p<0.05, *
p<0.1.

Table 4.9: Effect of PyP on Restricted Days Hospitalization Rate: DDD
Estimates.

RESP-Children RESP-Elderly CARD-Elderly

PyP -0.2056 0.0928 -0.4467*
(0.2854) (0.2425) (0.2424)

Observations 1495 1886 1886

Pseudo R? 0.2355 0.2091 0.2320

Notes: Dependent variable is the log of weekly hospitalization rate. Robust standard errors
are cluster at the month level with all parishes in the same cluster. *** p<0.01, ** p<0.05, *
p<0.1.
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Table 4.10: Robustness Tests

of Effect of PyP on Restricted Days Hospitalization Rate.

(1) (2) (3) (4) (5) (6)
CARD-Elderly (DD1 estimate) -0.1410%% -0.1007%% -0.1410%% -0.1461F% -0.1410% -0.1230%
(0.0550) (0.0505) (0.0550) (0.0549) (0.1757) ((0.0656)
CARD-Elderly (DDD estimate) -0.4467* 0.2845 -0.5534 -0.4386* -0.4467* -0.4347*
(0.2424) (0.2062) (0.3482) (0.2429) (0.2542) (0.2257)

Notes: Dependent variable is the log of weekly hospitalization rate. (1) is the baseline. (2) uses a longer sample period (from January 2008
to December 2012). (3) uses fewer parishes in the NRZ (5 parishes with population density >1000). (4) substitutes a year-month fixed effect
with a natural cubic spline of time to control for trend in hospitalization rates. (5) allows for a serial correlation over a longer time period,
i.e., robust standard errors are clustered at the year level with all parishes in the same cluster. (6) uses monthly aggregated observations. In
this specification, year-month fixed effects are substituted with year fixed effects. Robust standard errors are cluster at the month level with
all parishes in the same cluster, except for column (5). *** p<0.01, ** p<0.05, * p<0.1.
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Figure 4.5: Effects of Weather Conditions on Hospitalization Rates
(CARD-Elderly).
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of weather variables.

144



Chapter 5

Conclusion

This dissertation examines the effectiveness of energy and transportation policies and
their implications for the environment and public health. Chapter 2 focuses on the
effect of fuel prices on vehicular emissions, and Chapters 3 and 4 explore the driving
restriction policy in Quito, Ecuador.

The fuel price elasticity of vehicular emissions defined in Chapter 2 contributes to
the economic literature on emissions sensitivity to fuel prices by directly relating fuel
prices to vehicular emissions without depending on any fixed rates. The elasticity is
estimated for a sample of ten US metropolitan areas using ambient concentrations of
carbon monoxide (CO) as an outcome measure. CO is primarily emitted by vehicles
and its concentrations generally follow the spatial and temporal distributions of ve-
hicular traffic. Thus, the elasticity, which is measured by CO concentrations, serves
as a good proxy for the sensitivity of vehicle usage to fuel prices.

The average elasticity estimate across sample areas ranges from -0.20 to -0.34
depending on the specifications for the trend, and the preferred specification yields an
estimate of -0.29. The negative and significant elasticity estimate indicates that higher
fuel prices can reduce vehicular emissions in the metropolitan areas. Further analysis

on the heterogeneity of the elasticity reveals that the vehicular emission sensitivity
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could vary depending on local characteristics: it tends to be higher in areas with more
traffic, higher population density, longer commuting times, and more public transit
usage. This suggests that the environmental effectiveness of fuel price policies can
be increased by incorporating these local characteristics, e.g., selecting target areas
based on traffic congestion levels and improving the public transportation system as
a supplementary policy.

Driving restrictions is a transportation policy designed to reduce traffic congestion
and air pollution by restricting use of motor vehicles on working days. This policy
has been used in several cities, including Mexico City, Bogota, and Beijing, but it
has generally not met with success based on existing studies. The most recent city
to have adopted driving restrictions is Quito, Ecuador. In Chapters 3 and 4, the
effectiveness of Quito’s driving restrictions program (PyP) and its consequences for
the environment and public health are discussed.

The results of the analysis in Chapter 3 reveal that PyP has reduced ambient
concentrations of CO by 9-11% during peak traffic hours. The effect has diminished,
but it continues to induce reductions in pollution levels well after its introduction
in May 2010. These results imply that the driving restriction policy has achieved
some measure of success in Quito, while it has not in other cities. The reason lies, at
least in part, in the vigorous enforcement of Quito’s restrictions. There has been a
substantial commitment of police resources to enforcing the policy, and the penalties
for noncompliance are strict. Unlike other cities, no evidence has been found in Quito
that households purchased additional cars to circumvent the restrictions. Quito’s
low per capita income and the uncertainty about the policy’s permanence may have
induced households not to make large investments to circumvent it.

Chapter 4 extends the work of Chapter 3 by asking a related question: have
driving restrictions improved public health? This question arises as a number of

health studies find a significant association between air pollution and negative health
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outcomes. The results of empirical analysis suggest that there have been some health
benefits from PyP: the elderly’s cardiovascular hospitalization rate has been reduced
by 13%. Given that the illnesses addressed in this study are particularly related to
air pollution, the health benefits of PyP can be ascribed to improved air quality after
the introduction of PyP. The insignificant effects on other diseases, which are unlikely
to be affected by air pollution, support this mechanism through which PyP influences
public health.

Looking ahead, I plan to pursue several research avenues related to this disser-
tation. The first avenue will address extending the sample period of the first essay
to include more recent variation in gasoline prices. The present study includes data
from January 2003 through December 2012, although in the second half of 2014 re-
tail gasoline prices reached the lowest levels since May 2009 (US EIA). It would be
interesting to examine whether the fuel price elasticity of vehicular emissions would
be consistent even with those additional periods of low gasoline prices. It would also
be interesting to compare the vehicular emissions sensitivity during the period of low
gasoline prices to the sensitivity during high gasoline prices.

Further studies regarding the driving restrictions in Quito would be interesting.
In May 2014, the municipal government approved two ordinances, which decrease the
stringency of the policy: halving fines and no longer impounding vehicles for viola-
tions. These changes provide additional opportunities to study the environmental
effectiveness of Quito’s driving restrictions program.

Given that the study in Chapter 4 is the first to examine the health effects of
driving restrictions, there are many questions that are beyond the scope of this study
and would benefit from further research. First, my findings warrant conducting sim-
ilar studies on other age groups, such as the labor force. However, the ambiguity
regarding the place of exposure to air pollution might arise for these age groups,

and therefore the location of exposure needs to be carefully defined first. Second,
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alternative identification strategies can be used to examine the health effects of PyP,
for instance generating a synthetic control unit that approximates the treated unit
(Abadie et al., 2010). Lastly, estimating the health effects by using the length of
hospitalization as an outcome measure would be beneficial in determining the effects
on the duration of impairment from the effects on the probability of impairment
(Samakovlis et al., 2005). Further studies on the length of hospitalization would also

provide implications for health costs.
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Appendix to Chapter 2: Selected Estimates from Regression Estimating Fuel
Price Elasticity of Vehicular Emissions (IV Estimates).

Variables Variables

Price -0.2914%* Suffolk (NY) -1.4067*
(0.1585) (0.8368)
Income -0.8620 Los Angeles (LA) -0.5654
(2.0851) (1.9261)
IPI 0.0079 Orange (LA) -0.4387

(0.0060) (0.9210)
Unemployment Rate -0.0262 Cook (Chicago) -1.1799
(0.0289) (1.0126)
Population 0.1479 Harris (Houston) -0.7683
(0.5095) (0.9732)
Temperature 0.0110** Broward (Miami) -0.7042
(0.0048) (1.0235)
Temperature? -0.0002 Miami-Dade (Miami) -0.5503
(0.0004) (1.5269)

Temperature® 0.0000 Palm Beach (Miami) -0.9683%**
(0.0000) (0.3077)

Precipitation -0.0189%** Essex (Boston) -1.3705%**
(0.0078) (0.1898)
Precipitation® 0.0019%** Middlesex (Boston) -0.6086
(0.0007) (0.4674)
Precipitation® -0.0001%*** Suffolk (Boston) -0.4387
0.0000 (0.4432)

Storm event -0.0149* Rockingham (Boston) -1.0002%**
(0.0086) (0.3670)
Storm event? 0.0060*** Alameda (SFC) -0.4809
(0.0017) (0.7346)
Storm event® -0.0004*** Marin (SFC) 0.4508
(0.0001) (1.1703)
County FE San Francisco (SFC) 0.1616
Essex (NY) -0.0620 (0.2021)
(0.4141) San Mateo (SFC) 0.2044

Hudson (NY) -0.0225 (0.1968)
(0.8140) King (Seattle) -0.0910

Monmouth (NY) -0.2601** (0.5450)
(0.1217) Pierce (Seattle) -0.0564

Morris (NY) 0.1709 (0.8685)
(0.4623) Snohomish (Seattle) 0.2067

Union (NY) -0.0013 (0.6940)
(0.1994) Adams (Denver) -0.5029

Bronx (NY) -0.6073 (0.7311)
(1.8271) Denver (Denver) -0.0290

Kings (NY) -0.3362 (0.1883)
(1.7626) Jefferson (Denver) -0.2321

New York (NY) 0.2325 (0.2407)
(0.7070) Cuyahoga (Cleveland) -0.7781

Queens (NY) -0.6978 (0.8051)
(1.4718) Lake (Cleveland) -0.1015

(0.1724)

Observations 3197

Adj. R? 0.7729

Notes: Estimates for county-specific year fixed effects and month fixed effects are not presented. Dependent variable
is the natural log of CO concentrations. The first purchase price of crude oil is used as an IV for local gasoline prices.
Robust standard errors are clustered at MSA level, and are presented in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Appendix to Chapter 3: Summary Statistics for Meteorological Variables.

Observations Mean Median Std. Dev. Min. Max.
Temperature Belisariof 43470 13.68 12.82 3.21 5.98 23.66
(Celsius) El Camal' 43534 13.94 13.06 2.99 7.06 23.84
Carapungo 43417 14.32 13.11 3.43 6.22 24.71
Los Chillos 43350 15.53 14.13 4.13 5.4 27.87
Relative Humidity Belisario® 43469 70.95 72.68 19.67 4.94 100
(percent) El Camal' 43536 69.95 72.58 174 8.6 98.51
Carapungo 43427 73.23 77.39 18.42 7.69 100
Los Chillos 43347 72.89 79.4 21.4 10.96 100
Wind Speed Belisariof 43349 1.78 1.56 0.91 0 14.63
(meters per second) El Camal’ 43334 1.82 1.58 0.97 0.02 6.71
Carapungo 43438 1.73 1.27 1.26 0.02 9.66
Los Chillos 43336 1.57 1.2 1.1 0 9.24
Wind Direction Belisario® 42845 146.71 149.49 91.23 0 360
(angular degree) El Camal' 43246 150.41 159.82 93.83 0.01 360
Carapungo 42972 250.55 269.93 84.7 0 359.99
Los Chillos 43269 196.63 182.83 110.29 0 360
Precipitation Belisario® 43712 0.14 0 0.88 0 47.9
(millimeters) El Camal' 43716 0.15 0 1.04 0 45.2
Carapungo 43616 0.08 0 0.68 0 37.4
Los Chillos 43575 0.16 0 1.21 0 45.5
Solar Radiation Belisariof 43488 192.53 10 286.87 0 1250.68
(watts per square meter) El Camal' 43551 196.51 2.08 291.14 0 1237.35
Carapungo 43444 211.76 2.97 300.9 0 1289.26
Los Chillos 43388 214.46 1.72 317.73 0 1279.65
Atmospheric Pressure Belisario® 43302 726.06 726.18 1.34 721.22 743.2
(millibars) El Camal' 43493 726.38 726.32 4.27 720.24 865.75
Carapungo 43194 742.55 742.48 1.58 736.45 749.91
Los Chillos 43344 759.09 759.43 2.03 745.89 765.57

TIndicates stations inside restricted zone.
Notes: Meteorological data for Belisario and Los Chillos are used for Centro and Guamani, respectively. Wind direction is converted to one of eight dummy variables representing
the eight principal wind directions.
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(Continued.)

(Relative Humidity)* 0.0000
(0.0000) NW
Precipitation 0.0584**
(0.0189) (Wind Speed)?
Precipitation® -0.0116 (interacted with wind direction)
(0.0059) N
Precipitation® 0.0008
(0.0006) NE
Precipitation® -0.0000
(0.0000) E
Precipitation Dummy 0.0050
(0.0113) SE
Atmospheric Pressure -0.0152*
(0.0075) S
Wind Speed
(interacted with wind direction) SW
N -0.0503
(0.1547) w
NE -0.1878
(0.1603) NW
E -0.2043
(0.1579) (Wind Speed)?
SE -0.1855 (interacted with wind direction)
(0.1481) N
S -0.0609
(0.1407) NE
SW -0.0567
(0.1726) E
w 0.7842%*
(0.2845) SE
N 17770

Adj. R? 0.6770

0.7703%*
(0.2476)

-0.1605
(0.1006)
-0.0472
(0.1050)
-0.0980
(0.1035)
-0.1175
(0.0947)
-0.1596
(0.0829)
-0.0779
(0.1250)

-1.4906%**
(0.3683)

-1.4809%**
(0.2775)

0.0644%*
(0.0278)
0.0327
(0.0286)
0.0550*
(0.0278)
0.0560*
(0.0264)

SW

w

NW

(Wind Speed)*
(interacted with wind direction)
N

NE

E

SE

S

SW

w

NW

Constant

0.0496*
(0.0208)
0.0124
(0.0372)
0.6678%**
(0.1798)
0.65927%*
(0.1207)

-0.0069*
(0.0027)
-0.0037
(0.0027)
-0.0062*
(0.0026)
-0.0058*
(0.0026)
-0.0036
(0.0019)
0.0002
(0.0038)
-0.0903*
(0.0280)
-0.0874%%*
(0.0171)
9.3009
(5.6832)

“6 am is the reference time.

*Monday is the reference day.

“Solar radiation is rescaled by dividing by 100.

Notes: Standard errors are clustered at the quarter level. *p<0.05, **p<0.01, ***p<0.001.
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Appendix to Chapter 4: P-values of Pearson Goodness-of-fit Test.

RESP- RESP- CARD-

Children Elderly Elderly
DD1 0.0000 0.0000 0.0000
DD1 Pretreatment Placebo 0.0000 0.0006 0.0000
DD1 Placebo (using observations from NRZ) 0.0096 0.5673 0.9835
DD2 0.0574 0.6398 0.7252
DD2 Pretreatment Placebo 0.4544 0.9630 0.7725
DDD 0.0000 0.0000 0.0381

Notes: If p-value is less than 0.1, test statistic is significant at the 10% level or better. In
such case, I use a negative binomial regression.
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Appendix to Chapter 4: Selected Estimates from Regressions Examining

Effect of PyP on Hospitalization Rates (CARD-Elderly).

DD1 Estimates

DDD Estimates

Variable Coefficient Variable Coefficient
PyP -0.1410** PyP -0.4467*
(0.0550) (0.2424)
After -0.2058%** RD -0.0723
(0.0650) (0.2010)
RD 1.1669*** After -0.4724%*
(0.0377) (0.2116)
NCS(temperaturel) 0.0236 RD*RZ 1.2408%**
(0.0766) (0.1929)
NCS(temperature2) -0.2070 RZ*After 0.2671
(0.5867) (0.1968)
NCS(temperature3) 1.3825 RD*After 0.2999
(3.7006) (0.2465)
NCS(temperature4) -2.0001 NCS(temperaturel) -0.0043
(7.5242) (0.0724)
NCS(temperature5) 0.1456 NCS(temperature2) -0.0694
(8.2279) (0.5518)
NCS(relative humidity1) 0.0073 NCS(temperature3) 0.5348
(0.0047) (3.4110)
NCS(relative humidity?2) -0.0092* NCS(temperature4) -0.2439
(0.0050) (6.8164)
NCS(wind speedl) -0.4330* NCS(temperature5b) -1.5088
(0.2518) (7.1766)
NCS(wind speed2) 0.5171%* NCS(relative humidity1) 0.0056
(0.2030) (0.0043)
NCS(relative humidity?2) -0.0070
(0.0046)
NCS(wind speed1) -0.232
(0.2235)
NCS(wind speed?) 0.3190*
(0.1720)
Observations 417 Observations 1886
Pseudo R? 0.2118 Pseudo R 0.2320

Notes: Estimates for parish fixed effects and year-month fixed effects are not presented. Robust standard
errors are clustered at the month level with all parishes in the same cluster. *** p<0.01, ** p<0.05, *

p<0.1.
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