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The cost of damages caused by air pollution runs into billions of dollars annually. In
measuring costs, researchers hardly ever include the cost of changes in behavior as a result of air
pollution. Because these costs represent a loss in surplus and avoidance behavior affects the
severity of health effects caused by air pollution, estimates of the effects of air pollution that do
not take avoidance behavior into account are most likely biased downwards. To obtain unbiased
cost estimates, some measure of avoidance behavior is needed in cost calculations for the effects
of air pollution. It is important for policy makers to know the full costs of air pollution so that they
can make decisions on whether to focus environmental policy on air pollution reduction or on
encouraging behavior that reduces exposure to air pollution.

In this paper, | measure avoidance behavior by studying changes in human mobility
patterns in response to changes in reported air quality indexes. Using data on people’s mobility
patterns from SafeGraph and historical air quality data from the EPA, | measure how much people
change the time they spend at home, the time they spend away from home, and the distance they
travel from home in response to the EPA’s air quality index.

Employing a control function model to correct for selection and/or endogeneity, | find that
people are on average expected to spend 8 more minutes at home, spend 10 less minutes away
from home, and travel 385 meters less away from home on days of unhealthy air quality than on
days of good air quality. This provides evidence of avoidance behavior in response to poor air

quality.
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CHAPTER I: INTRODUCTION

Air quality in the United States has improved significantly over the past few decades.
According to the Environmental Protection Agency (EPA), total emissions of the six principal air
pollutants (carbon monoxide, lead, nitrogen oxides, ground-level ozone, particulate matter, and
sulfur oxides) fell by 78% between 1970 and 2020 (US EPA, 2016). However, compared to
countries like New Zealand, Sweden, Australia, and Canada, the United States still has much to
do with regard to pollution management or reduction (McCarthy, 2020). As pollution control has
increasing marginal costs, the cost of reducing pollution in a country like the United States, where
pollution levels have been brought down significantly, becomes more and more expensive with
each additional effort aimed at reducing pollution. Despite the level of spending on air pollution,
exposure to pollution in the US is still quite high. The American Lung Association reported in a
2021 report that four in ten Americans live where pollution levels frequently make the air too
dangerous to breathe (American Lung Association, 2021).

The amount of spending on air pollution mitigation pales is negligible compared to the cost
of the effects of air pollution. The effects of air pollution are very costly, as they directly affect
human wellbeing and environmental conditions (Santana et al., 2020; Chen & Chen, 2021,
Delucchi et al., 2002; Gouveia & Fletcher, 2000). Between 2010 and 2020, mortality from
exposure to ozone, and from exposure to PM.2.5 among adults were expected to increase by about
65% and 44%, respectively (US EPA, 2011). Adverse health conditions are not the only negative
effect of air pollution. Other effects of exposure to air pollution can be seen in reduced visibility,

restricted activity, and increased social misbehavior (Lu, 2020; Hyslop, 2009; Yan et al., 2019).



Itis important to know the full costs of air pollution so that governments (federal and state)
can make policies whose benefits will exceed those costs. It is hard to measure the full cost of air
pollution as some of the effects of air pollution are not as easily observable and quantifiable as
health effects. One such effect of air pollution is the change in behavior to mitigate exposure to air
pollution. These changes in behavior are important of themselves as they represent a loss in utility
because people give up enjoyable activities in order to avoid being exposed to pollution.
Behavioral changes are also important because they indirectly affect the cost of health effects of
pollution by reducing the probability of getting sick from exposure to pollutants. This type of
behavior is usually referred to as avoidance behavior or averting behavior. Avoidance behavior
with regards toair pollution constitutesany behavior that enables a person to stay clear of or protect
themselves in environments that could potentially expose them to air pollutants. It may include
staying indoors on days with high levels of air pollution, avoiding highly polluted areas, using
protective coverings such as face masks, and in the longer term, migrating from highly polluted
areas to less polluted areas. Estimates of the cost of the health effects (and the total costs) of air
pollution that do not take into account the cost of these behavioral adjustments are biased
downwards because these actions affect the frequency and severity with which people’s health are
affected by pollution.

The estimates from this study measure the causal effects of air quality and mobility.
Measures of air quality have been found to be endogenous in the existing body of research about
the relationship between air quality and human mobility. To control for this endogeneity, | employ
a control function model which corrects the endogeneity problem by modelling the endogeneity in
the error term. Though similar in many ways to a two-stage least squares estimation, the control

function method is more advantageous as it is compatible with more model specifications



(including non-linear models) and allow for heterogeneous effects. Thus, the control function
method allows me to test the robustness of my results to different model specifications without
changing the underlying statistical method. To the best of my knowledge, this is the first research
work that employs the use of the control function method in correcting for endogeneity in the
relationship between air quality and human mobility.

This study finds evidence of avoidance behavior in the United States as shown by a 1.4
percentage point increase in time spent at home, a 4.2 percentage point decrease in time spent away
from home, and a 4.5 percent reduction in distance traveled from home by a device on average on
days of unhealthy air quality. These translate to an 8-minute increase in time spent at home, a 10-
minute reduction in time spent away from home and a 385-meter reduction in distance traveled
from home on days that the EPA reports unhealthy air quality compared to days on which good
air quality is reported. The study uses observed data from across the entire country and thus,
findings are more reliable and generalizable than others in the literature. Results from
heterogeneity analyses doneas part of the study show variations in response toair pollution among
different demographic groups. Minority communities, for example, are shown to be more
responsive to changes in air quality than non-minority communities.

Knowledge of the extent to which avoidance measures are effective in reducing exposure
to air pollution is important to policy makers, as it could serve as the basis for the development of
policies geared towards making individuals play more active roles in reducing the adverse effects
of pollution. If avoidance behavior reduces exposure to pollution, then it might be prudent to
encourage people to practice these behaviors while the government finds more efficient ways to
reduce pollution levels. It must be noted, however, that avoidance behavior has many costs aside

from the cost of implementing information systems to make people aware of the levels of pollution.



As there has been a general failure to limit pollution (in the form of greenhouse gases, for instance)
globally, finding a way to measure these costs is important for governments to make decisions on
whether to make environmental policy more focused on mitigation and adaptation practices.
Avoidance behavior, which is the focus of this paper, is a type of mitigation practice. As such, the
findings from this paper contribute valuable knowledge to the decision-making process in matters
concerning environmental policy.

Also, the finding that different groups respond differently to air pollution should emphasize
to policymakers the importance of considering vulnerable populations when making policies

related to encouraging avoidance behavior.



CHAPTER II: LITERATURE REVIEW

In this chapter, | discuss the available literature on the topic of air pollution (air quality)

and its relationship with human mobility.
Air Pollution

The World Health Organization defines air pollution as the contamination of the
environment by any physical, biological or chemical agent that modifies the natural characteristics
of the atmosphere (World Health Organization, 2023). Relatedly, air quality refers to the degree
to which air is clean enough for humans and the environment — good air quality means the air is
free of harmful substances and is safe for humans and the environment The major reason why air
pollution is a source of great concern is its effect on human wellbeing. Some effects on humans
include poor physical and mental health, reduced worker productivity, and even poor stock market
performance((M. Neidell & Pestel, 2023; S. Chen & Zhang, 2021; Chang et al., 2019; X. Zhang
etal., 2017; He et al., 2023; Heyes et al., 2016). Air pollution is reported to be the biggest risk for
early death, causing over six million deaths each year (Environmental Defense Fund, 2023).
Studies have found that poor air quality is the major cause of many chronic respiratory and
cardiovascular diseases in humans (Heutel & Ruhm, 2016; Deryugina et al., 2019; Jiang et al.,
2016). To reduce the likelihood of contracting such serious health problems, human beings can
make choices to control their exposure to pollutants. Whether or not they make such choices is
another topic of interest to researchers. Given the importance of managing pollution in any
country, there is an abundance of studies on topics related to air pollution, its measurement, and
its management. The literature on the topic of the effects of pollution in relation to human health

thus follows three main strands: the health costs of air pollution, human response to air pollution,



and the relationship betweenthose responses and health outcomes. I provide a selective discussion
of the available literature in each strand in the following subsections.
The Health Costs of Air Pollution

The main reason why air pollution is such a concern in the world today is because of its
adverse effects on human health. Exposure to air pollutants is known to affect the human
respiratory, cardiovascular, nervous, urinary, and digestive systems (Kampa & Castanas, 2008).
Even more alarming is the finding that exposure to air pollutants during pregnancy could affect
the developing fetus in-utero (Glinianaia et al., 2004). Most studies of the effects of air pollution
on health focus on respiratory and cardiovascular diseases because most air pollutants are inhaled
(coming into direct contact with the respiratory system), and have the ability to bind to
hemoglobin, reducing its ability to carry oxygen to the heart, and thus affecting the cardiovascular
system (Kampa & Castanas, 2008). Studies have shown that diseases like asthma, pneumonia,
COPD and lung cancer are exacerbated due to exposure to air pollutants such as ozone, nitrogen
oxides, and particulate matter (Kurt et al., 2016; Heutel & Ruhm, 2016; Laumbach & Kipen, 2012).
Aside from physical health, air pollution has also been found to adversely affect humans’ mental
health and affect cognitive performance (X. Zhang et al., 2017; Gattoet al., 2014, Freire et al.,
2010; Clayton, 2021). Studies in the literature have found a positive relationship between air
pollution and poor mental health outcomes such as depression (Borroni et al., 2022). Air pollution
has even been found to increase suicide rates (Persico & Marcotte, 2022; Braithwaite et al., 2019;
Xie et al., 2023).

The health effects of air pollution vary among different groups of people. Differences exist
as a result of factorssuch as age, type of pollutant, and exposure levels. Exposure to pollution has

been found to be more dangerous among children and the elderly than among younger adults



(Stone, 2000; Makri & Stilianakis, 2008; Domingo & Rovira, 2020). The type of pollutant a person
is exposed to largely defines how that person’s health will be affected (Pope et al., 2019; Rashidi
et al., 2023; Kim et al., 2020). Furthermore, studies have found a greater effect of exposure to
pollutants on the prevalence of cardiovascular diseases among the elderly (M. Liu et al., 2019),
and on the prevalence of respiratory diseases among children since children are known to have
weaker respiratory systems (Environmental Health (NSW), 2013). Researchers have also found
that aside from children and the elderly, minority and low-income communities are particularly
vulnerable to the adverse health outcomes of poor air quality (Fairburn et al., 2019; Thind et al.,
2019). These differences in the magnitude of the effects of air pollution on human health among
different groups are important in studying the cost of air pollution among large populations.
Measures of the health consequences of air pollution in the literature include mortality rates
and number of hospital days. Since health outcomes are often observable, most researchers
measure the effects of air pollution by studying changes in people’s usage of healthcare facilities
during or immediately after exposure to bad air. The most common measures in the literature are
emergency room visits and days of hospitalization due to conditions related to bad air quality
(Neidell, 2009; Moretti & Neidell, 2011; Janke, 2014). The hypothesized mechanism is that when
people are exposed to some air pollutant, certain symptoms are triggered which necessitate visits
to a nearby emergency room. If the symptoms are severe, they are admitted in the hospital. Thus,
studying changes in the number of emergency room visits and admissions in healthcare facilities
close to a place that experienced a bad air quality day or days provides a way of looking at how
the bad air condition affected individuals’ health on that day and perhaps the few days that
followed. Since complications from conditions caused or worsened by bad air quality can get fatal,

another measure of the health effectsof air pollution in the literature is mortality rate from diseases



known to be caused or worsened by air pollution (Dockery et al., 1993; H. R. Anderson, 2009; Di
et al., 2017)

Since the most reported effects of air pollution are adverse health effects as a result of
exposure, the major component of the direct cost of air pollution to humans is presented in the
literature as the money value of healthcare costs related to conditions connected to exposure to
polluted air. Once a researcher knows the number of hospital visits due to complications from
asthma, for example, it is fairly straightforward (assuming the data is available) to get the
average cost of asthma care per day in a hospital and aggregate that amount across the total
number of cases to get an estimate of the total cost of hospitalizations due to asthma. However,
especially in a country like the United States where healthcare costs vary widely among states,
hospitals, or even patients (Kurani et al., 2021; Lagasse, 2016; Gliadkovskaya, 2021; Cummings,
2015), making generalizations from studies on hospital costs in one area may not be ideal.

Avoidance Behavior in Response to Air Pollution

Given the high costs of the effects of exposure to air pollution, it is expected that any
rational individual will take non-trivial actions to avoid or reduce exposure to air pollution so as
to avoid paying those costs. Aside from health effects, poor air quality also affects how much
individuals enjoy doing activities outdoors. For example, taking a walk in the park with reduced
visibility as a result of smog pollution would be less enjoyable than taking a walk on a clear day.
When information about air quality is made available to the public, it is with the expectation that
people who receive such information will take it into account in deciding their day-to-day
activities. People may respond to information about air quality in one (or both) of twoways: reduce
activity that exposes them to air pollutants or avoid activities that produce such pollutants.

Activities that people take to reduce exposure to air pollution is what is referred to as avoidance



behavior in this paper. More precisely, avoidance behavior in response to air pollution refers to
any actions or measures a person may take to reduce or avoid exposure to air pollutants that have
the potential to cause or aggravate certain health conditions, or which have the potential to reduce
the utility individuals derive from undertaking certain activities. Since the main aim of avoidance
behavior is to provide individuals with the highest amount of personal utility, given the prevailing
levels of air pollution, it can be qualified as rational behavior.

Methods of avoidance vary across individuals across different pollutants. Individuals may
respond differently to the same levels of pollution based on their age, lifestyle, and existing health
conditions. Young children, elderly adults, and people with existing respiratory conditions like
asthma, for instance, may take more measures to avoid exposure to pollution than healthy young
adults (Ward and Beatty, 2015). Individuals from minority and low-income groups, even though
they are more vulnerable to the effects of air pollution, may not have much freedom to practice as
much avoidance behavior as they would want (or compared to other groups) due to social and
economic constraints (Downey & Hawkins, 2008). In the same way, measures to avoid chemical
air pollutants may differ considerably from measures to avoid particulate matter. Thus, there are
different measures of avoidance to suit individual preferences. Some avoidance measures people
take include staying indoors on high-pollution days, installing air filtering systems in their homes,
wearing face masks, and in the longer run, migrating to places with lower pollution levels.

There is some evidence in the literature to support the notion that people exhibit avoidance
behavior in response to bad air quality. In cities that publicly report air quality, alerts are issued on
days when pollution levels go above thresholds that are believed to be safe for humans. Ina 2017
study using administrative cycling data and government data on air pollution weather and

bushfires, Saberian et al. found a 14 — 35% reduction in cycling when air quality alerts were issued



in Sydney, Australia (Saberian et al., 2017). In a similar study using administrative data on zoo
and observatory attendance in Southern California, Neidell found that smog alerts significantly
reduced attendance at the two outdoor facilities (M. Neidell, 2009). Other studies on the evidence
of avoidance behavior have found that elevated air pollution levels are associated with higher
online searches for and purchases of face masks and air filters (T. Liu et al., 2018; Zhang & Mu,
2018), areduction in attendance of outdoor sporting activities (Y00, 2021), and a general reduction
in the amount of time spent doing vigorous outdoor activities (Ward & Beatty, 2016).

It is important to study how individuals respond to pollution in the short run because
although most of the health conditions associated with air pollution are chronic, most of the costs
associated with these conditions are incurred within days of poor air quality, when the symptoms
are aggravated.

Measuring the Cost of Avoidance Behavior

Practicing avoidance behavior does not come free. Making the decision to stay indoors to
avoid pollution may mean giving up other enjoyable outdoor activities or giving up part of one’s
income due to the inability to work. Spending money on the purchase of air filters, face masks,
and other protective wear would mean giving up spending on other useful goods. Moving away
from a place with high levels of pollution may mean moving away from family and friends one
would otherwise prefer to live close to. In other words, there are (opportunity) costs to avoidance
behavior. Because the benefits of avoidance behavior are desirable, it is important to know the
“price” one has to pay to get those benefits. Moretti and Neidell in a study in Los Angeles, for
example, estimated that the cost of avoidance behavior was at least $11 million per year (Moretti

& Neidell, 2011). However, this estimate did not include different measures of avoidance behavior
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and was just a representation of cost savings from healthcare, based on the assumption that the
marginal benefit of avoidance behavior must equal its marginal cost.

Unlike healthcare costs from pollution related conditions, measuring some costs of
avoidance behavior is not straightforward. For example, how does one measure how much utility
individuals get from being outdoors compared to staying indoors; how does one measure how
much individuals value staying close to family and friends in a polluted neighborhood? It may be
relatively easy to measure the monetary value of work hours lost (W. Zhang et al., 2011), or of air
filter and face mask purchases (Liu et al., 2018; Zhang & Mu, 2018), but even that may not measure
the full cost of avoidance behavior as individuals would have otherwise preferred not to have
purchased these items. There could also be unobserved transactional costs because individuals
have to search for items they do not purchase on a regular basis.

Despite the difficulties associated with measuring some of the costs of avoidance behavior,
some researchers have attempted to measure these costs in a more comprehensive way. The most
common measure used in these studies is individuals’ willingness to pay (WTP) to avoid pollution.
Ina study using the BRFSS 2006 — 2010, Jones found that US adults were willing to pay $373 to
avoid one day of wildfire smoke over their county of residence (Jones, 2017). In another study,
Sun and coauthors showed that individuals in urban China were willing to pay 382.6RMB on
average per year to reduce air pollution (Sun et al., 2016). Although these studies do not fully
measure the cost of avoidance behavior, they give an indication of how much people are willing
to give up, to avoid exposure to polluted air. One problem with such measures of WTP is that they
are estimated from information reported in surveys, and survey data are not perfectly reliable due

to measurement error (Bound et al., 2001).
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How Does Avoidance Behavior Affect Health Outcomes?

The main reason why individuals practice avoidance behavior is to avoid the adverse health
effects of air pollution. People get sick from air pollution when they come into direct contact with
air pollutants. Thus, the reasoning behind avoidance behavior is that if people are able to avoid
exposure to pollutants, they will be able to prevent, or at least reduce the severity of illnesses
related to air pollution. Though this might seem like common knowledge, many studies that look
at the health effects of air pollution fail to take into account these behavioral adjustments people
make in order to mitigate the health effects of air pollution.

Failing to account for avoidance behavior in measuring the health effects of air pollution
could result in biased estimates (M. Neidell, 2009). If one just considers how much an individual
pays in hospital bills as a result of a condition related to air pollution without considering how
much that individual may have spent to mitigate the severity of her condition, for example, then
there is the possibility that the total cost of the illness will be underestimated. A study on the
welfare impacts of pollution alerts shows that alert issuance (and the corresponding avoidance
behavior in response to the alert) reduced youth respiratory expenditures in South Korea by 30%
and adult cardiovascular expenditures by 23% (Anderson et al., 2022). This finding is in support
of the notion that practicing avoidance behavior improves individuals’ welfare. In contrast,
however, Janke found that ignoring avoidance behavior in measuring the cost of asthma
admissions among children in England did not result in any statistically significant
underestimation of the health effect of air pollution (Janke, 2014). Perhaps these contrasting
findings are as aresult of differences in the populations observed in each study, or even as a result

of different specification models used.
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Given that there are conflicting results in studies on the effect of avoidance behavior on
the health outcomes due to air pollution, it would be difficult to estimate the welfare effects of
avoidance behavior. Thus, what this study seeks to do is to provide a more reliable foundation for
estimating the welfare effects of avoidance behavior by providing more reliable evidence on the
existence and the magnitude of avoidance behavior in response to air pollution, especially in the
United States. Although studies in the literature suggest that people in the United States adjust
their behavior in response to changes in air quality, most of these studies are done on a small
subsection of the population (e.g., Neidell, 2009). Those studiesthat were conducted at the national
level use survey data to arrive at their conclusions (e.g., Ward & Beatty, 2016). As mentioned
above, estimates from survey data are not entirely reliable due to potential measurement error.

What this dissertation contributes to the literature then, is more reliable evidence on the
existence of avoidance behavior at the national level, using observed data rather than self-reported
data. The findings from this dissertation could be the basis for policy makers to make decisions on
whether to shift their attention to encouraging the general public to practice avoidance measures

in the short run, while more efficient methods of pollution reduction are developed.

13



CHAPTER I1l: THEORETICAL MODEL

Problem

Governments are faced with the difficult task of pollution management. Typically,
governments aim to reduce pollution by regulating emissions. Pollution reduction is expensive
and has increasing marginal costs. Since the main aim of pollution control is to reduce its
harmful effects on human health, if there was a way to manage exposure to pollutants in order to
reduce the health effects of pollution, then it would buy policymakers some valuable time to find
more efficient ways of controlling pollution. For this to be possible, policymakers must have
proof that individuals care enough about adverse (health) effects of pollution to be willing to
avoid being exposed. This way, immediate policy would aim at encouraging avoidance behaviors
among individuals while more efficient methods of pollution reduction are investigated. The
problem for decisionmakers, therefore, is to find whether or not individuals exhibit behaviors
that reduce their exposure to pollution.

Utility Function

Exposure to outdoor air pollution has many adverse effects especially with regards to
human health. Adverse health effects of exposure to air pollution include increased risk of
incidence and worsening of respiratory and cardiovascular diseases such as asthma and
bronchitis. To maintain their current level of health, individuals need to avoid exposure to air
pollutants. However, to avoid pollution, individuals may have to give up or postpone certain
activities that are necessary for their wellbeing, or that they find enjoyable. Thus, there is a
tradeoff between maintaining good health by avoiding pollution and engaging in necessary or

enjoyable activities while being exposed to pollution.
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| begin my analysis of this problem with a simple utility function for an individual:
U(H(P(A,R),A),A)

Where H is the individual’s health, P is the individual’s level of pollution exposure, P, is
the current level of pollution, and A is the individual’s outdoor activity level, which contributes
both to her exposure to pollution and to her health. The individual also derives direct utility from
engaging in outdoor activities.

This individual can choose her level of outdoor activity, which in part determines her
pollution exposure. This individual’s health is also affected, in part, by how active she is. Thus,
the individual maximizes her utility by choosing the right amount of activity to keep her in good
enough health, given the ambient level of pollution.

The first-order condition for this individual’s utility maximization problem is:

0H oP oH
Uj—+U, =0

OF =U o

"3p 9A "
To further explore this individual’s utility maximization problem, | make the assumptions
below based partly on previous work by Barwick and his coauthors in their work that studied the
value of pollution information (Barwick et al., 2019).
Assumptions
1. Health decreases with pollution exposure at an increasing rate and increases with higher

q 28

2
levels of activity so that Z—g <0, ZTI: <0,an = 0. Also, the marginal health benefit of

2
being active decreases with higher levels of activity (ZTZ < 0), so that the individual does

not engage in unreasonable levels of activity.
2. Higher levels of pollution and higher levels of activity, especially at times of high pollution

increases exposure to pollution at a decreasing rate. Also, engaging in higher levels of
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activity in periods of high pollution increases exposure to pollution: :TP> 0, £>

a%p a%p
—< >
0,-2=<0, and 7497, = 0.

3. Health and activity levels have diminishing marginal utility (U,, < 0 and U,, < 0).

2
4. The individual’s utility function is additively separable so that a(iq_al; =0

Proposition
Suppose an individual values good health and understands that exposure to pollution is
likely to impact her health negatively. Then, under the given assumptions, higher pollution levels

reduce her observed levels of activity (;TA < 0).

Proof
From the implicit function theorem,
dA  O0F/0P,
dP,  0F/dA
Solving for dF /0 P, gives:
JoF — U daP (6H>26P+ 0%H oP 6P+U 0H 0%P + U JH 0P 6H+U 0°H 0P
op, " ogp \op/ aA " oP20pP,0A Y oPoAdP, "M oPoP,dA " dAOPOP,

Similarly, dF /0A gives:

oF <U 0HOP 6H> 0HOP 0*H <6P>2 y. o 0?P
0A P apaa " THE 9A) 9P oA M 9A0P \0A Hop A2
(U aHaP+U aH)aH_H] 62H+U
HE gpaA " "HH 9A) 04~ "Hoaaz A4
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B <6H>2 <6P>2 g, OHOHOP 0*H <6P>2 U 0H 9*P
~ T \op) \oA M 0A0PdA " 0AOP \0A " oP 0A?

U aHaPaH+U (6H)2+U62H+U
HH ap aAaA  HHE \9A Hagpz & 744

From the assumptions given, ;TF and Z—Z are both expected to be negative and as a result,

aF/aP, . .
2rjaa 1S negative. Thus,

aa_,
dP ~
Empirical Implication

The proposition made from this utility maximization method can be tested empirically. To
do that, I would have to find a way to observe individuals’ activity levels on different days, and
test whether or not these activity levels change with different levels of pollution. | use the word
“observe” because, since it is considered rational behavior to avoid exposure to pollution, if asked
to report their behaviors, individuals may fail to disclose any contradictory behaviors. Observing
individuals’ behaviors thus provides a means of testing the hypothesis that individuals engage in

lower levels of activity on days of poor air quality compared to days of good air quality.
My model predicts that higher levels of pollution will lead to a reduction in individuals'
observed levels of activity. This means that individuals who value good health and are aware of
the adverse health effects of air pollution will take steps to adjust their exposure to pollutants.

Thus, empirically, | expect to observe a reduction in activity levels on poor air quality days.
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CHAPTER IV: DATA

Mobility Data

This paper uses data on peoples’ movement patterns from SafeGraph’s Social Distancing
Metrics (SDM)!. Safegraph’s SDM was live during the COVID-19 pandemic and provided daily
data on device locations using pings from anonymous mobile devices in the United States(Social
Distancing Metrics | SafeGraph Docs, 2020). SafeGraph analyzes six weeks of data during night
hours (between 6pm and 7am) until they obtain sufficient evidence to assign a home location for
each device, which is then mapped to a census block group (CBG). The devices are aggregated by
home census block group and provide metrics such as device count (number of devices observed
that day for that home CBG) and time spent at home for each CBG. The SDM is no longer
supported by SafeGraph and is only available for January 2019 to April 2021.

For my analyses, | create three variables from the SDM to show total time spent at home
by all devices in each CBG (Home Time), the total time in hours spent away from home (Away
Time), and the total distance traveled away from home in meters (Distance from Home). The
original variables from SafeGraph data record the distribution of time spent at home and away,
and distance traveled from the home location based on pre-specified buckets, and the number of
devices in each bucket. | create my variables by multiplying the number of devices in each bucket
by the midpoint of the time or distance in the bucket. For the final distance bucket, | used the
bottom value of the bucket. Any averages of these variables are calculated by dividing the totals

by the number of devices in the CBG (device count).

1 SafeGraph sold their Patterns business to Advan Research in 2022. I refer to these data as “SafeGraph” data for
consistency with prior research.
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It must be noted thatthe SDM only recorded pings from mobile devices, and so the metrics
donot account for the location of a device for the entire day. As such, it is expected that the metrics
“Home Time” and “Away Time” for each day may not add up to twenty-four hours. Also, the
variable for time spent away from home may be an imperfect measure of avoidance behavior as
individuals may spend time at pollution-safe locations other than their homes.

Since the nighttime location of a device is not necessarily its home (the owner of the device
could be a nighttime worker), there is the potential for measurement error in all variables that use
the home location of a device as a reference point for measuring mobility. This category of
variables includes my created variables Home Time, Away Time, and Distance from Home.
However, considering that the proportion of Americans in nighttime jobs is relatively small
(Lieberman et al., 2020), and that SafeGraph computes a new home for each device at the start of
each month relying on the evening and nighttime behavior of devices over the previous six weeks
(Andersen, 2020), | expect potential measurement errors to be small.

Despite the potential for measurement error in my outcome variables, I still expect to obtain
consistent results though the results may be less precise than using variables with no measurement
errors (see Appendix A).

| use daily datafor the continental USA from 2019 in my analyses because 2019 is the only
year with full mobility information for all days, in which people’s movement are not affected by
government regulations; COVID-19 lockdown policies most likely impact movement patterns for
2020.

Figures 1-3 show the distributions of each of the three created variables in the dataset.
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Figure 1. Distribution of time spent at home

Distribution of Average Time Spent at Home
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It is seen from figures 1 and 2, that individuals spend about 10 hours at home, and about 3 hours
away from home on average per day. As mentioned, the average number of hours spent at home

and away from home do not add up to 24 hours. However, since the data accounts for more than
half of the day, I expect the results to be representative of people’s movement patterns. Figure 3

shows that people travel an average of about 8km away from home daily.
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Figure 2. Distribution of time spent away from home
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Figure 3. Distribution of distance traveled from home

Distribution of Average Distance Traveled from Home

Percentage

0 10 20 30 40 50
Distance from Home (km)

To check for variations in the measures for time spent at and away from home, and for distance

travelled from home across regions, | decompose my data into five regions: Northeast, Southeast,

21

20



Midwest, West, and Southwest. | see a similar pattern in each region, with median time spent at
home in the West about an hour greater than the median across all regions. People in the
Northeastern part of the United Statesalso appear to travel shorter distances from home on average
than people from other regions. Figures for the distribution of the mobility measures for each
region can be found in Appendix B.

SafeGraph data also shows some variation in mobility patterns across seasons. Less
mobility is seen during the colder months of the year as people are seen to spend more time at
home and travel shorter distances from home than in the warm months. People are seen to travel
the farthest distances from home on average in Summer (see Appendix C).

Pollution Data

Historical daily air quality indexes (AQI) are available for the seven main pollutants from
all outdoor air quality monitoring sites in the United States on EPA’s official website. In my
analyses, | use AQI values based on levels of PM2.5 because particulate pollution can be more
easily observed than other forms of pollution (may appear as haze), and is a threat throughout the
year, not just in warm weather. AQI values based on levels of PM2.5 are available from 1999 to
yesterday.

| use daily AQI data from 2019 to conduct my analyses based on the availability and
reliability of mobility data. Since AQI data are available at the monitoring station level, and
mobility data are at the CBG level, I restrict my sample to CBGs with a monitoring station within
a 10-mile radius from their centroids. For CBGs with more than 1 monitor within that radius, | use
the weighted mean of the air quality measurements from all stations within the CBG, with inverse
distance from the centroid as weight. Figure 4 shows the locations of all monitors included in my

analyses.
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Figure 4. Monitor locations
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The EPA reports daily AQI dataon AirNow.gov on a scale that runs from 0 to 500, with
higher numbers indicating worse air quality. Each category on the AQI scale has a specific color
and corresponds to a different level of health concern for the public. Weather apps that report AQI
follow the same color coding as the EPA. | create a variable which shows the level of concern for
each day’s AQI using that scale. Table 1 gives a summary of the categories of EPA’s AQI scale,
their representative colors, their corresponding health concern messages, and the percentage of
days in my data that record each level of air quality on the scale. | show the distribution of air
quality across the country and in each region and season in Appendices D and E.

AQI values below 100 are generally considered safe. Days with AQI values between 101
and 150 are considered unhealthy for sensitive groups which include young children, the elderly,
and people with respiratory and cardiovascular diseases, while AQI values above 150 are
considered unhealthy for the entire population. Thus, | create a variable for alert days with AQI

values when the entire population would be concerned about the ambient air quality (AQI values
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above 150). | use this alert variable in sensitivity analyses to detect any changes in behavior in
response to air quality alerts.

Table 1. Summary of AQI Scale

Daily AQI Value | Color Level of Concern % of Days in Data
0-50 Green Good 85.47

51 -100 Yellow Moderate 14.43

101 - 150 Orange Unhealthy for Sensitive Groups 0.09

151 - 200 Red Unhealthy 0.01

201 - 300 Purple Very Unhealthy 0.00

301 and higher Maroon Hazardous 0.00

Asshown intable 1, PM2.5 in the United States is usually at safe levels: the share of CBGs
exposed to worse than moderate air quality is less than 5% on average. Thus, it is expected that
any day that experiences higher than normal levels of AQI will be accompanied by observable
changes in movement behaviors. Other pollutants may, however, lead to worse air quality.

Weather Data

In order to be able to obtain reliable estimates for avoidance behavior, | include controls
for weather in my analyses. It is important to include weather controls because weather elements
such as temperature and humidity may affect the level of particulate pollution in the atmosphere.
Atthe same time, these weather elements may also affect people’s decisions to take part in outdoor
activities. Thus, failing to include them may bias any estimates obtained from my analyses.

Data on weather conditions in the United States for 2019 are obtained from grid Met.
Measurements for temperature, wind speed, precipitation, humidity and solar radiation are given
at the county level. | merge weather datato the other datasets based on the assumption that weather
conditions are uniform across CBGs within a county. Where maximum and minimum daily values

are reported (e.g., temperature), | calculate daily averages.
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Table 2 shows summary statistics for each measure of mobility, air quality and weather |
use in my analyses. It can be seen from the table that individuals spend an average of about 10
hours at home and 4 hours away from home each day. Though one would normally expect time
spent at home and time spent away from home each day to add up to 24 hours, the means of the
time measures of mobility in the table do not add up to a full day since Safegraph only records
pings from the use of applications on mobile devices rather than tracking the device throughout
the day. Nevertheless, | am comfortable drawing conclusions from analyses using the data | have
since it covers well over half of each day on average. Table 2 also shows that air quality in the
United States is generally good (well below 50 on average) and that most of the data are clustered
around the means.

| present a breakdown of my summary statistics by region and season in Appendices F and
G, respectively. Tables F24 to F28 show that there was generally more movement seen in the
eastern parts of the United States in 2019 than in the Midwest and the western parts. Tables G29
to G32 show more mobility during the summer than the other seasons. These statistics suggest that
location and time may have an effect on mobility patterns. As such, it is important to control for
such variations in movement patterns in my analyses.

Table 2. Summary statistics

Variable Mean Standard 25t 75t
Deviation Percentile Percentile
Home Time (hrs) 9.92 1.99 8.78 11.26
Away Time (hrs) 3.79 1.12 3.02 4.44
Distance from Home (km) 8.55 3.58 6.03 10.56
Daily Air Quality Index 32.14 15.68 20.50 42.00
Temperature (°F) 58.08 18.25 44.78 72.77
Precipitation (in.) 3.04 8.29 0.00 1.50

25



Wind Speed (mph) 8.86 4.07 6.04 10.96
Shortwave Radiation (w/m?) 196.38 91.12 117.70 274.70
Humidity (%) 64.72 15.02 56.90 74.80
N = 37,676,135

*All summaries are at done at the CBG level for each day and are not population weighted

Because of concerns for endogeneity in the air quality variable, | obtain wind speed and wind
direction data from Persico and Marcotte (2022) to construct instrumental variables for air
quality. The authors collected data on wind speed and wind direction from the North American
Regional Reanalysis (NARR) daily reanalysis data, which reports wind conditions on a 32 by 32
kilometer grid and consist of vector pairs, one for the east-west wind direction (u-component)
and one for the north-south wind direction (v-component). They converted the average u- and v-
components into wind direction and wind speed after locating each wind monitor in a county and
then averaged up to the county-day level, simplified to four quadrants. They defined “wind

direction” as the direction the wind is blowing from (Persico &Marcotte, 2022).

Other Data

To conduct my heterogeneity analyses, | get data on the demographic characteristics
drawn by Andersen et al. (2023) from the 2015 to 2019 American Community Survey. The data
show the number of individuals by age, race and gender for each CBG (Andersen et al., 2023). |
am able to identify CBGs that are predominantly white, those that have a larger share of children
or the elderly, and those that have a larger share of females.

I conduct a set of simple bivariate regressions to determine the relationships that exist
between the demographic characteristics of each CBG and the number of devices recorded for

each day. I find that minority CBGs are associated with lower device counts in the data on
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average than predominantly white CBGs. Apart from implying that individuals in minority
CBGs use a smaller number of devices, this finding could also mean that the individuals in these
CBGs do not use the applications from which SafeGraph records pings. | also find that CBGs
with larger shares of the elderly and females are associated with lower device counts on average.
As expected, CBGs with bigger populations have higher device counts on average. | present
results from these regressions in the first column of table 3. I also present the mean for each
variable in column 2 of the table for some context.

Additionally, 1 obtain data on median income for CBGs from IPUMS NHGIS which
provides population, housing, agricultural, and economic data along with shapefiles for
geographic units across the United States (Manson et al., 2022).

Finally, I use data from the North American Industry Classification System (NAICS) to
sort locations recorded in the monthly neighborhood patterns data from SafeGraph into indoor
and outdoor locations. Locations | classify as indoor include museums, amusement arcades,
casinos, and theater companies. | classify amusement and theme parks, golf courses, skiing
facilities, zoos, nature parks, among others, as outdoor locations. | do this classification to be
able to measure how peoples’ responses to poor air quality differ in terms of the type of locations
they visit.

Table 3. Results from Regressions on Device Count

Variable Estimate Mean
) @)
Device Count - 95.44
Share of Population Black -16.2154*** 0.18
0.07)
Share of Population Hispanic 22.7076*** 0.13
(0.09)
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Share of Population from Other

Minority Racial Groups

Share of Population White

Share of Population Minority

Share of Population Adult

Share of Population Children

Share of Population Elderly

Share of population Female

Share of Population Male

Total Population

-6.1526%** 0.07
(0.15)
2.0930%** 052
(0.05)
-3.7360%** 0.48
(0.04)
14.4519%%* 0.63
0.17)
82.2301%** 0.21
(0.19)
-85.8662%** 0.15
0.17)
-16.1395%** 051
(0.26)
16.1395%** 0.49
(0.26)
0.0623%** 1480
(0.00)

Significance codes: *’ 0.05, **’ 0.01,

**%2(0 001. T-values in parentheses

28



CHAPTER V: EMPIRICAL MODELS

Fixed Effects OLS Model

To measure the effect of air quality on people’s movement patterns, I first consider a basic
fixed effects?2 model using OLS:
log (Moby,,.) = a,, + ¢, + 1108 (AQpe) + B2 Xpe + Uiy @,

Ideally, Mob;,, should denote a measure of mobility (the same model will be run for all
three measures of mobility in the data) for individual i at CBG b on date t, but since the available
datais aggregated at the CBG level, | use the device average for each measure of mobility in each
CBG. AQ,, denotes the AQI value reported by the EPA for CBG b on datet, X, is a vector of
weather controls including temperature, precipitation and humidity, a, and c, represent CBG and
date fixed effects respectively, and u,,, is the error term. The coefficient of interest is $,, which
measures the relationship between air quality and mobility. Standard errors are clustered on CBGs
in all models, and each regression is weighted by the number of devices recorded in a CBG on
each day.

Since the EPA also reports levels of air quality as shown in table 1, | create a model with
a categorical version of the air quality variable:
log (Mobyy,,) = ay, + ¢, + B1f(AQEY) + Bo Xy + Wipy (2),
where f(AQ:Y) represents AQI bins or categories for each day.

To study therelationship between air quality and elements of the weather, | run a regression

with daily AQI on the left-hand-side and weather variables on the right-hand-side:

2 | include fixed effects to control for any seasonal and regional variations in mobility patterns. It is shown in
appendices F and G that such variations exist in my data.
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AQy, = ay + ¢+ B Xy + Uyt 3)

The coefficient 3, in each of the fixed effects OLS models (equations 1 and 2) estimates
the relationship between air quality and mobility. A positive coefficient would imply a positive
relationship between air pollution and mobility (AQI is higher with higher levels of pollution),
suggesting that individuals do not limit (and may even increase) their movement in response to
poor air quality. Conversely, a statistically significant negative coefficient would suggest that
worsening air quality is associated with reduced mobility indicating a potential "avoidance
behavior" effect.

Control Function Model

To obtain unbiased estimates, it is necessary to ensure that any change in movement
patterns found from my model is purely a result of changes in air quality (causal identification).
Considering that most of the research on this topic find their measure of air quality to contain some
measurement error (Saberian et al., 2017; Barwick et al., 2019; Graff Zivin & Neidell, 2013; Kim,
2021; Moretti & Neidell, 2011; M. J. Neidell, 2004; Persico & Marcotte, 2022), | am careful to
draw conclusions on the relationship between air quality and mobility based on the estimates from
my fixed effects OLS model. Additionally, to be able to interpret my estimates as causal effects, |
would have to be fully convinced that my model has controlled for every possible factor that can
affect both air quality and mobility. Since I am not certain my model includes all those factors and
given the common findings of endogeneity in the literature, | presume the presence of endogeneity
in my model.

To investigate potential endogeneity in my model (and to get consistent estimates in the
case that my model is truly endogenous), | estimate a two-stage control function (CF) model using

wind direction interacted with groups of counties as instruments. Within a geographic area, daily
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wind direction is a good instrument for air quality because it brings an endogenous source of
variation in air quality (Persico & Marcotte, 2022Db). | obtain wind direction data from Persico and
Marcotte (2022) and follow their method of using kmeans clustering to get 200 groups of monitors
that minimize the distances within each cluster and run the first stage regression of air quality on
the interaction of the 200 monitor groups with four different bins of wind direction and include all
the controls from my OLS model.
log (AQy.) = ap + ¢, + BiWDy + B Xy + Vi 4)
For the second stage, | include the residuals from the first stage (v,,,) in the righthand-side
of my model.
log (Moby,,) = a, + ¢, + B,10g(AQy,.) + By Xy + B3 Dyt + €ipy ()
AQ,, in equation (1) is suspected to be endogenous because of its potential correlation with
the error term u;,,. By including v,, from equation (4) as an explanatory variable in equation (5),
| obtain a new error term e;,, which is uncorrelated with all other variables on the righthand-side.
Thus, the air quality variable in equation (5) is no longer endogenous. In other words, v,, can be
thought of as a proxy for the factors in u;,, that are correlated with AQ,, (Wooldridge, 2015).
Even though the control function model is mathematically identical to a two-stage least
squares model in the case where the endogenous explanatory variable (EEV) appears linearly, |
choose to use the control function model because it can easily be adapted to fit cases where the
EEV is not continuous (as is the case in my model using a categorical measure of air quality). The
CF approach is useful in nonlinear models and allow for heterogeneous effects, where effects at
the individual level can differ from effects at the aggregate level. The CF method is likely to be
more efficient than the 2SLS method, though it may not be as robust. Additionally, the CF

approach provides asimple test of the null hypothesis that AQ,, is exogenous (Wooldridge, 2015).
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This makes the CF approach a better choice for checking the robustness of one’s results across
various specification models.

The interpretations of the coefficients on the air quality variables in the CF model are
similar to those of the OLS model. It must be noted that the interpretations of the estimates from
both the OLS and CF models (and effectually all the models in this paper) are based on a general
sense of mobility. Thus, in the case of my measures of mobility, the interpretation of the
coefficients in the model using the variable “Home Time” would be the reverse of the
interpretation of the coefficients in the models with the variables “Away Time” and “Distance
Travelled” because higher values of “Home Time” represent less mobility.

Overall, the results from these models will contribute to our understanding of how
changes in air quality affect individuals' behavior and decision-making, potentially providing

insights for policymakers in developing strategies to manage pollution exposure.
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CHAPTER VI: RESULTS

Main Results

I present results from the CF model and the OLS model side-by-side in table 4 for easy
comparison. The first column of the table shows the relationship between air quality and the
weather controls used in my regression models. Results show sizeable and statistically significant
estimates of the effects of the weather variables on air quality. Columns 2, 4 and 6 of the table
show the results from equation (1) for the three different measures of mobility, while columns 3,
5 and 7 show results from equation (5).

Results from the OLS model show statistically significant positive relationships between
mobility and poor air quality as seen by a reduction in time spent at home and increases in time
spent away from home and distance traveled from home, though the estimates are small. These
results do not reflect what one would expect intuitively given the relationship between air quality
and health and how much individuals value good health outcomes. The results also do not align
with the findings of negative relationships between air quality and human movement in the
literature. This divergence from the general consensus could be as a result of two things: (1) there
is truly a positive relationship between poor air quality and mobility which researchers have failed
to find over the years or, (2) estimates from the fixed effects OLS model | used are biased.

As mentioned earlier, my goal for estimating the CF regression is to investigate and correct

for potential endogeneity in my OLS model.
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Table 4. Regression results for measures of air quality and mobility (OLS and CF models)

Variable Log of Daily AQI Log of Time Spent at Home Log of Time Spent Away from | Log of Distance Traveled from
Home Home
OLS CF oLs CF OLS CF
1) @) ®) 4) (®) (6) @)
Log of Daily AQI -0.0029*** -0.0010 0.0016** -0.0007 0.0022*** -0.0111***
(-11.43) (-1.43) (5.40) (-0.90) (8.82) (-15.00)
Average Temperature -0.0202*** -0.0017*** -0.0017*** 0.0005*** 0.0004*** 0.0043*** 0.0040***
(-206.09) (-30.84) (-30.26) (6.66) (6.05) (73.29) (67.78)
Average Temperature 0.0003*** 0.0001*** 0.0001*** -0.0001*** -0.0001*** -0.0001*** -0.0001***
Squared (310.15) (19.37) (17.25) (-8.06) (-6.85) (-54.52) (-43.60)
Precipitation -0.0017%** 0.0001*** 0.0001*** -0.0006*** -0.0006*** -0.0008*** -0.0008***
(-135.17) (16.30) (16.48) (-73.66) (-72.74) (-98.94) (-100.91)
wind Speed -0.0348*** 0.0004*** 0.0005*** -0.0003*** -0.0004*** -0.0012*** -0.0017%**
(-471.09) (17.73) (14.86) (-11.67) (-10.11) (-45.60) (-44.45)
Shortwave Radiation 0.0008*** -0.0001*** -0.0001*** 0.0001*** 0.0001*** 0.0001*** 0.0001***
(177.51) (-13.81) (-14.28) (40.71) (40.40) (55.41) (58.20)
Humidity 0.0015*** 0.0001*** 0.0001*** -0.0004*** -0.0004*** -0.0003*** -0.0003***
(61.54) (9.44) 9.17) (-27.93) (-27.67) (-26.91) (-25.15)
FS Residual -0.0021*** 0.0025** 0.0144***
(-3.40) (3.08) (19.91)

Significance codes: “*’ 0.05, “**’ 0.01, ***’(0.001. T-values in parentheses

All models include CBG and date fixed effects. N = 37,622,412



While column 3 still shows a positive relationship between poor air quality and mobility,
columns 5 and 7 show an inverse relationship: as seen in a decrease in average time spent away
from home and a reduction in the distance travelled from home, holding weather conditions
constant. The coefficients on the weather controls from the two models are almost identical in
magnitude and sign. “FS Residual” in the table refers to the coefficient on the error term from the
first stage regression. Its value can be essentially interpreted as a Hausman test for endogeneity: a
statistically significant value shows that the OLS model is statistically different fromthe CF model.
The high statistical significance of estimates of “FS Residual” shows proof of the presence of
endogeneity in my OLS model.

As seen from table 4, the results from the CF regression do not show a clear relationship
between air quality and mobility: poor air quality is seen to have a negative and insignificant
relationship with both time spent at and away from home. This is most likely because rather than
unit changes in the air quality index, individuals may respond more visibly to changes in the level
of concern (what | call AQI scale) reported by the EPA (refer to table 1). In other words,
individuals are more likely to be concerned about a change in the AQI scale from “Unsafe for
Sensitive Groups” to “Unhealthy” than a change in the AQI from 149-150. For the same reasons
as before, | estimate a control function model using a categorical variable for the AQI scale and

show the results in table 5 along with estimates from OLS models using the same variable.
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Table 5. Regression results for measures of air quality and mobility using categorical

measure of air quality (OLS and CF models)

Variables Log of Time Spent at Home | Log of Time Spent Away | Log of Distance Traveled
from Home from Home
OLS CF OLS CF OLS CF
1) @) ®) (4) (®) (6)

Moderate AQ -0.0016*** 0.0002 0.0004 -0.0009** -0.0001 -0.0025***
(-5.21) (0.62) (1.33) (-2.89) (-0.31) (-8.95)

AQ Unsafe for Sensitive|| -0.0001 0.0040** [-0.0160*** -0.0187*** | -0.0091*** -0.0145***
Groups (-0.01) (3.01) (-8.93) (-10.28) (-4.46) (-7.01)

Unhealthy AQ 0.0089*** 0.0140*** [-0.0380*** -0.0416*** | -0.0385*** -0.0454***
(3.89) (6.05) (-9.60) (-10.41) (-8.48) (-9.96)

Average Temperature | -0.0017***  -0.0016*** | 0.0005***  0.0005*** 0.0042***  0.0042***
(-29.99) (-29.64) (6.24) (6.06) (72.16) (71.61)

Average Temperature 0.0001*** 0.0001*** |-0.0001*** -0.0001*** [ -0.0001*** -0.0001***
Squared (18.27) (17.85) (-7.46) (-7.23) (-53.51) (-52.91)

Precipitation 0.0001*** 0.0001*** [-0.0006*** -0.0006*** | -0.0008*** -0.0008***
(16.90) (17.14) (-74.35) (-74.56) (-99.63) (-99.93)

Wind Speed 0.0005*** 0.0005*** [-0.0004*** -0.0004*** | -0.0013*** -0.0013***
(22.50) (23.68) (-14.34) (-14.97) (-51.67) (-53.12)

Shortwave Radiation -0.0001***  -0.0001*** |0.0001***  0.0001*** 0.0001***  0.0001***
(-15.06) (-15.21) (41.614 (41.73) (56.85) (57.06)

Humidity 0.0001*** 0.0001*** [-0.0004*** -0.0004*** | -0.0003*** -0.0003***
(9.22) 9.14) (-27.94) (-27.94) (-26.75) (-26.67)

FS Residual -0.0031*** 0.0022*** 0.0042***
(-13.26) (7.13) (16.31)

Significance codes: ‘*’ 0.05, **’ 0.01, “***’(.001. T-values in parentheses

All models include CBG and date fixed effects. N = 37,622,412
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Columns 2, 4 and 6 of table 5 show a negative relationship between mobility and poor air
quality. We see a 1.4 percentage point (8-minute ) increase in time spent at home, a 4.2 percentage
point (10-minute) reduction in time spent away from home, and a 4.5 percentage point (385-meter)
reduction in the distance traveled from home on a day that records unhealthy air quality compared
to a day that records good air quality. The results from the CF models also show a progressive
reduction in mobility with worse air quality: there is less mobility on average on days that record
air quality that is unsafe for sensitive groups than on days that record moderate air quality, and
even less on days that record unhealthy air quality. All estimates from the CF models are
statistically significant at least at the 5% level.

Sensitivity Analyses

The results presented above in table 5 estimate daily variation of mobility within each
CBG. The fixed effects included essentially control for constant characteristics within each CBG
that do not vary over time. Since most legislation (for administrative purposes) is done at the
state level, | explore within state variation over time by estimating another set of regressions with
state and day fixed effects and present the results in table 6. I find that on days of unhealthy air
quality, there is a 3-minute increase in time spent at home, a 5-minute decrease in time spent
away from home, and a 331-meter decrease in distance traveled from home compared to days of
good air quality. These estimates are smaller than those obtained from the models with CBG
fixed effects.

Table 6. Results from CF model using state by day fixed effects

Variable Log of Time Spent at Log of Time Spent Log of Distance
Home Away from Home Traveled from Home
@) @) @)
Moderate AQ -0.0005 -0.0014*** -0.0012***
(-1.44) (-4.26) (-3.82)
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AQ Unsafe for Sensitive 0.0035* -0.0152*** -0.0189***
Groups (2.43) (-7.51) (-8.39)
Unhealthy AQ 0.0050* -0.0220*** -0.0388***
(2.07) (-5.33) (-8.46)
FS Residual 0.0002 0.0003 0.0004
(0.58) (0.65) (1.19)

Significance codes: *’ 0.05, **’ 0.01, “***’0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 37,622,679

The difference between estimates from the two sets of regressions could be because some
of details controlled for in the model with CBG fixed effects (columns 2, 4, and 6 of table 5)
were missed in the model with state fixed effects (table 6). To investigate the validity of this
supposition, | estimate the models with county fixed effects and county-cluster fixed effects and
show results in appendix H33 and H34 respectively. | expect that there will be some within
county variation since weather and AQI are usually reported at the county level, and my data
reports wind direction at the county-cluster level. Results from these sets of regressions show a
6-minute increase in time spent at home, a 6-minute decrease in time spent away from home, a
84-meter reduction in distance traveled from home for the regressions with county fixed effects,
and a 4-minute increase in time spent at home, a 5-minute decrease in time spent away from
home, and a 166-meter decrease in distance traveled from home for the on days of unhealthy air
quality compared to days of good air quality for the regression with county-cluster fixed effects.

It should be noted that the estimates for “FS Residual” in table 6 are not statistically
significant. From my interpretation of “FS Residual”, this means air quality is not endogenous in
the model with state by day fixed effects. In other words, | could have obtained unbiased results
by using the OLS model. Further analyses are required to draw a conclusion as to why

endogeneity does not seem to be a problem in the model with state by day fixed effects.
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To explore other ways my results will respond to changes in my main model, I run
several regressions with different versions of the model. First, | run a set of regressions without
weights. Results from these regressions (table H35 in the appendix) show a slight decrease in
estimates for all three measures of mobility. This is most likely because some CBGs record many
more devices than others, and thus responses from those CBGs were influencing the results.
Including weights thus evened out those differences in effects. The small size of the differences
between this set of regressions and the original set does not give reason to worry about excluding
weights in the original set of regressions.

To ensure that my results are not being overly influenced by outliers, | run regressions
with versions of my data without the top and bottom 1% and 5%. I run these regressions only for
distance traveled because the time measures of mobility are bounded (between 0 and 24 hours)
and thus are less likely to contain outliers. Outliers in the distance traveled measure could show
up in the data if, for example, the owner of a device went on a long trip. Results from this set of
regressions (shown in table H36 in the appendix) show a 348- and a 310-meter reduction in
distance travelled from home on days of unhealthy air quality compared to days of good air
quality for the 99%- and 95%-complete data set versions of the regressions, respectively. These
estimates are not too far off from the estimate obtained in my original analysis, so | do not worry
much about outliers in the data.

Finally, I run a model in which I collapse the “Unsafe for Sensitive Groups™ and
“Unhealthy” categories of the air quality variable into one category which represents air quality
that is considered unsafe for any group. This enables me to measure the extent to which
individuals respond to poor air quality in general, and it facilitates my heterogeneity analyses to

come. Results from this model (presented in table 7) show similar estimates to the estimates for
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“Unsafe for Sensitive Groups” from the main model. This is to be expected as the number of
days that record “Unhealthy” air quality in my data set is not enough to influence the results if
both categories of air quality are combined.

Table 7. Results from Model which Combines "*Unsafe for Sensitive Groups™ and

""Unhealthy' Categories in One Category

Log of Time Spentat  Log of Time Spent Away Log of Distance
Variables Home from Home Traveled from Home
@) @) ©)
0.0002 -0.0009** -0.0025***
Moderate AQ (0.61) (-2.88) (-8.93)
[0.0003] [0.0003] [0.0003]
0.0049*** -0.0210*** -0.0175***
Unsafe AQ (3.99) (-12.28) (-8.98)
[0.0012] [0.0017] [0.0019]
-0.0031*** 0.0022*** 0.0042%**
FS Residual (-13.25) (7.11) (16.28)
[0.0002] [0.0003] [0.0003]

Significance codes: *’ 0.05, **’ 0.01, “***’(0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 37,622,679

Model Allowing for Non-Linearity in AQI Variable
My linear model suggests that the relationship between air quality and mobility is log-
linear. However, it could be that the relationship is nonlinear such that the direction of the
change in mobility is different for different levels of air quality (for example, mobility could
reduce at some high values of air quality and increase at very high values of air quality.
To address the concern that the relationship between air quality and mobility is nonlinear,

| estimate a model that allows for nonlinearity. | do this by including an interaction term between
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the air quality variable and interaction term that equals 1 if the air quality index is 100 or more.
To make the presence of any nonlinearity clear, I center the AQI variable around 100. I show this
in equation (6):

log(Mob,,,) = a, + ¢, + B,AQC,, + B,AQ100,, + B,AQC,, x AQ100,, + B,X,, +
BsVp: + €ipe (6),
where AQC,, is an AQ variable centered around 100 and AQ100,, is an indicator variable that
equals 1 if the air quality index in CBG b on day t reaches 100.
I show results from this regression in table 8. It can be seen from the results that the relationship
between air quality and mobility changes at the 100 AQI mark such that there is a greater
reduction in mobility when the air quality index exceeds 100. The results in table 8 is similar to
the findings in my main model and justify the use of the categorical version of the AQI variable
when measuring the relationship between air quality and mobility.
Table 8. Results from model allowing for nonlinearity in the relationship between air

quality and mobility

Variable Log of Time Log of Time Spent Log of Distance
Spent at Home Away from Home Traveled from Home
@) @) @)
Log of Centered AQI -0.0010 -0.0007 -0.0111***
(-1.45) (-0.83) (-14.93)
[0.0007] [0.0008] [0.0007]
AQI >100 0.0007 -0.0137*** -0.0088**
0.44) (-5.33) (-3.07)
[0.0016] [0.0026] [0.0029]
Log of Centered 0.0238*** -0.0381*** -0.0375***
AQI*(AQI > 100) (4.01) (-3.94) (-3.40)
[0.0059] [0.0097] [0.0110]
FS Residual -0.0021*** 0.0026** 0.0145***
(-3.44) (3.19) (20.02)
[0.0006] [0.0008] [0.0007]

Significance codes: *’ 0.05, **’ 0.01, “***’0.001. T-values in parentheses

41



All models include weather controls and CBG and date fixed effects. N = 37,622,679

Heterogeneity Analyses

After confirming that my results are robust to variations on my main model, I check for
differences in the effect of air quality on mobility across demographic groups. This is important
because, should governments make policies based on avoidance behavior, it is imperative to
ensure that those policies take into account the possibility that some groups may be more
vulnerable to the effects of air pollution and engage in more avoidance behavior. I check for
differences in my results based on characteristics such as age, race, income levels, and the type
of locations people visit.

To investigate whether poor air quality influences the type of location individuals visit, |
estimate another set of regressions separately for indoor locations and outdoor locations based on
NAICS classification. | classify locations with NAICS codes starting with | obtained similar
results (see table 137 in the appendix) for both locations, suggesting that changes in mobility as a
result of changes in air quality is not determined by where people plan to go but rather whether
or not they choose to leave their homes. Further analysis is required to reach a conclusion on this
finding.

From the regressions measuring differences in response to air pollution by age (results
shown in table 9), | find statistically significant reductions in mobility on days of moderate air
quality for CBGs with larger shares of children and the elderly compared to those with a larger
share of adult population. On days of unsafe air quality, the response is generally the opposite,
though the estimates are either very small or statistically insignificant. This appears to be an
unexpected finding at first glance, as it would be expected that children (or their parents) and the

elderly would be more concerned about unsafe air quality than moderate air quality because of
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their susceptibility to respiratory and cardiovascular diseases. To explain these unexpected
results, there is the possibility that since sensitive groups are more aware of the dangers of living
in polluted areas, they are more likely to avoid such areas. Hence, these results might be
suggesting that children and the elderly live in relatively less polluted communities and as such,
hardly experience days of unhealthy air quality. However, since this proposition has not been
empirically tested, | refrain from drawing any conclusions based on it.

Table 9. Age Differences in the Response to Changes in Air Quality

Variable Log of Time Spent at Log of Time Spent Away Log of Distance
Home from Home Traveled from Home
(1) (2) 3)
Moderate AQ -0.0094*** 0.0085*** 0.0185***
(-5.09) (5.20) (9.67)
Unsafe AQ 0.0121. -0.0373*** -0.0340*
(1.92) (-4.77) (-2.51)
Moderate AQ*Share of 0.0275*** -0.0160*** -0.0561***
Population Elderly (6.18) (-3.94) (-11.68)
unsafe AQ*Share of -0.0014 0.0336 0.0138
Population Elderly (-0.08) (1.44) (0.41)
Moderate AQ*Share of 0.0257*** -0.0313*** -0.0584***
Population Children (4.43) (-6.47) (-10.64)
Unsafe AQ*Share of -0.0276 0.0513* 0.0574
Population Children (-1.50) (2.26) (1.64)
FS Residual -0.0032*** 0.0021%** 0.0043***
(-13.78) (7.33) (16.70)

Significance codes: *’ 0.05, **’ 0.01, ***°0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 37,546,688

In my next set of regressions (results shown in table 10), | find that minority racial groups
are significantly more likely to reduce their mobility with higher levels of pollution. Specifically,
individuals living in predominantly Black, Hispanic, Asian, and Pacific CBGs, and CBGs in

which majority of the population are from other minority groups, are expected to spend about 4
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minutes less away from home, and travel 110 meters less away from home on days of unsafe air
quality compared to individuals living in predominantly white CBGs. This indicates that
individuals living in these communities are more likely to cancel or postpone an outing due to
poor air quality than the average American.

Table 10. Racial differences in the response to air pollution

Variable Time Spent at Home Time Spent Away Distance Traveled

from Home from Home
Moderate AQ 0.0017*** 0.0022*** -0.0004
(5.02) (6.08) (-1.18)

Unsafe AQ 0.0036* -0.0110*** -0.0103***
(1.98) (-4.75) (-3.53)

Moderate AQ*Minority CBG -0.0031** -0.0065*** -0.0044***
(-5.31) (-12.27) (-8.08)

Unsafe AQ* Minority CBG 0.0020 -0.0161*** -0.0129***
(0.83) (-5.20) (-3.35)

FS Residual -0.0031*** 0.0020*** 0.0042***
(-13.57) (7.14) (16.18)

Significance codes: *’ 0.05, “**’ 0.01, ***’(0.001. T-values in parentheses
All models include weather controls and CBG and date fixed effects. N = 37,622,679

I conduct further analysis by looking at each racial group separately. | find a bigger
increase in time spent at home for Black CBGs, and a bigger decrease in time spent away from
home and distance traveled from home for both Black and Hispanic CBGs. This suggests that
though minority communities are in general more likely to respond to pollution than non-
minority communities, Black and Hispanic communities are much more inclined to change their
mobility patterns. This is in line with the finding that respiratory diseases such as asthma and
lung cancer disproportionately affect African American and Hispanic communities (Memoli,
2020; The NHLBI Working Group, 1995). Results for the more detailed racial analysis can be

found in appendix 138.
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Next, | run a model to measure differences in the response to air quality based on income.
| create an indicator variable to separate low-income and high-income CBGs based on whether
the median income in a CBG is lower or higher than the national median income for 2019 and
show results in table 11. Results from a model interacting income status with a variable
indicating whether a CBG experienced unsafe air quality on a day show that people living in
low-income CBGs are expected to be less mobile on days that the air quality is considered unsafe
compared to people living in high-income CBGs.

Table 11. Differences in Response to Changes in Air Quality Based on Differences in

Median Income

Log of Time Spentat  Log of Time Spent Away Log of Distance
Variables Home from Home Traveled from Home
@) @) @)
0.0037 -0.0063* -0.0013
Unsafe AQ (1.57) (-2.21) (-0.41)
[0.0024] [0.0028] [0.0031]
-0.0016*** 0.0028*** 0.0035***
FS Residual (-3.49) (4.59) (6.83)
[0.0005] [0.0006] [0.0005]
0.0018 -0.0146*** -0.0146**
Unsafe*Low income (0.58) (-3.61) (-3.25)
[0.0031] [0.0041] [0.0045]

Significance codes: *’ 0.05, **’ 0.01, ***°0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 7,948,257

Finally, 1 run a model to measure the differences in the response to air quality by looking
at CBGs whose median air quality for 2019 was above or below the median AQI for the entire
data set. I call CBGs with AQI above the median “dirty” CBGs and those below the median

“clean” CBGs. | find that individuals living in “clean” CBGs are less likely to reduce their
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mobility when the air quality is considered unsafe. Results for this set of regressions are
presented in table 12.
Table 12. Differences in Response to Changes in Air Quality Based on Whether a CBG is

Considered “Dirty” or “Clean”

Log of Time Spent at Log of Time Spent Away Log of Distance
Variables Home from Home Traveled from Home
1) @) ®)
0.0064*** -0.0250*** -0.0246***
Unsafe AQ (4.57) (-12.65) (-9.61)
[0.0014] [0.0020] [0.0026]
-0.0031*** 0.0019*** 0.0032***
FS Residual (-12.33) (6.41) (8.65)
[0.0003] [0.0003] [0.0004]
-0.0057* 0.0160*** 0.0405***
Unsafe AQ*Clean CBG (-2.22) (4.38) (8.87)
[0.0026] [0.0036] [0.0046]

Significance codes: *’ 0.05, **’ 0.01, ***°(0.001. T-values in parentheses
All models include weather controls and CBG and date fixed effects. N = 37,622,679

The differences found in how various groups respond to air pollution demonstrate how
important it is for policy makers to ensure that policies geared towards reducing exposure to air
pollution are inclusive and equitable. For example, parents with young children might take more
action to reduce their children’s exposure to pollution at the expense of their own convenience,
or that individuals in low-income and minority communities are more likely to lose significant

parts of their incomes from staying away from work due to pollution.
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CHAPTER VII: EXTENSION TO RESULTS

Multinomial Logit Model

To obtain measures of mobility compatible with the models above, | create three
variables that measure time spent at home, time spent away from home and distance traveled
from home by aggregating several sets of time and distance bins in my mobility dataset. Though
aggregation makes it possible to carry out my analyses conveniently, this convenience comes at
the expense of dealing with potentially inaccurate conclusions. Though my main model deals
with any such possibilities and | expect my results to have a causal interpretation, it would be
better, if it were possible and if it made more sense, to limit the level of contentiousness of my
results by using the original variables in the data.

In tables 13, 14, and 15, | show the weighted mean (WM) and the weighted standard
deviation (WSD) for the share of devices in each time bin and the daily air quality for each CBG.

Table 13. Summary statistics for home bin variables

Share of Devices Daily AQI
Time in Hours WM WSD WM WSD
1) 2 ©)) ()
Under 1 0.24 0.05 31.97 12.48
1to6 0.14 0.02 31.92 1251
6to12 0.17 0.03 31.87 12.56
12 t0 18 0.20 0.04 31.88 12.60
Over 18 0.24 0.06 31.93 12.79
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Table 14. Summary statistics for away bin variables

Share of Devices Daily AQI
Time in Hours WM WSD WM WSD
@) @) @) @)
Under 1 0.46 0.06 0.46 0.06
1t06 0.25 0.03 0.25 0.03
61012 0.19 0.05 0.19 0.05
12 to 18 0.05 0.01 0.05 0.01
Over 18 0.04 0.02 0.04 0.02

Table 15. Summary statistics for distance bin variables

Share of Devices Daily AQI
Distance in Meters WM WSD WM WSD
@) @) ®) (4)
No Travel 0.33 0.05 31.93 12.69
1t0 1,000 0.09 0.02 31.81 12.57
1,001 to 2,000 0.05 0.01 31.87 12.64
2,001 to 8,000 0.23 0.04 31.87 12.49
8,001 to 16,000 0.12 0.03 31.95 12.58
16,001 to 50,000 0.10 0.04 32.08 12.76
Over 50,000 0.09 0.04 3101 12.33
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Traditionally, an ordered logit model would be employed in the case of an ordinal
dependent variable such as one where there are ordered time or distance bins. Though the
original binned mobility variables are in this order, the ordered logit model is not the best model
for this kind of data. This is because the main assumption for the ordered logit model to be valid
Is the parallel regression assumption where the relationship between the independent and
dependent variables is the same across all levels of the dependent variable. This is usually true in
the case where we know that one category of the dependent variable is greater than the other, but
we do not know by how much such as in the case of a Likert scale. In the case of my binned
variables, the relationship between the dependent and independent variables are likely to differ at
each category of the dependent variables. This violates the parallel regression assumption and
makes the use of an ordered logit model invalid in this case.

In such a case where the ordered logit model cannot be used, the multinomial logit model
is employed. As such, | employ a multinomial logistic regression model to estimate the
relationship between air quality and mobility using the original binned variables as represented

in equation (6) below:
71-. A
log (ﬂ_]) = a, + ¢, + f1;10g(AQp,) + ByjXpe + B3Oy + €jpe (6)
k

where 7t; is the probability that a device falls in a distance or time bin other than the baseline,

and m, is the probability that a device falls in the baseline bin. In all my regressions, | use the bin
that represents the most time spent at home or least distance traveled from home as the baseline.

I include the same set of controls as in my main model. Equation (6) is comparable to equation
(5) in that it is a second stage regression in a two-stage model. The first stage in this model is

identical to the one in the main model and it has the same function of handling potential
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measurement error in the AQ variable. | show results for distance traveled, home time, and away
time in tables 16, 17 and 18, respectively.

Table 16. Results from multinomial logit regression on binned distance variables

Variables 110 1000 1001 to 2001 to 8001 to 16000 16001 to Above 50000
meters 2000 meters 8000 meters meters 50000 meters meters
Moderate 0.0053** 0.0211*** -0.0173*** -0.0274*** 0.0151*** -0.0819***
AQ (2.85) (8.93) (-8.63) (-12.16) (4.83) (-27.75)
USG AQ -0.1018*** -0.0642* -0.1198*** -0.1334*** -0.1605*** -0.2339***
(-4.52) (-2.11) (-2.47) (-4.48) (-3.97) (-9.73)
Unhealthy -0.2459*** -0.1942** -0.1747* -0.2885*** 0.0681 0.0843
AQ (-6.82) (-2.73) (-2.47) (-4.14) (0.83) (0.9859)
N =2,220,638
Fixed Effects:
CBG Yes Yes Yes Yes Yes Yes
Time (Date) Yes Yes Yes Yes Yes Yes

Significance codes: *’ 0.05, **’ 0.01, “***°(0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 2,220,638

Results in table 16 suggest that devices are generally less likely to fall in the longer
distance bins on days when air quality is deemed unsafe for sensitive groups than on good air
quality days. For days of unhealthy air quality, the likelihood of a device falling in the longest
distance bins increases. This seems to suggest that, rather than stay at home, some individuals
travel far away from their homes on days of poor air quality. However, these estimates are not
statistically significant and so | cannot draw any conclusions on avoidance behavior based off
them. The results for days of moderate air quality are not as easy to interpret as there is no clear-
cut pattern.

Table 17. Results from multinomial logit regression on binned home-time variables

Variables Less Than 1 Hour 1 to 6 Hours 6 to 12 Hours 12 to 18 Hours
Moderate AQ -0.0228*** -0.0104*** -0.0043. -0.0178***
(-10.02) (-5.35) (-1.89) (-9.17)
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USG AQ -0.1144%** -0.0244 -0.0008 -0.0551*

(-6.92) (-1.47) (-0.03) (-2.20)
Unhealthy AQ -0.2188%** -0.1856%** -0.2565%** -0.2282%**
(-6.91) (-4.68) (-5.13) (-5.16)

Significance codes: “*’ 0.05, “**’ 0.01, ***’(0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 1,586,170

Table 18. Results from multinomial logit regression on binned away-time variables

Variables 1 to 6 Hours 6 to 12 Hours 12 to 18 Hours 18 to 24 Hours
Moderate AQ 0.0001 -0.0207*** -0.0013 -0.0051.
(0.10) (-8.52) (-5.98) (-1.80)
USG AQ -0.1088*** -0.0708* -0.1137*** 0.2157***
(-6.03) (-2.18) (-5.98) (-8.83)
Unhealthy AQ -0.0966. -0.2626*** 0.0330 0.1290
(-1.91) (-3.46) (0.68) (1.60)

Significance codes: *’ 0.05, **’ 0.01, ***°0.001. T-values in parentheses
All models include weather controls and CBG and date fixed effects. N = 1,586,170

Results from the regressions using time bins (shown in tables 17 and 18) also show that
devices are more likely to fall in the bins that represent more time spent at home or less time
spent away from home on days of poor air quality compared to days of good air quality. In other
words, on a day of poor air quality, devices are more likely to reduce time spent away from home
or increase time spent at home compared to a day of good air quality. Reference categories for
the time variables are the time bins that represent the least time spent outside the home (less than
1 hour for away time and more than 18 hours for home time). As such, in this case, estimates for
both the home time and away time bins have similar interpretations.

Though these results generally suggest a reduction in mobility on days of poor air quality,
the estimates are difficult to interpret individually, and one can only make sense of them by

inferring a general conclusion from looking at several estimates. This beats the purpose of
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running the model with the original binned variables as having to make general conclusions from
the estimates is akin to aggregating the variables in the first place. Thus, this provides some
justification for using the model with the variables derived from aggregating the original
variables.

Models with Lagged Air Quality

To test if air quality in the past few days affects how individuals respond to current air
quality, I run two models that include lags of the air quality index for each day. In the first
model, I include five lags of an air quality “alert” indicator variable which equals 1 if air quality
for a day exceeds 100 to see how far out in time air quality affects mobility. I include only the
fifth lag in the second model to show how the air quality index published five days before affects
the relationship between air quality and mobility on a certain day. The difference between the
two models is that the former includes five lags of the “alert” variable, while the latter includes
only the fifth lag of the continuous AQI variable. While one answers the question of how alerts
issued days before affect behaviors on a certain day, the other answers the question of how much
influence air quality from five previous days has on present day behavior. | show results in tables
19 and 20, respectively.

Table 19 shows a reduction in the magnitudes of estimates for time spent at home, time
spent away from home, and distance traveled from home on days when the air quality index is
100 or more. Specifically, we see about a 2-minute increase in time spent at home, a 3-minute
reduction in time spent away from home, and a 91-meter reduction in distance traveled from
home. These results show that air quality conditions from previous days affect how people

change their mobility patterns in response to contemporaneous air quality.
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It can also be seen from table 19 that air quality alerts (assuming that alerts are issued on

the days that air quality index exceeds 100) generally continue to affect mobility up to three days

after they are issued.

Table 19. Results from model with 5 lags of AQI

Log of Time Spent at

Log of Time Spent Away Log of Distance Traveled

Variable Home from Home from Home
@) @) ®)
AQI >100
0.0041%** -0.0138*** -0.0106***
Contemporaneous (4.22) (-9.58) (-6.28)
[0.0010] [0.0014] [0.0017]
0.0035*** -0.0149*** -0.0128***
Lag 1 (4.4526) (-11.5149) (-8.6432)
[0.0008] [0.0013] [0.0015]
0.0031*** -0.0099*** -0.0077***
Lag 2 (3.9589) (-6.6783) (-4.8372)
[0.0008] [0.0015] [0.0016]
-0.0016* -0.0052*** -0.0037*
Lag 3 (-1.9921) (-3.9191) (-2.4948)
[0.0008] [0.0013] [0.0015]
-0.0009 -0.0093*** -0.0069***
Lag 4 (-1.1920) (-7.3964) (-4.8161)
[0.0008] [0.0013] [0.0014]
-0.0054*** -0.0086*** -0.0003
Lag 5 (-5.0672) (-5.9752) (-0.1993)
[0.0011] [0.0014] [0.0016]
FS Residual
-0.0033*** 0.0004* 0.0043***
Contemporaneous (-21.0436) (1.9903) (22.6101)
[0.0002] [0.0002] [0.0002]
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Log of Time Spentat  Log of Time Spent Away Log of Distance Traveled
Variable Home from Home from Home
@) @) ®)
0.0004*** -0.0022*** -0.0018***
Lagl (3.8435) (-14.7264) (-11.7463)
[0.0001] [0.0001] [0.0002]
-0.0017*** 0.0009*** 0.0015***
Lag 2 (-15.1121) (6.2060) (10.2823)
[0.0001] [0.0001] [0.0001]
-0.0010*** 0.0013*** 0.0019***
Lag 3 (-9.0994) (8.5815) (13.3518)
[0.0001] [0.0001] [0.0001]
-0.0007*** 0.0003* 0.0001
Lag 4 (-6.8717) (2.1402) (0.4677)
[0.0001] [0.0001] [0.0001]
-0.0003. 0.0012*** 0.0005**
Lag5 (-1.8573) (6.9252) (2.9081)
[0.0001] [0.0002] [0.0002]

Significance codes: *’ 0.05, **’ 0.01, ***°(0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 37,434,728

Table 20 shows that the response to air quality decreases significantly when the air
quality index from five days before is taken into consideration. This could be because when
individuals experience high pollution on some day, they are more likely to put measures in place
to reduce exposure to pollution without affecting their activity levels. Experiencing poor air
quality on a day may motivate an individual to switch to activities that reduce exposure to
pollution or to engage in activities in more pollution-safe environment over the next few days.
For example, the individual may use a treadmill in a gym, rather than going running in a park on

the days following days of high pollution.

54



Table 20. Results from model with 5th lag of AQI

Log of Time Spent at Log of Time Spent  Log of Distance Traveled
Variable Home Away from Home from Home
1) @) ®)

0.0000. -0.0001*** -0.0001***
Log of Daily AQI (-1.7853) (-6.1678) (-8.6497)
[0.0000] [0.0000] [0.0000]

0.0000 -0.0001*** -0.0001***
5t [_ag of AQI (0.4612) (-4.4223) (-9.6163)
[0.0000] [0.0000] [0.0000]

-0.0025*** 0.0031*** 0.0073***

FS Residual (-7.0642) (6.7473) (18.1678)
[0.0004] [0.0000] [0.0004]

-0.0009* 0.0033*** 0.0041***
5th |ag of FS Residual (-2.3776) (6.8932) (9.8548)
[0.0004] [0.0001] [0.0004]

Significance codes: *’ 0.05, **’ 0.01, ***°(0.001. T-values in parentheses
All models include weather controls, 5" lag of weather controls and CBG and date fixed effects.
N = 37,434,728
Poisson Model
One final extension to my analysis is running a model without logging my outcome
variables. Even though the mobility variables | use are bounded between 1 and 200 (my data
does not include air quality indices of more than 200) and there is little likelihood for outliers, |
still use a log transformation because of the very important advantage of having an elasticity
interpretation. To assure any readers who might argue that a log transformation was not
necessary in this case because of the general absence of skewness in the outcome variables (as
shown in figures 1-3), I run a fixed effects Poisson model that is essentially the non-logged

version of my main model. | present my results in table 21.
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Results shown in table 21 shows that a change in the level of air quality from good to
moderate increases the odds of reducing mobility by about 1%. We see a progression in the
magnitudes of the estimates as air quality worsens. These results are similar to those from the
model with logged mobility variables both in magnitude and direction, thus | feel confident that |
do not lose much information about the relationship between air quality and mobility by log
transforming the variables in my main model.

Table 21. Results from Poisson model

Time Spent at  Time Spent Away Distance Traveled
Variables Home from Home from Home
@) @) ®)

0.0006*** -0.0006* -0.0019***
Moderate AQ (3.6367) (-2.3479) (-4.5758)
[0.0002] [0.0003] [0.0004]

0.0027** -0.0202*** -0.0165***

AQ Unsafe for Sensitive (2.8270) (-12.0966) (-6.0808)

Groups

[0.0010] [0.0017] [0.0027]

0.0116*** -0.0428*** -0.0481***

Unhealthy AQ (5.7477) (-11.3212) (-10.3722)
[0.0020] [0.0038] [0.0046]

0.0031*** 0.0017*** 0.0039***

FS Residual (-19.2762) (6.4208) (10.6037)
[0.0002] [0.0003] [0.0004]

Significance codes: *’ 0.05, **’ 0.01, ***°0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects. N = 37,434,728

Regression Discontinuity Model
Because of the adverse health effects of air pollution on human health, different counties
have different programs that monitor air pollution and issue alerts on days that the air quality in

that region goes beyond approved thresholds. Depending on the county, alerts go out either when
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the air quality exceeds 100 - code orange, or when it exceeds 150 - code red (Action Days |
AirNow.Gov, 2023).

Since these air quality alerts are announced countywide, it is expected that there will be
some response to this information. Some researchers have studied the relationship between air
quality and human behavior by measuring the response to the issuance of air quality alerts (e.g.
(T. Liu et al., 2018; M. Neidell, 2009; Saberian et al., 2017)).

| extend my analyses to measure any such effects. Since the alert is triggered by the AQI
exceeding some threshold, I can estimate the causal effect of air quality on mobility by
comparing individuals’ mobility just above and below the threshold. In other words, if the alert is
issued when the AQI exceeds 100 for instance, then | can compare mobility of individuals on
days when the AQI is between 80 and 100, and days when the AQI is between 100 and 120.
Essentially, what | seek to find is whether the issuance of alerts causes changes in individuals’
mobility behaviors.

Using the regression discontinuity design (RDD) requires that some identifying
assumptions are not violated. The first assumption is that there are no other points close to the
cutoff where alerts are issued. For example, it must be established that counties (or whichever
level of government that issues alerts in a place) are not issuing alerts when the AQI is 98 or 99.
There must be a clean cutoff at 100. Another assumption is that alerts are only issued at the
cutoff, and not some other cutoff of say 75 or 150. The last identifying assumption in the RDD is
that the treatment has an effect only on the outcome variable and not on the non-outcome
covariates. In the case of my analysis, this assumption would require the issuance of alerts to

affect only peoples’ mobility, and not weather conditions.
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Following Thoemmes et al. (2017), I check for the validity of these assumptions in my
model (Thoemmes et al., 2017). I first conduct the McCrary’s test to check for any
discontinuities in the AQI variable. The test for discontinuity came out significant with a z
statistic of 6.0 and a p value of close to 0. This indicates the presence of some bunching around
the cutoff as show in figure 5 and a violation of the first assumption.

Figure 5. Result from McCrary's Test for Discontinuity at the Cutoff
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Next, | conduct placebo tests using the built-in function of the rddtools package. | show
the case for the distance traveled variable (my analyses produced similar results for the two time
variables) in figure 6 with effects at the cutoff displayed in blue, effects at lower cutoffs in red,
and effects at higher cutoffs in green. The y-axis in the figure measures the local average
treatment effect (LATE) at the cutoff, while the x-axis displays AQI. It can be seen in the figure
that cutoffs below 100 had effects that were close to zero, suggesting no response at those
cutoffs. Many of the cutoffs greater than 100 yield mostly larger sized effects with some in the

opposite direction, and their confidence intervals largely do not cover zero. This shows
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significant responses (mostly negative) at cutoffs greater than 100 and is a violation of the
second assumption.

Figure 6. Results from Placebo Tests Using RDD Package
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Lastly, I conduct tests on how the independent variables in my model respond to the
issuance of an alert at an AQI of 100 and find significant effects on all five tested variables. |
show a summary of the results in table 22. These results show a violation of the third
assumption.

Table 22. Results from nonoutcome covariates tests

Temperature Precipitation Wind Speed Shortwave Ra  Humidity
diation
Daily AQI -8.099*** 0.6157*** 1.3237*** -12.705%** 2.298***
(LATE at the cutoff) || (-10.378) (4.483) (5.7320) (-6.021) (3.409)
N 7345 13907 5577 26044 16040

Significance codes: ‘*’ 0.05, **’ 0.01, ***’(.001. T-values in parentheses
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Since my model violates all three assumptions of the regression discontinuity design, |
conclude that the RDD is not the best model specification to use in my analysis. | came up with a
couple of reasons as to why that is the case. First of all, counties and other reporting institutions
could have the motivation to issue alerts when the AQI is very close to the cutoff because issuing
more alerts could encourage policies geared towards managing air pollution. Secondly, my data
covers the entire country, and different parts of the country have different cutoffs for the issuance
of alerts. Perhaps the RDD would be more useful in research projects looking at areas with the
same cutoff for the issuance of air quality alerts. Lastly, the tests on the independent variables
may have come out positive because air quality is known to be correlated with weather variables,
as shown in the first column of table 4.

Even though my model violates all three assumptions, | go ahead and estimate the
relationship between air quality and mobility using the RDD to see if | would find any significant
effects despite the violations. | use a regression discontinuity model as represented in equation
():
log (Mob;,,) = B,alert,, + p,AQ_Centered,, + [;X,; + €;p: )
where alert,, is a variable indicating whether an alert was issued in CBG b on day t and
AQ_Centered,, is a variable obtained from recentering the AQ variable by subtracting the
cutoff in each case. Using the same set of covariates as in my main model, | estimate the
relationship between mobility and air quality alerts and present my results in table 23.

Table 23. Results from regression discontinuity model

Variable Home Time Away time Distance

1) @) ®3)
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Alert = 100 0.0067*** -0.0062. -0.0063
(2.79) (-1.83) (-1.59)

N = 207,265

Alert = 150 0.0518 -0.0589 0.1954**
(1.44) (-0.98) (2.70)

N = 9,051

Significance codes: “*’ 0.05, “**’ 0.01, ***’0.001. T-values in parentheses

All models include weather controls and CBG and date fixed effects

Table 23 shows a statistically significant increase in time spent at home of about 1% on
days when an alert (code orange) is issued. There is a reduction in time spent away from home
and distance traveled from home of comparable magnitudes, but these estimates are not
significant at the 5% level. The estimates for time spent at and away from home on code red days
are larger but lack statistical significance. Distance traveled from home on code red days appears
to increase on average.

The estimates from table 23 are obtained from restricting the data to only AQI values that
exceed or fall short of the threshold by 20. Reducing that bandwidth to a range of 10 more or
less than the threshold gives estimates that are less precise as only a small number of
observations fall within that range (see table K33 in the appendix). Using the full data to estimate
the model produces statistically significant estimates that are higher in magnitude than those
from the regressions using restricted data (see table K31 in the appendix). However, since the
whole idea of regression discontinuity is about focusing on how observations occurring just
above or below the cutoff are affected by the treatment, | refrain from drawing any conclusions

based on the results from the regressions using the full data.
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CHAPTER VII1: CONCLUSIONS

Results from the analyses done in this paper provide evidence that individuals adjust their
daily movement patterns in response to changes in air quality. | find a reduction in mobility of
between 1.4% and 4.5% on days of unhealthy air quality compared to days of good air quality. |
also find that people respond to changes in the published category of air quality (color codes) rather
than a unit change in the air quality index. I also find that the response to poor air quality increases
with the severity of pollution reported such that there is progressively less observed mobility with
worse air quality. Finally, 1 find that individuals living in CBGs with larger shares of minority
populations are more likely to respond toair pollution by reducing their mobility. All these findings
point toward the conclusion that people practice avoidance behavior in response to air pollution,
and that the response to pollution is heterogeneous across different demographic groups.

What sets the findings in this paper apart from those in the literature is that I use observed
data on mobility patterns for the whole United States and thus provide more reliable results since
observed datais less likely to be plagued with issues like recall bias. Also, my findings are more
generalizable than others in the literature since the study is not focused on a small subset of the
population, or on effects of changes in air quality on a particular activity such as cycling.

It is important to note that this study has limitations. First, SafeGraph data does not report
the location of devices throughout the day, but only reports a location when it notices pings from
mobile apps at any time. As such, people who are less active users of such apps will have less
representation in the data. If it the case that Safegraph records pings from mobile apps whose users
have some common characteristics, then users of the dataset should be concerned about selection

(sampling) bias. Though researchers have found compelling sampling rates across the United
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States when compared to census population (Squire, 2019), it is important for users of the dataset
to consider this potential for sample bias when interpreting results from their analyses.

A second limitation in my analyses is that I am notable todistinguish normal travel patterns
from actual changes in travel behavior; what | may see as avoidance behavior in my results could
actually be normal mobility behavior which coincides with a day of poor air quality. | included
CBG and date fixed effects in my models to control for any such possibilities.

Third, using an AQI measure for asingle pollutant (PM2.5) may not be enough to estimate
the full effect on mobility. Though most studies in the literature focus on two pollutants at most,
using a measure of AQI forall pollutants may provide better estimates of behavioral responses to
changes in air quality. My future research will include finding the best measure of AQI that
encompasses all pollutants reported by the EPA.

Other limitations of my analyses in this dissertation include the use of aggregated data and
the potential for omitted variable bias. Although it makes it easier to analyze data from different
sources at different levels (such as CBG or county level), aggregation presents the possibility that
one may draw inaccurate inferences or false conclusions based on a relatively small number of
outliers. Also, as | stated earlier, it is likely that there are other factors that | did not include in my
model which have the potential to confound my findings. Although my models take these
limitations into account, it would be better, given that data is available on all factors affecting air
quality and mobility and that these dataare available at more granular levels, toinclude all possible
effects to avoid omitted variable bias, and to avoid aggregation altogether. However, since it is
usually not possible to obtain the perfect dataset, researchers use econometric methods to control

for such limitations as | have done. Thus, | am comfortable drawing conclusions from my results.
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Future research could explore individual-level mobility data and investigate additional
factors that may influence the relationship between air quality and mobility. Nonetheless, the
findings in this paper have policy implications as evidence of avoidance behavior suggests that
individuals care enough about the effects of air pollution to avoid exposure to pollutants.
Governments can thus take this evidence into account when making the decisions on the most cost-
effective ways to manage air pollution: abatement to reduce the amount of pollution (which has
increasing marginal costs) or encouraging avoidance behavior to reduce exposure to pollutants
while finding cheaper ways to reduce pollution. Evidence on heterogeneity in the response to air
pollution should prompt policymakers to be more attentive to certain demographic groups
(minority populations, children and the elderly) when enacting policies targeted at avoidance

behavior since these groups are more vulnerable to the effects of pollution.
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APPENDIX A: MEASUREMENT ERROR IN THE DEPENDENT VARIABLE

Measurement error in a regression model refers to the case when the true value of a
variable in the model cannot be observed or measured correctly. The difference between the
actual value that is not observed and the value that is observed is the error.

Measurement error in SafeGraph data may result because of the improper allocation of a
device’s home. Since all the mobility variables reference the device’s home, they are likely to

contain some amount of error.

The presence of measurement error in an independent variable in a regression model creates an
endogeneity bias because the error in that variable becomes part of the error term in the
regression equation (Pischke, 2007). However, if the measurement error is in the dependent
variable, following the assumptions that define the classical errors-in-variables model, then the
error is not correlated with the independent variables (or the error term in the regression), and

thus the model can be estimated consistently by OLS.

Consider, for example, a simple regression equation with an outcome variable y such that

y=px+e (1).
If there is measurement error in the dependent variable such that
y=y+v (2),

where v is the measurement error, then substituting (1) in (2), the regression equation

becomes
y=pfx+e+v (3).
Since v is uncorrelated with x, £ can be estimated consistently in this example. It must be

noted though that the estimates from this model will be less precise because of larger standard

errors.
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APPENDIX B: REGIONAL DISTRIBUTION OF MOBILITY VARIABLES

Figure B7. Regional distribution of time spent at home
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Figure B9. Regional distribution of distance traveled from home
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APPENDIX C: SEASONAL DISTRIBUTION OF MOBILITY VARIABLES

Figure C10. Seasonal distribution of time spent at home
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Figure C11. Seasonal distribution of time spent away from home
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Figure C12. Seasonal distribution of distance traveled from home
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APPENDIX D: DISTRIBUTION OF AQI SCALE

Figure D13. Distribution of AQI Scale
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Figure D14. Regional distribution of AQI scale
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Figure D15. Seasonal distribution of AQI scale
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APPENDIX E: DISTRIBUTION OF AIR QUALITY BY MONTH

Figure E16. Distribution of air quality by month

Distribution of Air Quality by Month

-_ i
o _| - ! '
o - - ! : |
x | - - ! |
9 | : | — A !
- 1 1 ! I | 1 1 1 \ ! 1 !
== 1 I 1 h 1 1 1 | 1 L |
= i 1 ! | ! ! ' ! '
© — ! | L |
= 1
o
= o _| T
< « A e e e
I 1 I I I I I I I I I I
1 1 1 1 1 1 1 ] ] ] I I
o 4 4 4 4L 4 4L 4 4 4 4 4 4
| | | | | | | | | | I I
Jan Mar May Jul Sep Nov
Month
Figure E17. Regional distribution of air quality by month
et Regional Distrtibution ot Air Quality by Month —

A Quality Index

Air Qualiy Index

A Quality Indsx
0

iEEEgEEEEEEEE

e e e e e e e e e e

;EEEEEEEEEEEE

e e e e e e e e e e e

EEEEEEEEEEEE ZEEEEEEEEEEEB
EEEQEEEEEEEE

83




APPENDIX F: BREAKDOWN OF SUMMARY STATISTICS BY REGION

Table F24. Summary statistics (Northeast)

Variable Mean Standard 25" Percentile  75% Percentile
Deviation

Home Time (hrs) 9.71 2.02 8.55 11.05
Away Time (hrs) 3.70 1.15 291 4.36
Distance from Home (km) 7.78 3.62 5.19 9.71
Daily Air Quality Index 29.81 14.74 19.00 38.07
Temperature (°F) 53.59 17.95 38.84 69.35
Precipitation (in.) 3.65 8.25 0.00 2.80
Wind Speed (mph) 10.14 454 6.93 12.53
Shortwave Radiation (W/m?) 183.02 92.33 105.60 262.70
Humidity (%) 64.91 12.66 57.40 7355
N =9,880,233

Table F25. Summary statistics (Southeast)

Variable Mean Standard 25t percentile  75™ Percentile

Deviation

Home Time (hrs) 9.81 1.92 8.72 11.11
Away Time (hrs) 3.93 1.11 3.19 457
Distance from Home (km) 9.35 3.58 6.92 11.33
Daily Air Quality Index 33.12 13.59 23.00 42.00
Temperature (°F) 67.38 15.24 56.21 80.24
Precipitation (in.) 4.26 10.91 0.00 2.60
Wind Speed (mph) 8.28 3.42 5.82 10.29
Shortwave Radiation (w/m?) 213.38 84.11 146.50 279.40
Humidity (%) 68.90 10.52 63.25 75.65

N = 6,885,635
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Table F26. Summary statistics (Midwest)

Variable Mean Standard 25" Percentile  75% Percentile
Deviation
Home Time (hrs) 9.69 1.99 8.54 11.03
Away Time (hrs) 3.82 1.16 3.02 450
Distance from Home (km) 8.24 3.58 5.73 10.18
Daily Air Quality Index 34.61 15.77 34.61 45,61
Temperature (°F) 50.16 20.47 56.21 68.27
Precipitation (in.) 3.32 7.96 0.00 250
Wind Speed (mph) 9.92 4.01 6.93 12.08
Shortwave Radiation (W/m?) 173.70 87.63 93.50 248.50
Humidity (%) 69.72 11.43 62.45 77.45
N =7,841,758
Table F27. Summary statistics (West)
Variable Mean Standard 25" Percentile  75™ Percentile
Deviation
Home Time (hrs) 10.37 1.97 9.29 11.69
Away Time (hrs) 3.75 1.08 3.01 4.38
Distance from Home (km) 8.90 342 6.50 10.85
Daily Air Quality Index 31.82 17.67 18.37 43.00
Temperature (°F) 58.92 14.12 50.27 68.72
Precipitation (in.) 1.63 5.62 0.00 0.00
Wind Speed (mph) 7.14 3.36 4.70 8.72
Shortwave Radiation (w/m?) 208.51 94.73 127.10 297.30
Humidity (%) 60.75 18.07 49.65 73.80

N =9,418,169
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Table F28. Summary statistics (Southwest)

Variable Mean Standard 25" Percentile  75% Percentile
Deviation
Home Time (hrs) 10.02 1.90 8.97 11.28
Away Time (hrs) 3.79 1.08 3.05 441
Distance from Home (km) 8.94 3.43 6.58 10.83
Daily Air Quality Index 32.14 15.18 20.97 42.00
Temperature (°F) 67.59 16.41 54.95 82.13
Precipitation (in.) 212 8.53 0.00 0.00
Wind Speed (mph) 8.63 3.70 6.04 10.74
Shortwave Radiation (W/m?) 217.94 81.54 148.30 288.00
Humidity (%) 55.80 18.87 41.85 70.30
N = 3,650,340
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APPENDIX G: BREAKDOWN OF SUMMARY STATISTICS BY SEASON

Table G29. Summary statistics (Spring)

Variable Mean Standard 25" Percentile  75% Percentile
Deviation
Home Time (hrs) 9.62 1.89 8.55 10.88
Away Time (hrs) 3.72 1.03 3.03 4.30
Distance from Home (km) 8.39 3.48 5.97 10.31
Daily Air Quality Index 29.14 14.45 18.23 38.00
Temperature (°F) 56.18 14.10 47.21 65.84
Precipitation (in.) 3.15 8.09 0.00 2.00
wind Speed (mph) 9.40 4.06 6.26 11.63
Shortwave Radiation (W/m?) 228.20 71.68 177.40 285.00
Humidity (%) 63.64 14.24 54.80 7350
N =9,492,599
Table G30. Summary statistics (Summer)
Variable Mean Standard 25" Percentile  75™ Percentile
Deviation

Home Time (hrs) 9.82 201 8.68 11.20
Away Time (hrs) 3.91 1.13 3.14 458
Distance from Home (km) 9.38 3.72 6.71 11.61
Daily Air Quality Index 33.45 14.34 22.85 43.40
Temperature (°F) 75.35 7.78 69.80 80.96
Precipitation (in.) 3.29 8.95 0.00 1.40
Wind Speed (mph) 7.40 271 5.37 8.95
Shortwave Radiation (w/m?) 287.40 54.08 258.50 326.80
Humidity (%) 65.41 14.46 59.80 75.05

N =9512915
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Table G31. Summary statistics (Fall)

Variable Mean Standard 25t Percentile  75™ Percentile
Deviation

Home Time (hrs) 10.08 2.04 8.90 11.48
Away Time (hrs) 3.91 1.15 3.12 4.60
Distance from Home (km) 8.57 3.48 6.13 10.55
Daily Air Quality Index 31.63 15.68 20.00 4147
Temperature (°F) 59.64 15.54 48.38 71.42
Precipitation (in.) 240 7.61 0.00 0.50
Wind Speed (mph) 8.88 4.10 6.04 10.96
Shortwave Radiation (w/m?) 163.88 64.90 113.80 214.80
Humidity (%) 63.79 15.87 55.90 74.30
N =9,370,602

Table G32. Summary statistics (Winter)

Variable Mean Standard 25t Percentile  75™ Percentile

Deviation

Home Time (hrs) 10.15 1.98 9.05 11.46
Away Time (hrs) 3.61 1.15 2.83 4.25
Distance from Home (km) 7.85 3.47 5.46 9.68
Daily Air Quality Index 34.37 17.56 21.45 45.34
Temperature (°F) 40.79 15.21 30.83 51.08
Precipitation (in.) 3.32 8.42 0.00 2.10
Wind Speed (mph) 7.85 4.73 6.26 12.30
Shortwave Radiation (w/m?) 103.54 44.32 70.30 133.10
Humidity (%) 66.03 15.32 57.15 76.70

N =9,300,019
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APPENDIX H: RESULTS FROM SENSITIVITY ANALYSES

Table H33. Results from regressions with county by day fixed effects

Variable Log of Time Spent at Log of Time Spent Away Log of Distance
Home from Home Traveled from Home
) @) ©)
Moderate AQ -0.0010* -0.0004 -0.0014**
(-2.56) (-0.73) (-3.09)
AQ Unsafe for Sensitive 0.0066** -0.0106*** -0.0229***
Groups (3.04) (-3.71) (-7.22)
Unhealthy AQ 0.0093** -0.0249*** -0.0098
(2.84) (-4.56) (-1.61)
Average Temperature -0.0017*** 0.0009*** 0.0041***
(-9.95) (3.91) (21.28)
Average Temperature 0.0001*** -0.0001*** -0.0001***
Squared (6.31) (-3.83) (-17.45)
Precipitation 0.0001* -0.0003*** -0.0005***
(2.44) (-19.53) (-28.06)
Wind Speed 0.0005*** -0.0004*** -0.0011***
6.71) (-4.88) (-13.50)
Shortwave Radiation -0.0001*** 0.0001*** 0.0001***
(-6.83) (16.54) (21.65)
Humidity -0.0001* -0.0004*** -0.0002***
(-2.50) (-7.82) (-4.82)
FS Residual 0.0004 -0.0014. -0.0002
0.72) (-1.88) (-0.30)
N = 37,622,679

Table H34. Results from regressions with county cluster fixed effects

Variable

Log of Time Spent at
Home

@)

Log of Time Spent Away
from Home

@)

Log of Distance
Traveled from Home

©)
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Moderate AQ -0.0008* -0.0014*** -0.0018***
(-2.56) (-3.63) (-5.18)
AQ Unsafe for Sensitive 0.0067*** -0.0182*** -0.0190***
Groups (4.33) (-8.18) (-7.92)
Unhealthy AQ 0.0066* -0.0222*** -0.0194***
(2.47) (-4.86) (-3.78)
Average Temperature -0.0009*** 0.0019*** 0.0038***
(-3.97) (5.58) (13.74)
Average Temperature 0.0001. -0.0001*** -0.0001***
Squared (1.84) (-5.27) (-9.94)
Precipitation 0.0001** -0.0002*** -0.0002***
(2.82) (-17.25) (-17.38)
Wind Speed -0.0001 0.0002* 0.0004***
(-0.55) (2.19) (4.87)
Shortwave Radiation -0.0001*** 0.0001*** 0.0001***
(-4.42) (8.29) (10.33)
Humidity -0.0001** -0.0002*** -0.0001*
(-3.00) (-4.37) (-2.44)
FS Residual 0.0005 -0.0008 -0.0012*
(1.36) (-1.49) (-2.57)
N =37,622,679

Table H35. Results from regressions without weights

Variable Log of Time Spent at Log of Time Spent Away Log of Distance

Home from Home Traveled from Home
@) @) @)

Moderate AQ 0.0003* -0.0012*** -0.0028***
(2.26) (-6.62) (-12.55)

AQ Unsafe for Sensitive 0.0027** -0.0186*** -0.0123***

Groups (2.81) (-12.24) (-6.21)

Unhealthy AQ 0.0139*** -0.0399*** -0.0399***
(5.79) (-9.66) (-7.73)
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Average Temperature -0.0017*** 0.0007*** 0.0042***
(0.00) (20.50) (108.21)
Average Temperature 0.0001*** -0.0001*** -0.0001***
Squared (40.75) (-23.64) (-76.71)
Precipitation 0.0002*** -0.0007*** -0.0008***
(39.59) (-110.47) (-112.81)
Wind Speed 0.0006*** -0.0004*** -0.0014***
(49.29) (-24.32) (-66.79)
Shortwave Radiation -0.0001*** 0.0001*** 0.0001***
(-37.91) (70.28) (73.80)
Humidity 0.0001*** -0.0004*** -0.0003***
(12.24) (-56.67) (-36.59)
FS Residual -0.0019*** 0.0026*** 0.0043***
(-14.92) (15.29) (20.91)
N = 37,622,679

Table H36. Results from Regression with trimmed values of distance variable

Variable Distance Traveled from Distance Traveled from
Home Less Top and Bottom Home Less Top and Bottom
1% 5%
Moderate AQ -0.0031*** -0.0032***
(-14.30) (-16.63)
AQ Unsafe for Sensitive -0.0134*** -0.0108***
Groups (-7.77) (-6.85)
Unhealthy AQ -0.0407*** -0.0363***
(-9.01) (-8.45)
Average Temperature 0.0037*** 0.0028***
(76.90) (66.91)
Average Temperature -0.0001*** -0.0001***
Squared (-55.07) (-46.09)
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Precipitation -0.0008*** -0.0006***
(-105.94) (-99.27)

Wind Speed -0.0012*** -0.0010***
(-55.90) (-50.19)

Shortwave Radiation 0.0001*** 0.0001***
(64.90) (60.35)

Humidity -0.0003*** -0.0003***
(-28.80) (-34.49)

FS Residual 0.0047%** 0.0047***
(21.24) (24.15)

N 36,870,225 33,860,411
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APPENDIX I: RESULTS FROM HETEROGENEITY ANALYSES

Table 137. Results from regressions on indoor and outdoor locations

Variable Log of Visits to Outdoor Log of Visits to Indoor
Locations Locations
(CF) (CF)
Moderate AQ -0.0065* -0.0075**
(-2.50) (-2.92)
AQ Unsafe for Sensitive -0.0081 -0.0103
Groups (-0.59) (-0.76)
Unhealthy AQ -0.1088*** -0.1141%**
(-3.67) (-3.86)
Average Temperature 0.0394*** 0.0388***
(8.97) (8.87)
Average Temperature -0.0003*** -0.0003***
Squared (-9.44) (-9.32)
Precipitation -0.0024*** -0.0024***
(-11.99) (-11.92)
Wind Speed -0.0033*** -0.0034***
(-7.38) (-7.73)
Shortwave Radiation 0.0004**>* 0.0004***
(11.47) (11.57)
Humidity -0.0004*** -0.0004**
(-2.91) (-2.74)
FS Residual 0.0193*** 0.0194***
(7.10) (7.18)
N 4,948,437 5,002,444

Table 138. Racial differences in the response to changes in air quality

Variable

Log of Time Spent at
Home

()

Log of Time Spent Away
from Home

@)

Log of Distance
Traveled from Home

@)
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Moderate AQ 0.0017*** 0.0021*** -0.0005
(5.07) (5.90) (-1.40)
Unsafe AQ 0.0036. -0.0110*** -0.0103***
(1.95) (-4.77) (-43.52)
Moderate AQ*Black CBG -0.0020** -0.0070*** -0.0098***
(-3.18) (10.89) (-14.11)
Unsafe AQ* Black CBG 0.0032 -0.0325*** -0.0514%**
0.62) (-5.29) (-5.75)
Moderate AQ* Hispanic -0.0032*** -0.0199*** 0.0022*
CBG (-3.56) (-4.94) (2.27)
Unsafe AQ*Hispanic CBG -0.0047 -0.0145*** -0.0145**
(-1.46) (-3.46) (-2.98)
Moderate AQ* Other -0.0038*** -0.0065*** -0.0033***
Minority CBG (-4.18) (-8.69) (-4.47)
Unsafe AQ* Other 0.0051. -0.0112** -0.0046
Minority CBG (1.84) (-3.00) (1.03)
FS Residual -0.0031*** 0.0020*** 0.0041***
(-13.53) (7.10) (15.93)
N =37,622,679
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APPENDIX J: RESULTS FROM REGRESSION DISCONTINUITY MODELS

Table J39. Results from regressions using full sample

Variable Home Time Away time Distance
1) @) ©)
Alert at AQI of 100
Alert 0.0089*** -0.0217%** -0.0167***
(6.83) (-11.68) (-8.04)
Centered AQI 0.0089*** 0.0000*** 0.0001***
(-10.03) (4.50) (6.69)
Average Temperature 0.0089*** 0.0005*** 0.0043***
(-30.84) (20.68) (73.12)
Average Temperature 0.0089*** -0.0001*** -0.0001***
(19.34) (36.86) (-54.37)
Squared
Precipitation 0.0089*** -0.0006*** -0.0008***
(16.31) (53.04) (-99.16)
Wind Speed 0.0089*** -0.0004*** -0.0012***
(18.27) (69.22) (-47.15)
Shortwave Radiation 0.0089*** 0.0001*** 0.0001***
(-14.15) (85.40) (55.93)
Humidity 0.0089*** -0.0004*** -0.0003***
(9.49) (101.58) (-26.84)

Alert = AQI of 150

Alert 0.0206*** -0.0423*** -0.0450***
(8.12) (-10.31) (-9.66)

Centered AQI -0.0001*** 0.0000*** 0.0001***
(-9.91) (3.82) (6.32)

Average Temperature -0.0017*** 0.0005*** 0.0043***
(-30.80) (6.52) (73.05)

95



Average Temperature 0.0000%*** -0.0000*** -0.0000%***
(19.30) (-7.86) (-54.32)
Squared
Precipitation 0.0001*** -0.0006*** -0.0008***
(16.34) (-73.90) (-99.16)
Wind Speed 0.0004*** -0.0004*** -0.0012***
(18.35) (-12.64) (-47.29)
Shortwave Radiation -0.0000*** 0.0001%** 0.0001***
(-14.18) (41.16) (55.98)
Humidity 0.0001%** -0.0004*** -0.0003***
(9.50) (-27.94) (-26.86)
N = 37,622,412

Table J40. Results from regressions with restricted data (+ or - 20 from the cutoff)

Variable Home Time Away time Distance
1) @) ®3)

Alert at AQI of 100

Alert 0.0067*** -0.0062. -0.0063
(2.79) (-1.83) (-1.59)

Centered AQI -0.0002 -0.0002 0.0003
(-1.44) (-1.41) (1.49)

Average Temperature -0.0021*** -0.0010. 0.0031***
(-5.11) (-1.70) (4.50)

Average Temperature 0.0000 0.0000*** 0.0000
(1.32) (3.10) (1.04)

Squared

Precipitation 0.0001 -0.0006* -0.0010***
(0.68) (-2.15) (-3.15)

Wind Speed -0.0005 0.0005 0.0013.
(-1.12) 0.77) (1.89)
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Shortwave Radiation -0.0000 0.0003*** 0.0005***
(-0.72) (3.92) (6.60)
Humidity -0.0000 -0.0001 0.0006***
(-0.07) (-1.30) (4.59)
N =207,265
Alert = AQI of 150
Alert 0.0518 -0.0589 0.1954**
(1.44) (-0.98) (2.70)
Centered AQI -0.0009 0.0044 -0.0117**
(-0.55) (1.44) (-3.01)
Average Temperature 0.0081 -0.0069 -0.0605**
(0.75) (-0.42) (-2.79)
Average Temperature -0.0001 0.0000 0.0005.
(-1.09) (0.20) (1.85)
Squared
Precipitation -0.0200 -0.0333 -0.0016
(-1.79) (-1.42) (-0.08)
Wind Speed 0.0073 -0.0028 0.0010
(1.04) (-0.18) (0.07)
Shortwave Radiation 0.0042 -0.0049 -0.0088
(1.35) (-1.08) (-1.50)
Humidity -0.0013 0.0020 -0.0014
(-0.50) (0.48) (-0.28)
N =9,051

Table J41. Results from regressions with restricted data (+ or - 10 from the cutoff)

Variable Home Time Away time Distance

1) @) ®3)
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Alert at AQI of 100

Alert

Centered AQI

Average Temperature

Average Temperature

Squared

Precipitation

Wind Speed

Shortwave Radiation

Humidity

N =70,477

Alert = AQI of 150

Alert

Centered AQI

Average Temperature

Average Temperature

Squared

Precipitation

Wind Speed

0.0071
(1.70)

-0.0005
(-1.30)

-0.0030%*
(-2.65)

0.0000
(0.48)

0.0007.
(1.95)

-0.0009
(-0.98)

-0.0002
(-1.41)

0.0001
(0.53)

0.0303
(0.68)

-0.0085**
(-2.61)

-0.2722*
(-2.24)

0.0022*
(2.00)

0.1838
(1.55)

-0.0882.

-0.0063
(-1.10)

-0.0008
(-1.64)

0.0013
(0.86)

0.0000.
(1.79)

0.0007
(0.99)

0.0001
(0.04)

0.0004*
(2.30)

0.0003
(0.92)

0.0168
(0.22)

0.0262%**
(3.51)

0.6283**
2.77)

-0.0054%*
(-2.79)

-0.3565*

(-2.28)

0.0453
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-0.0123.
(-1.80)

0.0009
(1.54)

0.0143%**
(8.22)

-0.0000%*
(-3.11)

-0.0002
(-0.28)

0.0038
(2.34)

0.0010
4.22)

0.0021
(6.09)

0.1338
(1.07)

-0.0299**
(-3.18)

-0.1743
(-0.43)

0.0012
(0.34)

-0.4449,
(-1.98)

-0.0322



Shortwave Radiation

Humidity

N =4,094

(-1.81)

-0.0093
(-1.33)

0.0213.
(1.95)

(0.51)

0.0135
(0.76)

-0.0356
(-1.46)

(-0.25)

-0.0062
(-0.28)

-0.0127
(-0.45)
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