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Abstract

This dissertation is comprised of three research papers that entail implications for

public policy. The first two papers are related to environmental policy, and specifi-

cally air pollution. The marginal willingness to pay to reduce air pollution is often

estimated from the expenditures consumers undertake to avoid exposure to changes

in air quality. Consumer awareness of air quality changes is commonly assumed even

though limited attention causes decision-making in many settings to vary with the

salience of features entering the utility function. The first paper (“Defensive Expen-

ditures, Salience, and Limited Attention”) studies how defensive expenditures vary

with the salience of air quality information while controlling for air quality, itself.

It uses a 10-year panel data of defensive expenditures, comprised of masks and air-

filter purchases from California. Salience is measured in three different ways. First,

internet search intensity data from Google is used as a proxy for salience. Second, ap-

pearances of tweets about air pollution to Twitter users are used to measure salience.

Finally, exogenous media shocks because of California fires are used as a proxy for

pollution salience. Individuals are shown to exhibit inattention to air quality, causing

estimates to understate willingness to pay for air quality improvements by 20%.

The second paper (“Air Pollution and Averting Behavior Disparities: Evidence

from NYC Transportation”) addresses the inequality in the burdens of air pollution.

Exposure to air pollution is a function of averting behaviors that are likely to vary by

income due to heterogeneous ability to pay and marginal utility of income. Conse-
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quently, poor and minorities may be relatively more exposed to pollution than other

demographic groups even conditional on ambient concentrations. Using data on New

York City taxi ridership and use of city bicycles, the paper identifies heterogeneous

changes in transportation mode decisions across income groups in response to air

pollution, exposure to which varies by mode. It shows that (1) high air pollution

causes bike ridership to decrease and commute-related taxi trips to increase. (2) The

increase in taxi trips is more pronounced in high income neighborhoods than in low

income areas. These results suggest that transportation modes that involve higher

exposure to air pollution are less desirable when air quality is low and that the uti-

lization of alternative transportation modes to avert air pollution exposure is unequal

across income groups.

The third paper (“Do Mask Mandates Work to Contain the Spread of COVID-

19?”, with Qingran Li) is related to the recent COVID-19 pandemic disruptions, and

studies the effects of mask mandates. With struggling economies and high unemploy-

ment rates, policy makers are seeking means to reopen the economy safely. In the

absence of vaccines, discussions about mask mandates among non-pharmaceutical

interventions emerged, and research is needed for informed, evidence based policy.

The paper uses COVID-19 cases data, mobility data, and mask mandates data at the

county level for all counties in the United States. It provides evidence that masks

reduce cases, and cases conditional on the mobility of residents. The results show that

while mobility marginally increases COVID cases, this marginal increase is reduced

by 82% when there is a public mask mandate. The paper also uses the synthetic

control method for comparison, and finds causal evidence that mask mandates re-

duce COVID-19 cases. These findings have direct implications for disease control,

and suggest that a mask mandate policy can reduce infection risks, when combined

with economic reopening policies.
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Chapter 1

Introduction

This dissertation consists of three research papers that have policy implications.

The first two papers are related to environmental policy, and specifically air pollution.

The third paper is about mask mandates, a non-pharmaceutical policy intervention

to combat the COVID-19 pandemic.

The first essay is titled (“Defensive Expenditures, Salience, and Limited Atten-

tion”) and studies how behavioral limited attention affects estimates of willingness

to pay (WTP) measures, to reduce air pollution. Such measures are often estimated

using variation in expenditures of consumers on defensive goods, which reduce their

exposure to air pollution. Unlike the researcher who observes air quality data when

making estimations, however, the assumption that consumers are fully aware of air

quality levels may not necessarily hold at the time decisions about defensive ex-

penditures are made. The behavioral economics literature documents evidence that

consumers may exhibit limited attention, and their decisions are influenced by the

salience of some product characteristics when making complex decisions. The essay
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studies how defensive expenditures vary with the salience of air quality information

while controlling for air quality. For the same level of pollution, it estimates the

marginal response in defensive expenditures when pollution is more salient. The

estimation employs a 10-year panel of pollution mask and replacement air-filter pur-

chases in California. Salience is measured in three different ways. First, internet

search intensity data were collected from Google and used as a proxy for salience.

Second, “tweets” data were collected and used in a novel approach. Appearances of

tweets about air pollution to Twitter users were used to construct a salience mea-

sure for counties in California in a plausibly exogenous way. Third, incidents of

wildfires in California were used to create naturally exogenous media shocks to local

media markets, which were used as a proxy for pollution salience. The results show

that individuals have limited attention to air quality. Estimates of the willingness

to pay to reduce air pollution are underestimated by 20%, if full attention is assumed.

The second paper “Air Pollution and Averting Behavior Disparities: Evidence

from NYC Transportation”) is also related to air pollution and defensive expendi-

tures. It addresses the inequality in the burdens of air pollution. Averting behaviors

are likely different among income groups due to the heterogeneity in ability to pay

and marginal utility of income. The paper uses data on New York City taxi ridership

and use of city bicycles, and identifies heterogeneous changes in transportation mode

decisions across income groups in response to air pollution. It shows that (1) high air

pollution causes bike ridership to decrease and commute-related taxi trips to increase.

(2) The increase in taxi trips is more pronounced in high income neighborhoods than

in low income areas. These results suggest that transportation modes that involve

higher exposure to air pollution are less desirable when air quality is low and that

the utilization of alternative transportation modes to avert air pollution exposure is
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unequal across income groups.

The third paper, co-authored with Qingran Li (“Do Mask Mandates Work to

Contain the Spread of COVID-19?”) studies the effects of mask mandates. Since

March 2020, economies around the world were severely impacted by the COVID-19

pandemic. Policy makers are faced with uneasy decisions. Lock-downs reduce infec-

tions and save lives, but have caused dramatic economic burdens on households and

high unemployment rates. At the same time, reopening in the absence of vaccines can

be unsafe, and can cause waves of infections that further exacerbate economic losses.

Researchers across academic disciplines have collaborated to study the impacts of the

pandemic, and inform policy makers for evidence based decisions. Masks have been

discussed recently as a tool to reopen the economy safely, at least gradually. The

third paper uses COVID-19 cases data, mobility data, and mask mandates data at

the county level for counties in the United States. It provides evidence that masks

reduce infections using two empirical approaches. The first approach estimates the

marginal effect of mobility on COVID-19 cases in the case when there is a public

mask mandate, and in the case when there is no mandate. The results show that

while mobility marginally increases infections, this marginal increase is reduced by

82% when there is a public mask mandate. The paper also uses the synthetic control

method for comparison. It constructs synthetic counties that have similar pre-trends

to counties treated with mask mandates. Using this approach, the paper finds causal

evidence that mask mandates reduce COVID-19 cases in about 3 weeks from imple-

mentation. These finding have direct implications for disease control, and suggest

that mask mandate policy can reduce infection risks, when combined with economic

reopening policies.
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Chapter 2

Defensive Expenditures, Salience,

and Limited Attention
1

2.1 Introduction

Because of health risks posed by air pollution, individuals are documented to

undertake costly actions to reduce their pollution exposure. To reduce long-term

exposure, households may choose to migrate away from pollution, incurring moving

costs and potentially higher property costs (Harrison Jr and Rubinfeld, 1978; Smith

and Huang, 1995; Banzhaf and Walsh, 2008; Bayer et al., 2009; Chen et al., 2017).

Consumers purchase face masks, air-filters, and air-purifiers when air quality deteri-

orates (Zhang and Mu, 2016; Ito and Zhang, 2020; Sun et al., 2017). Pharmaceutical

expenditures also vary with air pollution (Deschenes et al., 2017). Moreover, indi-

1Disclaimer: Researcher own analyses calculated (or derived) based in part on data from The
Nielsen Company (US), LLC and marketing databases provided through the Nielsen Datasets
at the Kilts Center for Marketing Data Center at The University of Chicago Booth School of
Business. The conclusions drawn from the Nielsen data are those of the researcher(s) and do not
reflect the views of Nielsen. Nielsen is not responsible for, had no role in, and was not involved in
analyzing and preparing the results reported herein.
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viduals adjust their outdoor activities and means of transportation on polluted days

(Bresnahan et al., 1997; Neidell, 2009; Zivin and Neidell, 2009; Sexton, 2012; Ward

and Beatty, 2016; Saberian et al., 2017).

The responsiveness of defensive expenditures to variation in air pollution lends

estimates of consumers’ marginal willingness to pay (WTP) to avoid air pollution

exposure, a parameter that informs analyses of the costs and benefits of air pollution

mitigation policies. Such estimates of willingness to pay assume consumers respond

to air quality information that, while known to the researcher, may not be known or

salient to the consumer.

Consumers who are not fully informed about pollution and risks may not opti-

mally react (Greenstone and Jack, 2015). Ito and Zhang (2020) document greater

responsiveness of defensive expenditures to air pollution after routine reporting of

reliable air quality information by the U.S. Embassy in Beijing, indicating that im-

perfect information may confound estimates of willingness to pay. Barwick et al.

(2019) show that real-time pollution information disclosures in China cause signifi-

cant benefits, including reductions of mortality costs. The housing market in Europe

is impacted by air pollution information provision (von Graevenitz et al., 2018). In

the US housing market, these information provisions are of importance, especially

with existing inequalities (Hausman and Stolper, 2020).

Distinct from these papers, I investigate how salience of air quality information

affects consumer behavior, and, therefore, economic valuation of air quality improve-

ments. Growing evidence in behavioral economics documents that consumer decision-

making is influenced by the salience of product characteristics. When making com-
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plex decisions, an individual may not process all available information but only a

subset that is more salient (Simon, 1955; Conlisk, 1996; Tversky and Kahneman,

1974; Gabaix and Laibson, 2006; DellaVigna, 2009). Those characteristics that are

more “top of mind” weigh more heavily in decisions, implying imperfect consumer

attention. Individuals may not always be attentive (Matějka and McKay, 2015), or

have up to date perceptions (Reis, 2006). Such biases can cause sub-optimal deci-

sions. Chetty et al. (2009) show that consumption levels are affected by whether

sales tax is salient. Even though consumers can guess the tax correctly, they behave

differently when they see a tax-inclusive price label, or a label that excludes tax.

Although shipping costs information are available on eBay, buyers respond propor-

tionally more to the (salient) auction price (Hossain and Morgan, 2006; Brown et al.,

2010). Electricity consumers respond to the salience of electricity prices by altering

their consumption (Sexton, 2015; Prest, 2020). Investors in the stock market react

to news reports of previously known information (Huberman and Regev 2001).

Recent environmental risks literature also suggests that individuals respond dif-

ferently when risk is salient. Households are more likely to take-up insurance when

flood risk is salient (Gallagher, 2014). Bakkensen et al. (2019) show that flood risks

salience impacts hedonic valuations (using residential property sales) by 8%. Con-

sumers can also be influenced by the salience of pollution information when buying

defensive equipment such as masks and air-filters. In the process of making this

complex decision, air quality information may not always be “top of mind”. In this

paper, I show that such bias exists, and biases marginal WTP estimates downwards.

If a fraction of consumers are inattentive to air pollution information, then they will

under-react to changes in air quality relative to their optimal responses amid full

attention. Such inattention, thus, yields estimates of the willingness to pay for air
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quality improvements that are too low, even among a class of estimates understood

to comprise a lower bound on air quality valuations. Inattention causes individuals

to hold subjective risk perceptions that deviate from the objective risks commonly

known to the researcher. The deviation between subjective and objective risks is a

widely recognized problem in hedonic valuation of environmental amenities (Bishop

et al., 2019; Boyd et al., 2015; Davis, 2004; Pope, 2008a,b; Bakkensen and Barrage,

2017; Haninger et al., 2017). To my knowledge, the possibility of inattention to pol-

lution risks has not heretofore been considered in the literature, let alone its impacts

on non-market valuation.

Pollution information and public reporting of the Air Quality Index (AQI) in the

US date back to the late 1970s, and have been freely accessible online for over a

decade. A number of smart phone applications have made access to this information

even easier. Thus, if attention were unconstrained, consumers would be fully atten-

tive to all relevant information about air pollution, and other product features in the

choice setting, and their consumption choices would be independent of changes in air

pollution salience. Yet, in this paper, I show that defensive expenditures vary with

measures of air pollution salience—conditional on the level of air pollution.

Employing a 10-year panel of pollution masks and replacement air-filters purchases

in California, I develop three novel empirical approaches to estimate the effect of pol-

lution salience on defensive expenditures and WTP estimates. These approaches fall

under the same empirical strategy in which I take advantage on a natural manipu-

lation of salience to estimate the effect, but the definition of salience is different in

each approach. In the first approach, I use variation in Google search intensity for

pollution topics as a proxy for salience. Conditional on air quality, I argue that varia-

7



tion in search behavior corresponds to changes in air pollution salience. In the second

approach, I develop measures of air pollution salience from interactions on the social

media platform Twitter. Specifically, salience is measured by plausibly exogenous

variation in the number of tweets about air pollution received by Twitter users in

California. Finally, my third approach treats press attention to air pollution within

local media markets as a consequence of large wildfire incidents as a shock to salience.

Across the three approaches, I find robust evidence that defensive expenditures signif-

icantly increase in the salience of air quality. I explain the results using a behavioral

model of limited attention and find that people are only 80% attentive to AQI in

California. Hence, the marginal response of defensive expenditure to variation in air

quality would be 20% greater if consumers were fully attentive to air quality changes.

This suggests even lower-bound estimates of WTP for air quality improvements are

too low.

This paper contributes to the robust literature on environmental amenity valua-

tion in by providing evidence that failure to account for inattention to environmental

quality biases estimates of willingness to pay downwards. It shows that salience mod-

erates the effect of information on consumer response to changes in environmental

quality. In addition, this paper reports new estimates of WTP for air quality im-

provements in California, a populous state with significant air pollution problems

and aggressive policy to resolve them. I estimate the WTP to be at least $40,169.2

per week for a 100 unit decrease in the air quality index (AQI) when pollution is

salient.

The paper proceeds as follows. The next section provides a behavioral model that

explains the relationship between salience and limited attention. Then, I describe the

8



methods and collected data in Section 2.3, wherein the three empirical approaches

are detailed. Section 2.4 discusses results and robustness. Section 2.5 concludes.

2.2 Salience, Defensive Expenditures, and

Inattention

In this section, I outline a conceptual model of salience, inattention and the de-

mand for defensive goods based on the behavioral model of limited attention charac-

terized by DellaVigna (2009). Let demand for a defensive good be a function of its

value V to the consumer. V is determined by a completely visible component v to

the buyer and, following the terminology in DellaVigna (2009), an opaque component

o. Consumers perceive the value of defensive goods to be:

V̂ = v + (1− θ)o (2.1)

where θ is the degree of inattention to the opaque component. When θ is equal to

zero, the consumer is fully attentive to the opaque component and perceives the value

of the defensive good to be v + o. The inattention parameter θ is interpreted as the

degree of processing the ambiguous component o. Limited attention in accordance

with evidence from the behavioral economics literature exists if θ 6= 0.

The degree of inattention is, in turn, a function of salience:

θ = θ(s) (2.2)

Where salience s ∈ [0, 1] and inattention is decreasing in salience, ∂θ
∂s
< 02. It is

2In the general DellaVigna 2009 framework, θ is a function of salience and the number of competing

9



also assumed that when salience equals 1, consumers are fully attentive, θ(1) = 0.

Demand for the defensive good is a function of its perceived value to consumers,

D[V̂ ], and is increasing in the perceived value:

D[V̂ ] = D[v + (1− θ)o] (2.3)

Assume that the visible component v is the price of the defensive good, as prices

are typically prominently posted on retail shelves and online market places. Air

quality may be opaque. AQI information, which is available to consumers, is processed

with degree (1 − θ). When AQI is salient, consumers have full attention and the

demand of the defensive good is:

D[p+ AQI] (2.4)

where AQI (the Air Quality Index) is a measures pollution and p is the price of the

defensive good. Without pollution salience, there is a degree of inattention to AQI,

and consumers are attentive to AQI with degree (1− θ). The demand is:

D[p+ (1− θ)AQI]. (2.5)

For example, assume that air quality in a given time is high and at unhealthy

levels. The price of the defensive good is a component of V̂ that is completely vis-

ible to the consumer. Information about air quality is accessible to the consumer

at virtually no cost assuming no constraints on attention. She may determine it is

unhealthy by checking the AQI on websites such as AirNow, or mobile weather apps,

for instance. However, the consumer’s level of attention to AQI is (1− θ). The level

stimuli N . i.e. θ = θ(s,N). I assume in the analysis in this paper that N is fixed.
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of inattention θ is lower when the pollution information is more salient, such as when

there are more news articles social media discussion, TV coverage, etc. The result-

ing increase in attention influences his or her personal valuation of the defensive good.

The difference in the log demand when salience is 1 (which makes attention full)

and when salience is not 1 (there is inattention) is:

∆logD[p+ (1− θ)AQI]

∆s
= logD[p+ AQI]− logD[p+ (1− θ)AQI] (2.6)

Also, by chain rule:

∆logD[p+ (1− θ(s))AQI]

∆s
=

∆D[p+(1−θ(s))AQI]
∆s

D[p+ (1− θ(s))AQI]

= −∆θ(s)

∆s
∗ AQI ∗ D

′[p+ (1− θ(s))AQI]

D[p+ (1− θ(s))AQI]

= −(0− θ) ∗ AQI ∗ D
′[p+ (1− θ(s))AQI]

D[p+ (1− θ(s))AQI]

= θ ∗ AQI ∗ D
′[p+ (1− θ(s))AQI]

D[p+ (1− θ(s))AQI]

(2.7)

By equating (2.6) and (2.7):

logD[v + AQI]− logD[v + (1− θ)AQI] = θ ∗ AQI ∗ D
′[v + (1− θ(s))AQI]

D[v + (1− θ(s))AQI]
(2.8)

The term

AQI ∗ D
′[v + (1− θ(s))AQI]

D[v + (1− θ(s))AQI]
(2.9)

is the elasticity of the demand for defensive goods with respect to AQI. It follows

that the inattention parameter can be determined by (1) the marginal effect of salience

on defensive goods for a given AQI, and (2) The AQI elasticity of demand for defensive
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goods without salience:

θ̂ =
logD[v + AQI]−D[v + (1− θ)AQI]

AQI ∗ D′[v+(1−θ(s))AQI]
D[v+(1−θ(s))AQI]

(2.10)

In order to empirically test the impact of of pollution salience on defensive ex-

penditures, one must observe demand for defensive goods and how it evolves amid

exogenous shocks to salience. An ideal setting to test the existence of this effect

would be an experimental setting in which the salience is randomly manipulated

across consumers, allowing the researcher to identify a model of the following form:

Defensive Expenditures = β ∗ AQI + γAQI ∗ 1[salience] + ε (2.11)

In model (2.11), salience can be increased by air quality alerts to the treated group

of consumers. The marginal effect of the same level of AQI on expenditures is β when

there is no increased attention due to salience, and is β + γ when there is increased

attention because of salience. If the response to air quality is greater when it is more

salient, then the coefficient γ is positive.

In this paper I empirically estimate a similar model in quasi–experimental design.

The objective is to identify the effect of salience, and I develop three approaches to

identify plausibly exogenous variation in salience. Inattention can then be estimated

using estimates of β and γ:

θ̂ =
γ̂

β̂
(2.12)
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Another way to think about inattention θ is in the following equation:

Log Defensive Expenditures = βAQI

+ (θ ∗ β)AQI ∗ 1[Salience] + ε (2.13)

If consumers are fully attentive to AQI, the marginal effect of a unit increase in

AQI should be the same (β) whether there is salience or not. If that is true, θ must

equal 0, which can be tested empirically.

2.3 Methods and Data

In this paper, I use instances in which salience is manipulated naturally, to identify

γ in the following equation:

DEi,t = βPollutioni,t

+ γPollutioni,t ∗ Saliencei,t + εi,t

(2.14)

Where DEi,t is defensive expenditures in location i at time t, Pollutioni,t is the

pollution level, and Saliencei,t is a salience measure that will be defined in 3 different

ways. The identifying assumptions and relevant salience data are described sepa-

rately in subsections. In my estimations, pollution will also be defined alternatively

in bins of pollution to estimate non-linear effets, in which case I estimate a vector of β

and a vector of γ marginal effects (of pollution and salience–conditional on pollution

respectively) for each pollution bin.

All estimations use Defensive expenditures, observed from Nielsen scanner data.
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Purchases are observed at the product-store-week level from 2006 to 2016 in 1,271

drugstores, 1,347 supermarkets, and 548 mass merchandise stores in California. Sales

of face masks and air-filters are analysed. Face masks that are not made for the pur-

pose of pollution filtering, such as surgical masks, are excluded. Air filters included

are those used in air purifiers and heating, ventilation and cooling systems. Table 2.1

provides summary statistics for expenditures. I observe 52 different types of masks

and 453 different types of filters at a total of 3,163 stores in 52 counties. Real defensive

expenditures are in 2013 dollars, which I calculated as the revenues per week for each

item. The average weekly expenditures per item per store in the 10-year sample is $18.

Air pollution is measured by the Air Quality Index (AQI) reported by the US

Environmental Protection Agency (EPA) (EPA AirData, 2017). AQI is an index

from 0 to 500. Higher AQI indicates higher pollution. It is a generalized measure

of pollution reported by governments, and is computed in the U.S. according to con-

centrations of 5 major pollutants: (1) ground level ozone, (2) particulate Matter

pollution (PM2.5 and PM10), (3) carbon monoxide (CO), (4) sulfur dioxide SO2, and

(5) nitrogen dioxide NO2. AQI is usually categorized by environmental agencies into

color-coded bins with associated meanings. In the US, Green, for example, means

“good”, and orange means “unhealthy for sensative groups”. These categories are in

Figure 2.1. Summary statistics are in Table 2.1 The average AQI is around 73, which

is considered “moderate”. I observe a wide range of polluted and unpolluted weeks

with a standard deviation of around 33. I also use weekly averages of AQI to create

weekly pollution bins in intervals of 0 to 50, 51 to 100, 101 to 150, 151 to 200, 201 to

500. I assume that these bins represent an average weekly approximation of pollution

hazard or level of health concerns in the week (as the bins in Figure 2.1). Results are

also reported for pollution measured by concentrations of PM2.5 and PM2.5. PM10
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Figure 2.1: AQI Categories and health concerns, obtained from AirNow.gov.

is pollution of particles in the air that are less than or equal 10 micrometers. They

may be seen by the naked eye in the form of smoke. PM2.5 is particles of less than or

equal 2.5 micrometers, which are not visible .

2.3.1 Approach 1: Internet Search Trends

In the first approach, I use data from Google Trends to estimate the effect of the

intensity of internet search about air pollution topics in a given geographical location.

The intensity of the search is used as a proxy for increased pollution salience in the

given location. I identify the effect of salience in the following model:

Ym,c,s,p,w = β1AQIc,w

+ γ1AQIc,w ∗GIm,w

+ λs,p + λw,p + εm,c,s,p,w

(2.15)

Where Ym,c,s,p,w is the natural log of expenditures in week w on product p at store
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Figure 2.2: California Counties and 14 Market Areas.

s in county c, which is in Designated Market Area (DMA) m. DMAs are comprised

of multiple counties and can be seen on the color coded map in Figure 2.2. There

are 14 DMAs in California, containing around 50 counties. AQIc,w is the Air Quality

Index at county c in week w. GIm,w is the Google Search Index for air pollution

topics in DMA m in week w. I use this weekly index at the DMA level because it

is the smallest geographic unit I could match. The index is from 0 to 100 with 100

representing the highest search in the time period. This means that each area’s index

is relative to its own highest search period (its own baseline). Summary statistics of

the search index are reported in Table 2.1. the mean is 1.76 and the standard devia-

tion is 5.19. λs,p and λw,p are respectively store-week and week-product fixed effects,

which I use to absorb possibly confounding time-variant variation in the purchases

of a certain product, and time-invariant variations in the purchases of products at

certain locations. Finally, εm,c,s,p,w is the error term.
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Table 2.1: Summary Statistics

Variable Observations Mean Sts. Dev. Min Max

Real Defensive Expenditures (Masks) 572,054 8.34 8.06 0.01 787.60
Real Defensive Expenditures (Filters) 1,698,074 21.79 19.58 0.01 625.11
Real Defensive Expenditures Total 2,270,128 18.40 18.37 0.01 787.60

AQI 2,270,128 72.71 32.62 1 2043.86

PM10 2,139,559 27.05 15.43 0 798.89

PM2.5 2,225,828 11.17 6.53 0.003 126.57

Internet Search Index 2,270,128 1.76 5.19 0 100

Media Market Salience 2,065,659 0.24 0.42 0 1

Real Defensive Expenditures in 41-week sample (County-UPC) 62,941 56.77 89.33 0.01 1519.95

AQI in 41-week sample 62,941 69.22 32.41 7 305.14

PM10 in 41-week sample 57,062 26.40 15.89 2.29 135.4

PM2.5 in 41-week sample 61,529 9.81 5.72 0.50 86.3

Social Media Salience in 41-week sample 62,941 13060.39 28377.16 1 255,346

Number of Stores:
Drugstores 1,271
Food Stores 1,347
Mass Merchandise Stores 548

Total 3,163

Number of Unique Products (UPC):
Masks 52
Filters 453

Total 505

Number of Counties 52
Number of Market Areas 14

Notes:
1- Search Index is Google Trends index for the topic Air Pollution.
2- The random 41 weeks sample from weeks between 2015 and 2016 is used for the social media effect estimation.
3- Social Media Salience is the number of Twitter users who follow users that wrote tweets
about Air Pollution or Air Quality (divided by 1000).

The identification assumption of the coefficient of interest, γ1, is that conditional

on pollution levels, changes in the weekly search intensity of pollution topics must

only be caused by variations in the salience of pollution. When pollution is more

salient, the search index is expected to increase and not vice versa. The mechanism

through which pollution becomes more salient may include news coverage or wildfire

occurrences for instance. Google search about pollution is expected to increase when

there is more news articles about pollution. Fire incidents also increase the search

intensity as shown in Table 2.2, where I find that large fires of more than 300 acres

increase Google Search about air pollution topics.
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Table 2.2: Fires and Internet Search for Air Pollution

Google Trends Index

Constant 4.25***
(1.75)

Fire 0.83***
(0.23)

Fixed effects:
Week Yes
DMA Yes

Observations 6,906
Adjusted R2 0.19

* p < 0.1, ** p < 0.05, *** p < 0.01

Controlling for air pollution levels is essential to overcoming concerns about se-

lection bias. Even If a group of people that is more likely to search for air pollution

topics and more likely to buy defensive goods (such as a subgroup that is sensitive to

pollution) exists, their search behavior is expected to be caused by changes in pollu-

tion levels. Someone who is more sensitive to pollution may search more on a polluted

day and buy a mask. However, conditional on pollution, the increase in the search

intensity (even by this subgroup) must be due to a salience instance of pollution. In

this framework, it is expected that this subgroup is the least responsive to salience.

Salience is expected to cause higher search from other groups who (absent salience)

would not regularly search for pollution. The effect measured in this approach is an

average effect for the population.

To summarize, in this identification strategy I am exploiting variation in the

Google search index as a result of variation in pollution salience to estimate the

effect of salience–conditional on pollution levels. The search index is a proxy for

salience. When observing two (or more) weeks that have an equal level of AQI, I
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estimate the difference between a case when there is pollution salience, and a case

when there is not.

2.3.2 Approach 2: Social Media Salience

In the second approach, I use social media data from Twitter to estimate the

effect of air pollution salience in the form of tweets that appear exogenously to users.

I collect tweets that mention the terms “air pollution” or “air quality” and the number

of users that follow the author of each tweet in each county in California. Tweets

were collected for a random sample of 41 weeks between 2015 and 20163. In this

approach, I use the appearance of these tweets to the users in a given location as the

salience measure. This is different from the first approach where I used the search

index as a proxy for pollution salience, and used the variation in the search index as

a result of the variation in salience to estimate the effect of salience. Here, I rather,

use the appearance of tweets as the salience input and estimate the following model:

Zp,c,m,w = β2AQIc,w

+ γ2AQIc,w ∗ Tc,w

+ δm,p + δp, w + vp,c,m,w

(2.16)

where Zp,c,m,w is the log of real defensive expenditures of product p in county c,

which is in market m in week w. As in the previous approach, AQI is at the county-

week level. δm,p is market-product fixed effects, δp, w is product-week fixed effects,

and vp,c,m,w is the error term. The main interest is in the interaction of AQI with

Tc,w, which is the number of times tweets about air pollution in week w were seen

by users in county c. The main coefficient of interest, γ2 measure the marginal effect

of salience. It is the difference in defensive expenditures between weeks that have

3Tweets were collected using an approved researcher account for the purpose of this project
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similar AQI, but experience different levels of social media activity.

The tweets measure Tc,w is constructed by the sum of users who follow authors of

tweets written in week w, and not the unique users. If a user in county c, for instance,

follows 3 people who wrote about air pollution in week w and she is the only user in

county c, then the measure for county c is 3 and not 1. The sum measure is sufficient

for the analysis in this paper, and is perhaps more desirable as it captures the inten-

sity of the salience. Furthermore, this measure excludes any tweets that originated

from anywhere inside California. It is the sum of the followers in a Californian county

c of tweet authors who tweeted about air pollution from outside California in week

w. I add this restriction to avoid endeogenous tweeting activities that are correlated

with local variables. If there is a fire in a county in California, residents in the county

are more likely to tweet about the event, and their tweets are more likely to be seen

by local followers. However, tweets originating from outside the state are less likely

to be correlated with the event.

Beyond restricting the sample in this manner, a remaining possible threat to iden-

tification is if someone tweets about fires in California from outside the state, and

they have followers or friends in California who read these tweets. I deal with this

concern by further restricting the sample manually to exclude tweets that mention

fires in California by the name of the fire, and to the best of my ability to do so. I

also add fire incidents as a control variable in the estimation and interact tweets with

bins of AQI. If fires are a cause of concern, the coefficient on fire would significantly

absorb the salience effect. Moreover, in the case of interacting pollution bins with

tweet salience, if fires are a cause of concern, interactions with high pollution bins

only would have significant effects. The results, as will be seen, are robust to these
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changes and indicate the contrary.

Tweets in the sample vary in purpose and account type. To give a few examples,

the sample consists of tweets by authors writing about pollution in their cities, or

sharing a link to an article about pollution. Other type of tweets are news accounts

that include scripts about air pollution news or links to articles on their websites. An-

other form of tweets in the sample is by official agencies, such as the National Weather

Services. For instance, a tweet that encourages checking the AQI on AirNow.com by

attaching the web link.

Sampling tweets happened in two waves that followed a similar manner. The total

number of weeks in the sample is 41 weeks (287 days). Wave 1 constitutes tweets from

a random sample of 28 weeks in 2016, and wave 2 consisted of tweets in a random

sample of 13 weeks in 2015. In each sampling wave, I started by drawing a random

sample of weeks from the total 52 weeks of the respective year. I then matched the

AQI data for each county in California to the random sample to check the represen-

tation of AQI categories in the sample. It was possible to observe high and low air

pollution in the same week, for two counties that are far from each other for instance.

Because the sample is only 287 days, I was interested to ensure observing weeks of

high air pollution and avoid oversampling low air pollution days. I, therefore, drew

a 1000 random samples (of 28 weeks in 2016 and 13 weeks in 2015) and selected the

sample with the highest number of observations of high air pollution county-weeks,

with the condition that at least as many low air pollution county-weeks were observed.

To be more specific, the AQI was binned into 5 severity categories in order from low

to high: Good, Moderate, Red, Purple ,and Maroon (as in Figure 2.1). The selected

final sample was the sample that contained the highest observations of Red, Purple,
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and Maroon, with the condition that I observe at least as many observations in all

categories.

Tweets data were downloaded in batches using prepaid requests. Each request

requires specifying a phrase or a word, a start time, and end time. The data I col-

lected is original tweets only. I discard the retweets of the original tweet, whereby a

user republishes the original content to their followers. Twitter Developer allows a

maximum of 500 tweets per download request for historical tweets. For example, a

request to download tweets for a specific day from hour 00:00 to 17:00 could return

500 tweets or less. For each day of the 287 days in the sample, up to 500 tweets that

mention either the term ”air pollution” or ”air quality” before 17:00 UTC were down-

loaded. I chose the 17:00 cutoff after collecting a large free sample of tweets between

October 2019 and December 2019 to analyze tweeting behavior about air pollution.

Figure 2.3 shows that the activity is highest in the afternoon hours between 12:30

and 17:00. The majority of tweets are initiated in around the selected time period.

Since requests can only return a maximum of 500 tweets, the distribution of this

initial sample is top censored. For this reason, I narrow down the time interval to

only the last two hours in the collection. If 500 tweets in the two hours (between

15:00 and 17:00) are observed, it is likely that this particular day experienced high

tweeting activity about pollution as compared to a day that has much less than 500

tweets in the same interval. By restricting the sample in this manner I do observe

variation in daily tweeting activity, with less than 500 maximum tweets. The measure

Tc,w is then capturing the variation of the tweeting activity (and therefore salience)

in a week from those daily variations.
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Hour of the day is in UTC time. Average number of tweets is calculated from complete tweets
activity from 10/30/2019 to 12/2/2019. The highest activity is between 12:30 PM and 5:00 PM

Figure 2.3: Average number of tweets about air pollution by hour of the day

These hours are 7:00 am to 9:00 am California time (equivalent to 10:00 am to

noon Eastern time). The total number of tweets in this restricted sample is 29,769

tweets, written by 16,186 unique users.The majority of the sample is essentially tweets

about air pollution written in the East of the United States and in Europe, which are

seen instantly or at a later time in California.

The number of followers in each county in California of each unique user were

also obtained from Twitter. Note that because the list of followers is the most re-

cent and because it is not possible to observe the date a user started following the

author, I could not exclude new followers who may not have seen the tweet back in

2015 because they did not follow the account back then. Nonetheless, I was able to

exclude those who created their accounts after the tweet was written because account

creation date is observed. Location mapping was based on city names to the best
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match using a map interface.

The data is best illustrated on the maps in Figure 2.4. Map (a) in the figure shows

the locations from which tweets in the sample originated. California (highlighted in

red) tweets were excluded. As can be seen, the majority of tweet locations are in the

United States (especially the East of the US due to the restriction on hours observed

in the sample) and Europe. Locations from other parts of the world including south-

east Asia can also be observed. In map (b) I add circles representing the number of

times tweets originating from each location appeared (and perhaps seen by users) in

California. A large yellow circle represents a location of tweets that was more likely

to be seen in California, because many its followers reside there. Although I observe

tweets from parts of the world other than the US and Europe in that time interval,

the authors of these tweets (in small dark dots) are not followed by many users in

California. Finally, in map (c) I include a heat map of the intensity of tweeting in

locations outside California. It can be seen that cities in the East or North East of

the US have the largest intensity. Again, this may be due to the timing in the sample.

However, it could also be due to the interest tweet about air pollution related topics

in those regions.

Summary statistics for the measure of tweets salience are in Table 2.1. The mean

is 13,060 tweets and the standard deviation is 28,377.16. Defensive expenditures

summary statistics are also reported in the table for the 41-week sample, aggregated

at the county-product level. The mean weekly real defensive expenditures (masks and

filters) is $56.7 in 2013 USD. The mean of AQI is around 70 with standard deviation

of 32.41.
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(a) Tweets geographic locations: dots represent locations from which tweets about air
pollution originated in the sample. Tweets from California are excluded from the sample, and the

state of California is highlighted in red.

(b) Tweets Outreach: Salience is calculated as the number of followers who potentially saw a
tweet about air pollution because they follow the author of the tweet. This map shows the

variation in salience of tweets in California by location of tweet authors. Large circles indicate high
number of potential followers that saw the tweet in California. It can be seen that tweets that
originate in the East and Midwest of the United States and Tweets from Europe have a higher

outreach than tweets originating from the rest of the world.

(c) Tweets intensity: this colored heat map represents the geographic intensity of writing about
air pollution on Twitter. The US and Europe have the highest activity in the sample.

Figure 2.4: Location, outreach, and intensity of tweets about air pollution
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2.3.3 Approach 3: Exogenous Media Shocks from Fires

The third and final empirical approach in this paper uses exogenous county level

fire shocks, which increase media coverage of air pollution in the media market where

it occurs. This natural manipulation in media coverage allows to distinguish the

marginal effect of pollution in a week with increased salience of pollution as compared

to a week with no salience. The approach is similar to the one used by Gallagher

(2014) in the context of flood-insurance take-up, because of increased media coverage

about flood in non-flood communities in the same media market.

Fire data were obtained from Cal Fire, which reports details of fires larger than

300 acres. I observe affected locations, start and end of the fire (if it ended). I used

these dates and locations to generate indicators of whether a county was affected

by the fire. I then use these fire-location-week indicators to generate media salience

indicators for counties in the media market where a fire incident happened in at least

one county.

Figure 2.5 describes the mechanism used in this approach. Because I use panel

data, I can observe the same counties repeatedly over a long period of time. Consider

media market A, which has two counties: A.1 and A.2. At time zero, there is no fire

in any county in market A and hence there is no increase in the salience of pollution

caused by fire. In time 1, a large fire occurs in county A.1 only. As a result, all

counties in this media market are treated with increased salience, but not all counties

experience large fires necessarily. Calculating the difference between the effect of air

quality on defensive expenditures between county A.1 in time 1 and the same county

in time 0 (holding everything else constant) provides the effect of fire occurrence and
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media coverage. This captures the salience of pollution. However, to be more conser-

vative, I focus on the difference between A.2 in time 1 and time 0, which measures

the effect of the salience of pollution information in media without experiencing fire

occurrence in the county.

Figure 2.5: Treatments to different counties in different markets.

Using panel data, the effect of salience can be estimated using the following econo-

metric model applied only to counties with no fire occurrence:

Ec,s,p,w = β3AQIc,w

+ γ3AQIc,w ∗ 1[M]c,w

+ λs,p + λw,p + εc,s,p,w

(2.17)

Where Ec,s,p,w is the natural log of the real defensive expenditures on product p

in week w at store s (which is located in county c). AQIc,w is the Air Quality Index

in county c in week w. 1[M]c,w is media salience at the county level, and is a binary

variable. β3 is the marginal effect when there is no increased media coverage (hence,

no pollution salience), and the main interest is in γ3, which is a conservative measure
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of the effect of media salience on defensive expenditures. It is the marginal effect on

expenditures for a given AQI when there is increased pollution salience. The identi-

fying assumption is that weekly variations in media coverage are due to fire incidents

that are random.

Figure 2.6 compares the distribution of AQI under 2 scenarios. Part (a) in the

figure shows the county level variation in AQI in weeks with no fire incidents. It can

be seen that the distribution of AQI when there is media coverage very closely over-

laps with the distribution of AQI when there is no media salience. I observe a wide

variation in AQI levels whether there is media salience or not. The distribution of

the counties in the media market where fire happened is slightly more skewed to the

right, possibly because of the transportation of pollution from the county where fire

happened to adjacent counties if they are downwind. Part (b) shows graphically why

using fire occurrence alone as the indicator of salience may not result in conservative

estimates. Although the distribution of AQI when there is no fire and when there is

fire overlap, the distribution when there is fire is heavily skewed to the right, and it is

significantly more likely to observe higher air pollution when there is fire, and lower

pollution when there is no fire.
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(a) shows that when counties that experience fire are excluded, the distribution of AQI closely
overlaps for counties in the media market where fire happened and where for those in different

markets. (b) shows that the distribution of AQI when there is fire is to the right of the distribution
of counties that did not have a fire incident in the week, even if they are in the same market.

Figure 2.6: Distribution of AQI in the case of fire and no fire.

2.4 Results and Discussion

The first set of results are in Table 2.3. The dependent variable variable in the

table is the natural log of real defensive expenditures (in 2013 USD), and the sets of

results differ by approach, as indicated above column numbers. Columns (1) and (2)

show estimation results using Google search index as a proxy for salience. Column

(1) is a linear regression of expenditures on AQI, without considering salience. It

shows that pollution increases defensive expenditures. In column (2) it can be seen

from the interaction term of AQI and Google search index that salience positively

and significantly affects expenditures. Columns (3) and (4) report estimation results
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obtained from the social media salience (or tweets) approach. The interaction term

in column (4) shows that salience significantly increases the marginal response to

AQI. It should be noted that these results are similar to the results from the Google

search approach in columns (1) and (2) not only in sign, but also in magnitude. The

level of aggregation of the dependent variable is different in the tweets sample, where

it is aggregated at a higher level than the store level. The aggregation, instead of

the product-store-week level, is at the product-county-week level. I include the level

change in dollars from baseline to a 100 units increase in AQI. It can be seen that

the effects in dollar terms are close in magnitude, where a 100 unit increase in AQI

increases expenditures by around 26 dollars in the regression in column (1) and by

around 29 dollars in the regression in column (3). Finally in Table 2.3, columns (5)

and (6) report the results from the “media shocks from fire” approach. The results

are consistent with the first two approaches. The salience variable in column (6)

differs from salience in the previous two approaches in that it is binary. Column (6)

shows that the marginal response to AQI when there is salience, i.e., the sum of the

two coefficients on pollution and pollution interacted with salience in the regression

results, is around 0.6 for a 1000 unit increase in AQI. Thus, a 100 units increase in

AQI increases defensive expenditures by 6% when there is increased salience of pol-

lution. This effect is 5% when there without assuming increased salience of pollution

from baseline.

The AQI in the estimation results in Table 2.3 is a continuous measure of pollution.

Table 2.4 reports results for air pollution specified as a step-function of AQI, allowing

non-linearities in the response of defensive epxenditures to air pollution. I interact

bins of weekly AQI averages with measures of salience. The excluded category in the

regressions in Table 2.4 is the ”Good” or ”Green” group, which represents a good
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Table 2.3: Effect of Salience on Defensive Expenditures

Y = Log Real Expenditures (2013 USD)

Salience = Google Search Salience = Twitter Salience = Fire Media

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

AQI 0.604*** 0.527*** 5.060*** 2.662** 0.533*** 0.492***
(0.144) (0.131) (0.634) (1.014) (0.126) (0.047)

AQI * Salience 0.021*** 0.067*** 0.100**
(0.006) (0.007) (0.047)

Fixed effects:
Store * UPC Yes Yes Yes Yes
Week * UPC Yes Yes Yes Yes Yes Yes
Market Area * UPC Yes Yes

Observations 2,251,131 2,251,131 61,385 61,385 2,046,634 2,046,634
Adjusted R2 0.694 0.695 0.564 0.590 0.696 0.696

Level change from baseline
(for 100 unit increase in AQI) $25.83 $28.7 $22.87

AQI is divided by 1000.
Search Index is Google Trends index for the topic Air Pollution.
Twitter salience is the number of users who follow a user that wrote a tweet about Air Pollution or Air Quality
Standard errors in parentheses, clustered by county-week in (1),(2),(5),and (6), and by Market Area-Week in (3) and (4).
* p < 0.1, ** p < 0.05, *** p < 0.01

unpolluted week, with a weekly average of AQI between 0 and 50.

Three important observations about the effect of AQI and salience on defensive

expenditures can be drawn from this table. First, it can be seen in Table 2.4 that

the salience interactions terms are positive in all categories. This suggests that indi-

viduals respond to pollution salience. Holding AQI category constant, purchases of

pollution masks and air-filters are higher when pollution is more salient. Secondly,

it can also be seen that this effect is higher in higher pollution bins. Salience has a

greater effect on individual decisions to purchase defensive goods in a very polluted

week than in a moderately polluted week. This likely reflects the fact that demand

for defensive expenditures is low when air quality is high, but pollution is not salient.

Thirdly, it can be seen that the marginal response to AQI is also non-linear. The

effect is marginally higher in more polluted weeks. This appears in all columns for all

bins, except the highest bin in columns (3) and (4) where the results from the tweets
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Table 2.4: Effect of Salience on Defensive Expenditures (by Bins of AQI)

Y = Log Real Expenditures (2013 USD)

Salience = Google Search Salience = Twitter Salience = Fire Media

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

AQI Bin

51 to 100 (≈Yellow) 0.008*** 0.006** 0.173*** 0.084** 0.007*** 0.007*
(0.003) (0.003) (0.032) (0.033) (0.003) (0.004)

101 to 150 (≈Orange) 0.032*** 0.025*** 0.406*** 0.279*** 0.028*** 0.023***
(0.008) (0.008) (0.083) (0.040) (0.007) (0.007)

151 to 200 (≈Red) 0.057*** 0.036*** 0.453*** 0.299*** 0.047*** 0.035***
(0.016) (0.011) (0.055) (0.080) (0.012) (0.013)

201 to 500 (≈Purple or Maroon) 0.131*** 0.049*** -0.254*** -0.318*** 0.374*** 0.041
(0.039) (0.010) (0.081) (0.101) (0.051) (0.036)

AQI Bin x Search Index

51 to 100 (≈Yellow) 0.001 0.009*** 0.002
(0.000) (0.001) (0.003)

101 to 150 (≈Orange) 0.002** 0.007*** 0.015**
(0.001) (0.001) (0.006)

151 to 200 (≈Red) 0.008*** 0.008** 0.028*
(0.003) (0.001) (0.017)

201 to 500 (≈Purple or Maroon) 0.024*** 0.332 0.365***
(0.003) (0.460) (0.046)

Fixed effects:
Store * UPC Yes Yes Yes Yes
Week * UPC Yes Yes Yes Yes Yes Yes
Market Area * UPC Yes Yes

Observations 2,251,095 2,251,095 61,385 61,385 2,046,598 2,046,598
Adjusted R2 0.694 0.695 0.561 0.594 0.696 0.696

Search Index is Google Trends index for the topic Air Pollution.
Twitter salience is the number of users who follow a user that wrote a tweet about Air Pollution or Air Quality
Standard errors in parentheses, clustered by county-week in (1),(2),(5),and (6), and by Market Area-Week in (3) and (4).
* p < 0.1, ** p < 0.05, *** p < 0.01

approach are reported. The coefficient for the most polluted category is negative in

the small sample. One explanation for this difference could be that in this small 41-

week sample (in which I sampled at least as many heavily polluted days as unpolluted

days) there were evacuations because of fires. The majority of weeks in the sample

do contain wildfire episodes at some location. The analysis in this approach relied on

cross sectional variation in pollution and salience. The negative sign might also be

explained by stores closing during fires and high pollution, or households deciding to

stay home on heavily polluted days. The results in columns (1), (2), (5), and (6) are

obtained using the full 10-year sample, in which more occurrences of high pollution

were observed, and not all polluted weeks observations were necessarily due to fire
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incidents at the county.

The results are robust to different specifications of the salience measure and to

different measures of air pollution. Table 2.5 reports the results when air quality is

measured by particulate matter concentrations instead of AQI. The salience of PM10

and PM2.5 increases the marginal response on expenditures. The salience of PM2.5

proportionally increases defensive expenditures more than the salience of PM10. Com-

paring columns (6) and (12), the salience of PM10 increases defensive expenditures by

40% from baseline, whereas the salience of PM2.5 increases expenditures by around 7

times. This may be due to the invisibility of PM2.5 pollution as compared to PM10,

which can be seen in the form of smoke particles in air. Air pollution may be more

salient when it is visible, yielding less variation in salience than is measured by the

salience proxies.

I also find the results from the small sample estimation using tweets as a measure

of salience to be robust. One possible threat to identification that I highlighted in

the Section 2.3 is that this sample may contain tweets written by someone outside

California, but were written about (and because) of a fire or a high pollution incident

in California. I show in three ways that this is not a concern. First, if the effect of

salience I find in the main results is due to tweets about fires in California, I would

expect the salience effect to only be significant when pollution is very high, due to

fires. It can be seen, however, from the interaction coefficients in Table 2.4, column

(4), that salience also marginally increases expenditures when pollution is not very

high. Further, I do two robustness checks. In Table 2.6, column (1) reports the main

results, and in column (2) I add fire incidents at the county level as a control variable,

which appears to be insignificant. In columns (3) and (4) in the same table, I repeat
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Table 2.5: Effect of Salience on Defensive Expenditures - Using Particulate Matter
Measures

Y = Log Real Expenditures (2013 USD)

Salience = Google Search Salience = Twitter Salience = Fire Media

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

PM10 0.00106*** 0.00081*** 0.00167 0.00097 0.00089*** 0.00074***
(0.00022) (0.00019) (0.00178) (0.00144) (0.00021) (0.00017)

PM10 * Salience 0.00003** 0.00023*** 0.00030**
(0.00001) (0.00003) (0.00011)

Fixed effects:
Store * UPC Yes Yes Yes Yes
Week * UPC Yes Yes Yes Yes Yes Yes
Market Area * UPC Yes Yes

Observations 2,120,638 2,120,638 55,494 55,494 1,924,724 1,924,724
Adjusted R2 0.694 0.694 0.555 0.591 0.698 0.698

Y = Log Real Expenditures (2013 USD)

Salience = Google Search Salience = Twitter Salience = Fire Media

(7) (8) (9) (10) (11) (12)

PM2.5 0.00105* 0.00027 0.00071 -0.00282** 0.00035 0.00012
(0.00055) (0.00042) (0.00412) (0.00113) (0.00037) (0.00033)

PM2.5 * Salience 0.00007*** 0.00071*** 0.00082***
(0.00002) (0.00004) (0.00028)

Fixed effects:
Store * UPC Yes Yes Yes Yes
Week * UPC Yes Yes Yes Yes Yes Yes
Market Area * UPC Yes Yes

Observations 2,207,133 2,207,133 60,043 60,043 2,004,826 2,004,826
Adjusted R2 0.694 0.694 0.553 0.591 0.696 0.696

Search Index is Google Trends index for the topic Air Pollution.
Twitter salience is the number of users who follow a user that wrote a tweet about Air Pollution or Air Quality
Standard errors in parentheses, clustered by county-week in (1),(2),(5),(6),(7),(8),(11),(12)
and by Market Area-Week in (3),(4),(9),and(10).
* p < 0.1, ** p < 0.05, *** p < 0.01

the analysis on a restricted sample where I exclude, to the best of my ability, the

tweets about large wildfires in California. The excluded tweets are tweets that men-

tioned large fires in 2015 and 2016 by name, or included hashtags about California

fires. I find that the results still hold.4

4In another attempt to check robustness, I tried to drop the weeks in which any fire occurred at
any location in California, however, this check was not possible in the 41-week sample. In the
small sample estimation I relied on cross sectional variation in AQI and salience. The majority of
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Table 2.6: Social Media Results Robustness

Y = Log Real Expenditures (2013 USD)

Complete Sample Restricted Sample

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

AQI 2.662** 2.683** 2.621** 2.652**
(1.014) (0.950) (1.027) (0.958)

AQI * Social Media Salience 0.067*** 0.067*** 0.070*** 0.070***
(0.007) (0.007) (0.006) (0.007)

Fire -0.000 -0.004
(0.040) (0.043)

Fixed effects:
Week * UPC Yes Yes Yes Yes
Market Area * UPC Yes Yes Yes Yes

Observations 61,385 60,132 61,385 60,132
Adjusted R2 0.590 0.594 0.590 0.594

Restricted sample excludes tweets that mention California wildfires.
AQI is divided by 1000.
Twitter salience is the number of users who follow a user that wrote a tweet
about Air Pollution or Air Quality.
Standard errors in parentheses, clustered by Market Area-Week
* p < 0.1, ** p < 0.05, *** p < 0.01

The estimate of the inattention parameter from equation 2.12 is reported in Ta-

ble 2.7. I use the results from the third estimation method which uses fires as a binary

variable, to estimate the inattention parameter. The reason is that with the binary

variable it is straight forward to calculate the marginal response in the case with and

without an increase in pollution salience. The other two approaches use continuous

measures that imply and increase in pollution salience and the comparison can only

be made with assumptions in the level of equivalent salience. Standard errors where

the 41 weeks contained counties with fire incidents and counties without fire incidents, which was
the source of variation in AQI.
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derived for θ̂ using the delta method. The coefficient is 0.2 and positively significant,

with a p-value of 0.055. The interpretation is that, on average, consumers are 20%

inattentive to AQI (and 80% attentive).

Table 2.7: Inattention parameter estimation

Coef. Std. Err. z P-Value 95% Conf. Int.

θ̂ 0.202 0.105 1.92 0.055 -0.005 0.410

I do a back of the envelope calculation based on this sample only, which is com-

prised of over 3000 stores in California, and find that a 100 unit increase in the weekly

average AQI costs California at least $40,169.2 per week when limited attention is

adjusted for. This is 20% less ($33,383.86) without accounting for inattention. This

estimate is likely underestimated because while the Nielsen data contains the major-

ity of the large retail chains, these items may be found at other stores not in the data.

The precise market share is not known. The magnitude of these estimated pollution

costs is comparable to those of Zhang and Mu (2016), who estimate that the daily

cost of a 100-unit increase in AQI in all cities in China to be $80,247.

2.5 Conclusion

Estimating the marginal willingness to pay to reduce air pollution using defensive

expenditures is a topic of interest in the environmental economics literature. Studies

provide robust evidence that higher pollution causes defensive expenditures on prod-

ucts like masks and air-filters to increase. Such marginal effects have been widely

used to estimate lower bounds on willingness to pay measures for air pollution reduc-
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tion. Studies also show that these willingness to pay measures are undervalued when

the researcher assumes that (accurate) information about air pollution is available

to the consumer, a case that may not apply in all countries. In this paper, I show

an empirical causal evidence that even in the case when accurate and reliable pollu-

tion information is widely available, individuals have limited attention to pollution.

Inattention causes sub-optimal response. The willingness to pay is also undervalued

when there is inattention to available information.

Air quality information in the US and the Air Quality Index have been available

publicly for decades. High quality and detailed information about AQI have been

accessible at low costs on government websites and other private platforms. Individ-

uals, however, may not prioritize all available information equally in their decisions.

Evidence in the behavioral economics literature suggest that the characteristics that

are “top of mind” dominate decisions, and characteristics that are not salient can be

overlooked due to our limited attention.

A rich panel data set of purchases at the product-store-week level in California

was used in this paper and the results were estimated using three approaches that

identify exogenous variation in the salience of pollution. In the first approach, I used

internet search data from Google as a proxy for salience to estimate the effect of an

increase in salience on defensive expenditures. In the second approach, I used a novel

method to construct exogenous appearance of tweets about air pollution to Twitter

users in California. A measure of salience was constructed as the number of times

pollution related tweets were seen in Californian counties. Tweets originated from

outside California, and were not correlated with local variables. The results show

that the increase in the number of tweets seen about air pollution increase defensive
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expenditures significantly, holding AQI constant. In the third approach, I used fires

to determine exogenous shocks to local media markets, and compared the effect on

defensive expenditures in counties that experienced pollution salience shocks in the

media to those that did not. The results are robust across the three approaches and

to alternative measures of pollution. A behavioral model of limited attention was

used to estimate the explain the limited attention bias in the context of air pollution

and to estimate it. The results show that the response to air pollution is 20% higher

when we account for inattention. Individuals on average are only 80% attentive to

the AQI. By simple back of the envelope calculations, I show that a 100-unit increase

in the weekly average of AQI costs California residents around forty thousand US

dollars per week at least when pollution is salient.

The paper makes three major contributions to the literature. First, it provides

evidence of limited attention to air pollution in a setting of widely available pollu-

tion information. Second, it identifies a bias in estimates of willingness to pay for

non-marketed goods that rely on inferences from averting behavior. Such studies are

estimated to understate these valuations by 20% Third, this paper reports estimates

of the defensive expenditure response to air pollution in a developed country setting,

and particularly in California.
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Chapter 3

Air Pollution and Averting

Behavior Disparities: Evidence

from NYC Transportation

3.1 Introduction

Individuals often take short-term defensive actions that can lower their direct

exposure to poor air quality. The environmental economics literature documents evi-

dence that people adjust their daily activities to avoid pollution exposure when there

is information about risks (Bresnahan et al., 1997; Neidell, 2009; Zivin and Neidell,

2009; Sexton, 2012; Ward and Beatty, 2016). Saberian et al. (2017) show that air

pollution alerts reduce outdoor cycling in Australia. Demands for air-filtering masks

and indoor air purifiers increase with deteriorating air quality in China (Zhang and

Mu, 2016; Ito and Zhang, 2020).
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To the extent modes of transportation are associated with heterogeneous expo-

sures to ambient conditions, then mode choices may be among the suite of averting

behaviors individuals consider in response to risks of air pollution exposure. A rich

economics literature has documented how transportation mode choices vary accord-

ing to their traits such as cost or duration (Train, 1980; Arnott, 2001; Small et al.,

2007; Small, 2013). Transportation modes also vary according to exposure to ambient

conditions. Commuters choice is affected by expected delays and congestion (Noland,

1997; Sexton, 2012; Anderson, 2014). Similarly, it is likely that individuals seek to

avoid exposure to ambient conditions when air quality is poor. Therefore, taxi de-

mand should rise and bike demand should fall. This paper tests that hypothesis.

This paper also considers whether demand for taxi trips increases more in wealthy

neighborhoods than in poor neighborhoods, as would be expected if rich commuters

are more likely than poor commuters to substitute toward low-exposure transit modes.

This would imply heterogeneous commute exposure to air pollution across income

groups, consistent with broader findings in a burgeoning environmental justice litera-

ture (Mohai et al., 2009; Banzhaf et al., 2019a,b). Low income populations are shown

to be more exposed to cancerous ambient air pollution (Morello-Frosch and Jesdale,

2006; Collins et al., 2015; Clark et al., 2017; Rosofsky et al., 2018). Disadvantaged so-

cioeconomic groups also perceive pollution risks differently (Burby and Strong, 1997).

Employing rich data on taxi and bicycle trips in New York City from 2013 to

2016, and exploiting random variation in air quality conditional on time fixed effects

and weather controls, I estimate that air quality has a statistically significant effect

on bicycle and taxi demand. A standard deviation increase in PM2.5 reduces daily

bike trips on average by around 8%, while it increases daily short taxi trips by around
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8%. Furthermore, my analysis of taxi ridership data shows that this marginal effect

is increasing in income; higher income groups take more short taxi trips in percentage

terms when air quality deteriorates than lower income groups do. This inequality in

averting behavior may have implications for policy that seeks to address inequality

in environmental burden.

With an estimated population of over 8 million, NYC provides a suitable setting

to study these effects. The city faces significant threats from air pollution, but has

ambitious plans to achieve the cleanest air quality of any big city in the US by 2030

(NYC Environmental Protection). A 2011 report estimated that the city suffers from

3000 premature deaths every year from air particulate matters (PM2.5), more than

2000 hospitalization cases and around 6000 emergency visits for asthma (Kheirbek,

Wheeler, Walters, Pezeshki, Kass, and Matte, 2011). These large numbers, reported

by the city, raise the risk awareness levels among its residents. The city is also home

to a wide range of transportation alternatives, including high usage of taxi cabs, sub-

ways, bicycles and others. Moreover, there is a noticeable heterogeneity in income,

poverty rates, crime rates and socioeconomic status across the five boroughs of the

city.

This paper contributes to the literatures on averting behavior, transportation

mode choice, and environmental justice by document another dimension by which

agents seek to avoid pollution damages, another transportation mode attribute over

which choices are made, and another setting in which environmental harms are dis-

proportionately borne by low-income populations. by adding evidence of the direct

effect of air pollution on behaviors and averting practices, and extending this evidence

to address the inequality of air pollution burden.
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This paper proceeds as follows. Section 3.2 discusses the effect of air pollution

on human health and behavior, provides information about the measurements of pol-

lution, and establishes the framework and hypotheses in the transportation setting.

Section 3.3 describes empirical methods and Section 3.4 describes the data sets em-

ployed in the analysis. Sections 3.5 discusses the estimation results. Section 3.6

demonstrates the robustness of results to alternative measures and falsification. Sec-

tion 3.7 concludes.

3.2 Air Pollution, Socioeconomic Groups, and

Choice of Transportation Mode

The environmental economics literature documents numerous adverse health ef-

fects from exposure to air pollution. It causes cardiovascular and respiratory diseases

(Pope III et al., 2002; Vedal et al., 2013) and contributes to infant and premature

mortality (Greenstone and Hanna, 2014; Currie et al., 2014; Lelieveld et al., 2015;

Arceo et al., 2016; Heutel and Ruhm, 2016). Air pollution also impairs labor produc-

tivity, human capital formation, and athletic performance (Zivin and Neidell, 2012;

Lavy et al., 2014; Chang et al., 2016; Liu and Salvo, 2018; He et al., 2019; Lichter

et al., 2017; Mullins, 2018).

Air particulate matter (PM) pollution is caused by extremely small mixtures of

liquid and solid particles in the air. These breathable particulates exist in differ-

ent sizes and their effects on human health are related to multiple factors. Two of

these factors are their size and the physical activity of the exposed individuals. In
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this study, I focus on particulate matters of diameters less than or equal to 2.5 mi-

crograms (PM2.5), which are extremely small and can enter the bloodstream shortly

after inhalation and more easily than PMs of larger sizes. The penetration of PMs

to the bloodstream is also related to the physical effort that the person exerts while

being exposed. A person who is running or biking, for example, is more exposed than

a person who is walking.1

Transportation alternatives differ in multiple factors, such as convenience, speed,

cost, and exerted physical effort. A bicycle trip for example could be slower than

riding a taxi and requires more effort on the part of the traveler, nonetheless cheaper

and healthier. A number of surveys in the health literature suggest a negative corre-

lation between air pollution and the use of transportation modes that involve physical

effort (Yu et al., 2017; Yu et al., 2017).

Heterogeneity in averting behavior or defensive expenditures among different in-

come groups may also exist. The main objective in this paper is understand how

individuals in different income groups, in an urban environment, react to air pollu-

tion when they are choosing between alternative transportation modes. Variation in

air pollution may cause the utility from alternative transportation modes to change

from day to day and induce mode-switching among some individuals. These changes

likely differ by economic status.

In this paper, I first tests the hypothesis that modes exposing the traveler to

ambient air are less desirable when air quality is low. If so, biking trips decrease

1An ongoing project at Columbia University asks participants to wear monitors to measure the
inhaled air pollution in NYC and its variation while biking or exerting less effort. See http:

//www.columbia.edu/cu/bike/ .
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when air quality is low, and taxi trips increase increase. Because of the wide range

of transportation alternatives in NYC, this hypothesis does not necessarily imply a

switching behavior. A person that usually walks, or bikes, for a few blocks, if air

quality is good, may not necessarily switch to taxi as air quality deteriorates. He or

she could use the subway or delay the trip to another day. I, then, proceed by showing

that the marginal effect of air pollution on transportation mode is heterogeneous

among income groups.

3.3 Empirical Strategy

I identify the effect of air pollution on bike and taxi ridership using the following

reduced form model, estimated by Two-Stage least squares:

Log Tripsit = β1PM2.5t + λWt + δit + εit (3.1)

Where Log Tripsit is the log of number of trips that leave from location i in period

t. PM2.5t is a measure of average air pollution using averaged particles of diameter

less than 2.5 micrometers that varies by time only. The parameter of interest, β1,

is the marginal effect of air pollution on trips. Wt is a vector of weather variables

that affect ridership, including temperature, precipitation, snow, wind, humidity, and

visibility. The distribution of taxi and bike trips by time and location. I use δit as

a vector of location and time fixed effects to control for these variations. My spec-

ification uses weekend and year-month-location fixed effects. To test the inequality

hypothesis, I divide areas into income quartiles according to their poverty levels and

estimate the effect for each quartile in a separate regression. The assumption in this

setting is that taxi passengers who start a trip from a certain area are residents of

the same area, and therefore their poverty level is that of the area. However, since
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this assumption does not necessarily hold, measurement bias may exist.

As air pollution may be endogenous to transit mode choice, e.g., because trans-

portation modes may affect pollution just as pollution may affect transportation mode

choices, I use an instrumental variable approach. Recent studies in the environmental

economics literature use thermal inversions to instrument for pollution (Heutel and

Ruhm, 2016; Liu and Salvo, 2018). The temperature inversion phenomenon happens

when the negative relationship between altitude and temperature is reversed. In a

normal relationship, the temperature at higher altitudes from the earth’s surface is

lower than the temperature at surface. An inversion to this relationship can happen

when the air near surface level cools down, but mass of warmer air remains on higher

altitude. The layer of warmer air acts like a temporary block to particulate matter

and other pollutants, preventing them from vertically escaping to higher altitudes.

The relevance of the thermal inversion instrument to air pollution is that the pollution

stock is higher on days that experience this phenomenon. The exclusion restriction

is that, while thermal inversion increases pollution, it does not directly affect the de-

cision to ride a bike or taxi as it is merely noticeable near surface. Note that thermal

inversion is correlated with some weather variables near surface which are controlled

for. One concern, in particular, is the level of visibility as it could be reduced near

surface when temperature inversion takes place and affects bike ridership. I control

for visibility in both specifications.
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3.4 Data and Summary Statistics

3.4.1 Citi Bike Data

I obtain historical Citi Bike ridership data between August 2013 to December 2016

for New York City (Citi Bike, 2017). Citi Bike is the largest bike share program in

NYC. It began in 2013 and grew to more than 600 bike share stations in 2017. Bikes

are rented from and returned to one of these stations. For each trip, I observe the trip

start time and end I calculate and the number of daily trips that depart from each

station. The observed stations are 766, and are located in three boroughs of NYC

(Manhattan, Queens and Brooklyn). It is possible for stations and bike availability

to change overtime. Citi Bike optimizes its operations, using methods to ensure avail-

ability of bikes at stations where and when they expect demand (Chung et al., 2018;

Freund et al., 2019). The locations of stations can also change (and do change in the

period used in this paper). I therefore use location and time fixed effect interactions

to control for this possibility. Figure 3.1 shows these stations on the map. Since the

stations are mainly located in high income areas (see and Figure 3.4), I do not analyze

the heterogeneity in the effect of air pollution between income groups for bikes.

Citi Bike users are classified to customers and subscribers. During the time frame

used in the study, renters could either buy an annual subscription for $163, or short-

term rental passes valid for either a single day ($12), or 3 days ($24). Hereafter,

annual pass holders are referred to as subscribers and short-term users as customers.

Customers are typically tourists, while subscribers are residents. Customers can have

unlimited 30-minute rides until their pass expires, while subscribers have unlimited

45-minute rides. It is interesting to analyze both types of users due to the difference
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Figure 3.1: Citi Bike stations in NYC

in their use patterns. Figure 3.2 shows the difference in hourly distribution of usage

between customers and subscribers. It can be seen from the figure that the biking

schedule for customers, who are mostly tourists, is different from annual subscribers

who may include work commuters. In weekdays, subscribers usage peaks in the morn-

ing period around 8 and 9 am, slows down during the day, and peaks again in the

evening. This suggests users in this group may use bikes for their work commute, ei-

ther for the whole commute or as a way to get to another form of transportation such

as a subway station. On weekends, the subscribers schedule is single peaked in the

afternoon time. The schedule of customers use is single peaked in the afternoon time

irrespective of the day of the week, suggesting leisure bike trips2. These differences

in biking profiles are interesting as subscribers profiles may represent work commutes

2The effect on bicycle use for outdoor recreation has been studied in the context of climate change
(Chan and Wichman, 2018)
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and customer profiles may represent leisure or recreational use. I report the results

for both type of users in the results section.

3.4.2 Taxi and Socioeconomic Data

Taxi ridership data between August 2013 to May 2016 was obtained from the Taxi

and Limousine Commission (TLC) of NYC (NYC TLC). It includes observations on

the time and location of trip start and end for all trips in the city. Individual trips

are identified by either a standard rate, or a special rate if they are to one of three

airports in the vicinity of NYC. I observe trips by the iconic yellow taxis that operate

throughout the city and enjoys dominant market share. I also observe trips made by

green taxis that were introduced in 2013 to address scarcity of taxi service outside

lower Manhattan, especially northern boroughs. A Green taxi cannot obtain fares

from lower Manhattan or airports, though it can deliver fares to any location in the

city. Taxi data re available from .

I observe the departure and end GPS locations for each trip, and calculate the

number of trips that depart from each Public Use Microdata Area (PUMA). PUMAs

are statistical geographic areas that contain at least 100,000 people. There are 55

PUMAs in the city of New York. Socioeconomic statistics are available for all PUMAs

in the US from the Census Bureau. I obtain poverty levels data for each PUMA in

NYC, based on the 2011-2015 American Community Survey 5-Year Estimates (U.S.

Census Bureau). The survey reports population estimates in these areas, and the

percentage of population that falls below the poverty line. Figure 3.3 shows these ar-

eas on the map of NYC and the average number of taxi trips at each area. Figure 3.4

shows poverty levels in each area. Because I observe taxi trips in all PUMAs, I esti-
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(a)

(b)

Figure 3.2: Distribution of bike trips by hour for subscribers and non-subscribers

mate the heterogeneity in the effect between income groups. This was not possible for

bike trips because bike stations are concentrated in high income areas (see Figure 3.1).
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The average percentage of poor households is 21% for the 55 PUMAs. I construct

quartiles of poverty from the collected data, where a PUMA is in Q1 if the percentage

of its poor households is less than 13.65%, in Q2 if the percentage of its poor house-

holds is between 13.65% and 19.8%, in Q3 if the percentage of its poor households is

between 19.8% and 28.55%, and in Q4 if more than 28.55% are poor households.

In the main results of the effect on taxi trips, I use the daily count of taxi trips

that last up to 10 minutes in each PUMA. The choice of the 10 minute length is

because of the interest in short trips. The mechanism behind the main hypothesis

in this paper is that individuals may make the decision to take a taxi trip to reduce

pollution exposure or because of not feeling to walk or bike. I therefore expect this

to affect short trips which substitute bike trips or walks. The average of length of

trips in this sample is less than 14 minutes, and the distribution is heavily skewed

towards 7 to 10 minutes. I chose 10 minutes as an arbitrary measure of below aver-

age trip length, but also show robustness to other measures of length in the appendix.

3.4.3 Pollution and Weather Data

The pollution measure used in the main analysis is PM2.5. Observations on av-

erage daily PM2.5 levels in NYC are obtained from the US EPA (EPA AirData). A

single daily pollution measure is calculated as the average daily reports of 9 distinct

air pollution monitors in the city. Air Quality Index (AQI) and ozone data were also

obtained from the same source, and averaged analogous to PM2.5.
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Figure 3.3: Average number of taxi trips in each PUMA.
(Standard rate trips of yellow and green taxis of less than 60-minute duration and

do not include trips to airports)

Figure 3.5 shows the locations of the 9 pollution monitors3. Historical observa-

tions on precipitation, temperature, snow, humidity, and, wind are obtained from the

National Oceanic and Atmospheric Administration (NOAA) (Local Climatological

Data). Readings from a single monitor located in Central Park, Manhattan, were

used. Although there were other monitors in the city, their weather readings were

highly correlated. Weather variables are included in the estimation model in order to

deconfound air pollution and weather.

3In previous analyses, I matched each observation to the closest pollution monitor in a more
sophisticated manner to allow pollution to vary across locations, but results were not affected
and I had concerns with this more complicated approach. While I observe trips that leave from a
specific locations, the overall daily pollution exposure, which is related to their presence in other
locations, is not observed. The simple daily average of the whole city may, therefore, be a better
measure of overall daily exposure. Figure A.1 that the temporal readings and variation of each
monitor is highly correlated. Also, Figure A.2a shows that the distributions of each monitor are
closely related. Figure A.2b shows the distribution of the averaged measure that I construct for
the analysis.
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Figure 3.4: Percentage of population with income below city poverty line in each
PUMA.

Temperature inversions, used to instrument for air pollution levels, are calculated

from NOAA’s Integrated Global Radiosonde Archive (IGRA). The data consist of

temperatures evaluated at different altitudes and pressure points from the closest

NOAA’s facility in Upton, (Long Island) New York. The thermal inversion variable

is constructed as a dummy variable from the temperature readings at different alti-

tudes from this NOAA station. It is the only station in operation in the period of

this study near NYC that reports such information. Data is collected twice a day,

once near midnight and once near noon. I compare the temperature at 20 meters

height with temperature at higher altitude that coincides with the 1000 millibars

(mb) pressure point. A day observation is considered to experience inversion if at

least one time during the day the temperature at the altitude where pressure is 1000
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Figure 3.5: Pollution Monitors in the 5 boroughs of NYC.

mb is warmer than the temperature reported at 20 meters altitude.

To summarize, Table 3.1 present summary statistics for the data used in the esti-

mation on bike and taxi trips. The daily PM2.5 average in the study period is 8 and

the standard deviation is around 5. The EPA national standard for this variable is

15. The maximum observation in the data is around 31, which is considered unsafe

as per the EPA standards.
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Table 3.1: Summary Statistics

Estimation of Effect on Bike Trips
Variable N mean sd min max
All Trips 451,344 81.53 91.60 1 2,505
Subscribers Trips 451,344 72.49 83.35 0 2,364
Non-Subscribers Trips 451,344 8.93 17.52 0 915
Day Average PM2.5 436,221 7.88 4.56 1.1 30.71
AQI 451,344 60.28 23.72 21 187
Ozone 451,344 0.02 0.01 0.001 0.06
Day Max Temperature 451,344 65.06 18.30 15 97
Day Precipitation 451,344 0.12 .32 0 4.97
Snow 451,344 0.08 0.62 0 11
Humidity 451,344 63.73 13.18 29.22 94.64
Wind 446,179 5.21 2.30 0.67 14.54
Visibility 440,330 8.73 1.86 2.02 10
Inversion 451,344 0.66 0.47 0 1
Daily trips are from 5 am to 4:59 am with duration of less than 60 minutes.

The period covered is from 8/1/2013 to 12/31/2016.

Estimation of Effect on Taxi Trips
Variable N mean sd min max
Standard Trips < 10 Min 57272 3728.799 10399.83 0 90133
Standard Trips < 20 Min 57272 6561.805 18284.53 0 151191
Standard Trips < 30 Min 57272 7534.409 20737.54 0 168753
All Standard Trips 57272 7898.337 21518.64 0 174334
Airport Trips Departing from City 57272 129.6194 529.161 0 6719
PM2.5 55241 8.170537 4.760046 1.1 30.7125
AQI 57272 59.76757 22.51592 21 187
Ozone 57272 .0245484 .0111403 .0009265 .0637294
Temperature 57272 62.0074 18.63785 15 97
Precipitation 57272 .1243248 .3777464 0 4.97
Snow 57272 .1311653 1.103685 0 27.3
Humidity 57272 63.77046 13.63138 29.22187 94.64584
Wind 56840 5.403167 2.324774 .67 15.66
Visibility 55935 8.749701 1.958196 .665 10
Temperature inversion 57272 .6553115 .4752707 0 1
Daily trips are from 5 am to 4:59 am.

The period covered is from 8/1/2013 to 5/31/2016.
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3.5 Results and Discussion

Table 3.2 presents the results of regression (3.1) for bike trips. Columns (1), (2),

and (3) in the table use different fixed effects but all show that an increase PM2.5

decreases bike ridership significantly. My preferred fixed effect specification is col-

umn (3), which uses year-month-station fixed effects to eliminate specific time and

station trends and their possible effect on ridership. The results are estimated us-

ing an instrumental variable approach, with temperature inversion as the instrument.

Table 3.3 shows the first stage for the regressions in Table 3.2. The temperature inver-

sion instrument provides a strong first stage, with high positive and significant effect

on pollution. The coefficient in Table 3.2 column (3) indicates that a unit increase in

PM2.5 reduces bike trips on average by 1.8%. A standard deviation increase in PM2.5

reduces station trips on average by around 8.2%, which translates into a reduction of

around 7 bike rides per day per station. Note, however, that the interpretation of a

standard deviation increase needs to be taken cautiously because the pollution-trip

relationship may be nonlinear.

Columns (4) and (5) in Table 3.2, present the results of the preferred regression

for non-subscribers (mostly tourists) and annual subscribers (mostly residents). The

response of non-subscribers to pollution is higher in magnitude than subscribers, who

may better represent commuters from their bike-use profiles. Non-subscribers re-

duce their bike-use by 2.2% for a unit increase in PM2.5, while subscribers reduce it

by 1.6%. The relatively greater responsiveness of non-subscribers indicates that the

marginal elasticity of demand for bike use with respect to air pollution is smaller for

more essential travel (such as work commute) than that of leisure.
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Table 3.2: Bike ridership results: effect of Pollution on daily bike trips

Log Bike Trips Log Bike Trips Log Bike Trips Log Bike Trips

Subscribers Customers
(1) (2) (3) (4) (5) (6) (7)

P̂M2.5 -0.027*** -0.018*** -0.018*** -0.016*** -0.022***
(0.001) (0.001) (0.001) (0.001) (0.003)

AQI -0.003***
(0.000)

Ozone -18.794***
(1.249)

Precipitation -0.422*** -0.392*** -0.393*** -0.378*** -0.341*** -0.364*** -0.351***
(0.006) (0.005) (0.005) (0.005) (0.013) (0.004) (0.004)

Humidity -0.003*** -0.004*** -0.004*** -0.004*** -0.005*** -0.004*** -0.008***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Wind -0.039*** -0.030*** -0.030*** -0.026*** -0.041*** -0.025*** 0.001
(0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001)

Visibility -0.001 0.008*** 0.008*** 0.005*** 0.020*** 0.019*** 0.022***
(0.001) (0.001) (0.001) (0.001) (0.003) (0.001) (0.001)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes Yes Yes
Year Yes
month Yes
Year-Month Yes
Weekend Yes Yes Yes Yes Yes Yes Yes
Station Yes Yes
Year-Month-Station Yes Yes Yes Yes Yes

Observations 424,189 424,189 423,759 423,467 319,902 438,109 438,109
Adjusted R2 0.81 0.84 0.87 0.86 0.70 0.87 0.86

Standard errors in parentheses, clustered by station. Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01

Table 3.4 shows the results of the preferred specification for taxi trips, which uses

year-month-area fixed effects, and Table 3.5 reports the first stage of the IV regres-

sions. In contrast to the reduction in bike ridership, short taxi trips (of 10 minutes

or less) significantly increase on average due to higher PM2.5, as shown in column (5)

of Table 3.4. This increase, however, is unequal among different income groups. The

percentage increase in trips is decreasing in poverty rates, as shown in columns (1) to

(4), where Q1 represents the richest areas and Q4 represents the poorest. This result

is illustrated in Figure 3.6, which also shows the 95% confidence interval. The figure

shows the effects for a unit increase in PM2.5. A standard deviation increase in PM2.5

increases short taxi trips by around 13% for areas in the highest income quartile, 9%
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Table 3.3: First stage for bike Ridership main results

PM2.5 PM2.5 AQI Ozone

Subscribers Customers
(1) (2) (3) (4) (5) (6) (7)

Inversion 1.088*** 1.000*** 1.002*** 1.001*** 0.922*** 7.039*** 0.001***
(0.002) (0.002) (0.002) (0.002) (0.007) (0.018) (0.000)

Precipitation -3.284*** -3.141*** -3.138*** -3.141*** -3.774*** -10.462*** -0.001***
(0.015) (0.015) (0.015) (0.015) (0.026) (0.069) (0.000)

Humidity 0.005*** 0.000 0.000 0.000 -0.006*** -0.070*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.000)

Wind -0.619*** -0.577*** -0.577*** -0.577*** -0.535*** -1.924*** 0.001***
(0.002) (0.002) (0.002) (0.002) (0.003) (0.005) (0.000)

Visibility -1.013*** -0.981*** -0.981*** -0.981*** -1.088*** -2.925*** -0.000***
(0.004) (0.004) (0.004) (0.004) (0.006) (0.018) (0.000)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes Yes Yes
Year Yes
month Yes
Year-Month Yes
Weekend Yes Yes Yes Yes Yes Yes Yes
Station Yes Yes
Year-Month-Station Yes Yes Yes Yes Yes

Observations 424,189 424,189 423,759 423,467 319,902 438,109 438,109
Adjusted R2 0.81 0.84 0.87 0.86 0.70 0.87 0.86

Standard errors in parentheses, clustered by station. Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01
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for the second quartile areas. The effect on the third and fourth poverty quartiles is

around 4%, but not statistically significant at the 5% level.

Table 3.4: Effect of PM2.5 on daily taxi trips of duration ≤ 10 minutes

Using Temperature Inversion IV

Log 10-min trips

(1) (2) (3) (4) (5)
Q1 Q2 Q3 Q4 Overall

P̂M2.5 0.028*** 0.019** 0.009 0.009* 0.016***
(0.008) (0.009) (0.008) (0.004) (0.004)

Precipitation -0.138*** -0.100*** -0.136*** -0.160*** -0.133***
(0.022) (0.025) (0.017) (0.017) (0.011)

Humidity -0.001 -0.001*** -0.001 -0.002*** -0.001***
(0.001) (0.000) (0.000) (0.000) (0.000)

Wind 0.019*** 0.018** 0.012** 0.011*** 0.015***
(0.005) (0.007) (0.005) (0.003) (0.003)

Visibility -0.004 -0.009 -0.015* -0.021*** -0.012***
(0.007) (0.008) (0.008) (0.004) (0.004)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.979 0.954 0.966 0.920 0.968
Observations 12,465 14,524 12,665 13,043.000 52,697

Standard errors in parentheses, clustered by area.
Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01

The results of the taxi trips and bike trips combined suggest several implications.

First, the use of transportation modes that involve more effort and greater exposure

to ambient conditions declines as air pollution increases, while it increase for those

modes that require less effort. Second, because substitution toward taxi trips on
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Table 3.5: First Stage - Effect of PM2.5 on daily taxi trips of duration ≤ 10 minutes
Results in Table 3.4

Using Temperature Inversion IV

Average PM2.5

(1) (2) (3) (4) (5)
Q1 Q2 Q3 Q4 Overall

Temperature Inversion 1.128*** 1.135*** 1.140*** 1.136*** 1.135***
(0.009) (0.002) (0.005) (0.003) (0.003)

Precipitation -2.591*** -2.606*** -2.579*** -2.575*** -2.588***
(0.023) (0.040) (0.015) (0.007) (0.013)

Humidity 0.003*** 0.004*** 0.004*** 0.004*** 0.004***
(0.001) (0.000) (0.000) (0.000) (0.000)

Wind -0.668*** -0.661*** -0.668*** -0.665*** -0.665***
(0.003) (0.005) (0.003) (0.000) (0.002)

Visibility -0.902*** -0.906*** -0.896*** -0.898*** -0.901***
(0.007) (0.008) (0.003) (0.001) (0.003)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.514 0.514 0.513 0.514 0.515
Observations 12,465 14,524 12,665 13,043 52,697

Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01

high-pollution days requires payment of taxi fares, such avoidance behavior entails

defensive expenditures. These necessary expenditures result in unequal air pollution

avoidance across incomes. Low-income groups are disproportionately burdened by air

pollution.
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Figure 3.6: Effect on ≤ 10-min taxi trips with 95% confidence intervals.

3.6 Robustness Checks

In this section, I show that the main results are robust to other specifications. I

first show that the results are robust to different pollution measures, namely ozone

and AQI. Secondly, I show that the causal effect of air pollution on taxi ridership is

not affected by the choice of trips that are less than 10 minutes in length. Finally, I

use airport taxi trips as a placebo to check the soundness of the main specification,

and find that air pollution does not affect airport trips.
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3.6.1 Response to other measures of air pollution

The previous analysis used PM2.5 as a measure for pollution, which is small and

not visible to the naked eye at low levels. Air particulate matters that are greater

in size are more noticeable and may be captured by PM10, particulate matters of

diameter less than 10 micrometers. Air pollution can also be caused by other pollu-

tants and chemical compounds in the atmosphere such as ozone, nitrogen oxide NOx

and sulfur dioxide SO2. The Air Quality Index is an overall measure of air quality

that is calculated based on different pollutants. To affirm that air pollution affects

transportation decisions, I use two more measures of air pollution that are available

for the period: AQI and ozone. Since the AQI is based on different types of air pol-

lution, the comparison of its effect as well as the effect of ozone to the effect of PM2.5

is meaningless in magnitude. The meaningful comparison in this section is in terms

of the direction of the effect and is used as a soundness check. Ozone, in particular,

is known to affect respiratory functions and causes discomfort in the lungs. Lichter

et al. (2017) and Mullins (2018) use ozone as a measure for pollution and show that

high levels reduce athletic performance.

Colunms (6) and (7) in Table 3.2 show that an increase in AQI or ozone negatively

decrease bike ridership, which is consistent with the finding in the previous section

that relied on particulate matter 2.5. Table 3.6 and Table 3.7 show the effects of AQI

and ozone on taxi trips, respectively. They show that the direction of the effect on

taxi trips is also the same as in the results discussed in section 5. Short taxi trips

increase with higher levels of AQI and ozone and the marginal increase is decreasing

in poverty. As in the previous analysis, AQI and ozone were instrumented by tem-

perature inversion.
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Table 3.6: Effect of AQI on Daily ≤ 10-min Taxi Ridership

Using Temperature Inversion IV

Log 10-min Taxi Trips

Q1 Q2 Q3 Q4 Overall

ÂQI 0.005*** 0.003* 0.002 0.001 0.003***
(0.002) (0.002) (0.001) (0.001) (0.001)

Precipitation -0.164*** -0.118*** -0.143*** -0.170*** -0.148***
(0.017) (0.018) (0.012) (0.014) (0.008)

Humidity 0.000 -0.001*** -0.000 -0.002*** -0.001***
(0.001) (0.000) (0.001) (0.000) (0.000)

Wind 0.011** 0.012** 0.010*** 0.008*** 0.010***
(0.004) (0.005) (0.003) (0.002) (0.002)

Visibility -0.016*** -0.018*** -0.018*** -0.026*** -0.019***
(0.004) (0.005) (0.005) (0.002) (0.002)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.979 0.955 0.966 0.920 0.968
Observations 12,907 15,038 13,125 13,507 54,577

Standard errors in parentheses, clustered by area.
Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01

3.6.2 Robustness to length of trips

The main analysis used a sub-sample of the taxi trips that were shorter than 10

minutes. In this section, I show that the results are robust to other specifications of

length, and that the decreasing effect in poverty is more noticeable in shorter trips.

The results are best reported in Figure 3.7, which shows a comparison between the

effect on trips of less than 10 minutes, less than 20 minutes, less than 30 minutes,
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Table 3.7: Effect of Ozone on Daily ≤ 10-min Taxi Ridership

Using Temperature Inversion IV

Log 10-min Taxi Trips

Q1 Q2 Q3 Q4 Overall

Ôzone 40.890** 27.221* 12.826 9.609 22.706***
(13.888) (13.381) (11.675) (6.933) (6.014)

Precipitation -0.176*** -0.125*** -0.147*** -0.172*** -0.154***
(0.015) (0.015) (0.011) (0.014) (0.007)

Humidity 0.008** 0.004 0.002 0.000 0.004***
(0.003) (0.003) (0.003) (0.001) (0.001)

Wind -0.049** -0.027* -0.009 -0.006 -0.023***
(0.017) (0.015) (0.014) (0.008) (0.007)

Visibility -0.020*** -0.020*** -0.019*** -0.026*** -0.021***
(0.004) (0.004) (0.004) (0.002) (0.002)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.975 0.949 0.965 0.919 0.965
Observations 12,907 15,038 13,125 13,507 54,577

Standard errors in parentheses, clustered by area.
Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01

and for all non-airport trips (The associated results are in Tables A.1, A.2,A.3). The

results in the figure show that the decreasing effects in income hold strongly for the

shorter trips. The overall positive average effect in each box in the figure is completely

driven by the short taxi trips.

3.6.3 Airport Taxi Trips Placebo

Further, for a placebo or a falsification test, I apply the same regressions to trips

that leave from the city to one of the three airports (John F Kennedy, La Guardia,
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(a) (b)

(c) (d)

Figure 3.7: Effect on ≤ 10-min taxi trips, ≤ 20-min taxi trips,≤ 30-min taxi trips,
all non-airport trips trips, and airport trips
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Figure 3.8: Effect on airport taxi trips leaving from the city, with 95% confidence
intervals.

or Newark). While the hypothesis in this study is that modes of transportation that

can be substituted with other modes could change because of air pollution exposure,

I argue that this relationship is not expected to hold for long trips to the airport.

Travelers are not expected to alter their decision to take an airport trip due to air

pollution. Other forms of transportation to the airport may be forms of public trans-

portation that are not necessarily substitutes with respect to pollution. Therefore, I

consider airport trips to be a placebo and apply the same regressions to find if there is

an effect. The results, in Figure 3.8, show no significant effect for any income quartile

at the 95% confidence level, nor on all trips. These results are also in Table 3.8.
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Table 3.8: Effect of PM2.5 on daily airport trips departing from the city

Using Temperature Inversion IV

Log Airport trips

(1) (2) (3) (4) (5)
Q1 Q2 Q3 Q4 Overall

P̂M2.5 0.007 0.009 0.007 0.015* 0.009
(0.013) (0.010) (0.010) (0.008) (0.005)

Precipitation -0.162*** -0.131*** -0.158*** 0.008 -0.121***
(0.026) (0.020) (0.036) (0.049) (0.017)

Humidity -0.002*** -0.002*** -0.001** 0.000 -0.002***
(0.000) (0.001) (0.000) (0.001) (0.000)

Wind 0.005 0.007 0.014* 0.010 0.008**
(0.010) (0.008) (0.007) (0.006) (0.004)

Visibility -0.020*** -0.021** -0.015* 0.012 -0.013***
(0.006) (0.008) (0.008) (0.012) (0.004)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.946 0.846 0.902 0.901 0.940
Observations 8,424 9,122 7,819 6,173 31,538

Standard errors in parentheses, clustered by area.
Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01

3.7 Conclusion

This article demonstrates that air pollution causes defensive behavior, in the choice

of transportation modes, and that the resulting defensive behavior is unequal among

different income groups. Because air quality affects the well being of individuals, they

may undertake defensive expenditures to avoid pollution exposure during work com-

mutes or other trips. The choice of transportation mode can exhibit these defensive

66



behaviors due to the variation of perceived air exposure in alternative modes. This

study uses rich bicycle and taxi datasets from NYC to provide empirical evidence

of two phenomena that are related to these defensive practices in the transportation

setting. First, transportation mode choice is affected by air quality, where transporta-

tion alternatives that expose the traveler to more pollution are less desirable when

air quality is low. The results show that bicycle rides decrease when air quality is low

and short taxi trips increase. Second, using taxi trips data, the results show that the

magnitude of the pollution effect on short taxi trips increases in income, where the

richer groups react marginally higher than the lower income groups.
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Chapter 4

Do Mask Mandates Work to

Contain the Spread of COVID-19?

Co-authored with Qingran Li

4.1 Introduction

The COVID-19 pandemic has undeniably disrupted the lives of millions of house-

holds in the United States since early March 2020. As per the Centers for Disease

Control and Prevention (CDC), by October 2020, total cases in the US have reached

over 9 million, and around 230,000 lives were lost (CDC). The unemployment rate

peaked at 14% by June, and declined to approximately 8% in September, which is still

double the pre-pandemic 4% rate (BLS). Mobility of residents declined significantly

at the national level (see Figure 4.1). Federal and State governments have dedicated

substantial resources to lessen the impact on households, and to curb the spread of

the virus. Policy makers are faced with a contentious dilemma. Strong lock-down

policies may reduce the spread of the virus at the cost of economic hardship, cur-
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tailed civil liberties, and other medical risks. On the other hand, lax efforts to slow

the spread of the virus may result in avoidable deaths and prolonged fears that can

slow the economy.

In the absence of vaccines, questions about how to safely open the economy remain

unsettled. Face mask requirements for public settings that don’t afford social distanc-

ing have been widely implemented because they may restrict virus transmission at

low cost. In the US, masks have been a heated topic of public debate. Infectious dis-

ease experts have found evidence that masks are able to block respiratory droplets,

and as a result reduce spread of the virus (Anfinrud et al., 2020; Leung et al., 2020;

Fischer et al., 2020). The CDC has advocated masking policies. But support for

such policies is not universal. Support for such policies varies considerably across the

U.S.1. Stigma of wearing masks and personal liberty arguments are advanced by crit-

ics of such policies, who also critique available evidence on their efficacy and risks that

masks induce a false sense of safety. Evidence in academic research indicates mask

policy has caused partisan divide, in an already polarized political climate. Adolph

et al. (2020) find that out of many predictors considered, the most important predic-

tor of mask mandate in a state is its governor’s party affiliation. The effectiveness of

these mandates is, therefore, a topic of interest, and more research is necessary for

informed policy.

The introduction of mask mandates is endogenous, and likely to correlate with

introduction of other non-pharmaceutical interventions. Unbiased estimation of the

effects of mask policies on virus transmission and other outcomes of interest is hin-

1See for example:
BBC: Coronavirus: Why are Americans so angry about masks?
The Atlantic: Face Masks Are In
The Guardian: How did face masks become a political issue in America?
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dered by this endogeneity. In this paper, we utilize two analytical approaches to deal

with such endogeneity of the mask mandates, and investigate their efficacy to contain

the spread of the virus. We estimate that mask mandates reduce the spread of the

virus. In our first approach, we show that while increased mobility marginally in-

creases case growth, the marginal effect of mobility on cases is reduced 82% by mask

mandates. We estimate these effects from variations in mobility and mask interven-

tions at the county level. We control for the timing of mask mandates and estimate

the marginal effect of mobility and its interaction with the policy in a fixed effects

model. In our second approach, we use county level variations in the growth of cases

and a set of economic and demographic variables to construct synthetic control coun-

ties that identify counterfactual outcomes for mask-mandate counties in the absence

of the policy (Abadie et al., 2010). Our estimate that mask mandates reduce average

new cases and that the magnitude of the effect increases over time. We find that in

approximately 3 weeks from implementation, average new cases per day are reduced

by 8 cases in a population of 100,000 people, or 40% from counterfactual.

New studies in economics, public policy, public health, and other disciplines show

evidence that mask mandates reduce infections. Chernozhukov et al. (2020) show

that state mask mandates for employees are correlated with reducing the growth of

weekly cases by over 10 percentage points. Lyu and Wehby (2020) estimate that more

than 200,000 cases in the US were avoided in May because of state mask mandates.

Research from Canada shows cases are reduced by 25% after the first few weeks from

implementation (Karaivanov et al., 2020). These studies mainly used regional vari-

ations in the timing of the policy to estimate the effect. Alternatively, Mitze et al.

(2020) uses synthetic control comparison in Germany and conclude that mandates

reduce the daily growth rate of cases by around 40%. This effect is similar in mag-
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nitude to what we find using the synthetic control method. Our study contributes

to this literature by providing causal evidence in the US context that directly links

mask mandates to health outcomes. Our analysis is distinct from the above stud-

ies in multiple ways. The first and most important distinction is that our results

show mask mandates are effective even when there is increased mobility. This has

direct implications for reopening the economy safely. Secondly, our study differs from

Chernozhukov et al. (2020) and Lyu and Wehby (2020) in which mandate policy at

the state level is studied. We use variations in implementation at the county level,

and not just the state level. Finally, we also provide more evidence of the effect of

mandates in the US case, using estimates from the synthetic control method.

Our findings have direct policy implications for disease control. Mask mandates

can work through different channels to reduce the transmission of the virus. Even

through we do not observe individual use of masks directly, individuals are shown,

in other research, to more likely use masks when there is a public mandate. Betsch

et al. (2020) find that mask mandates in Germany increase compliance, even when

acceptance is not high. They further find that compliance is correlated with other

good protective practices.

The paper proceeds as follows. Section 4.2 and Section 4.3 describe data and

methods, respectively. Results are reported in Section 4.4. Section 4.5 discusses pol-

icy implications and future steps for this research.
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Figure 4.1: 7-day moving average of the median of maximum distance traveled by
state (in Kilometers)

4.2 Data

4.2.1 COVID-19 data

We obtain historical daily cumulative counts of COVID-19 cases and deaths, col-

lected and published by The New York Times (2020). We used the county-level cases

data for 3,046 counties in United States from March to June 2020. The date of the

first observation for a county is the date case(s) were first reported in the county. We

observed in these data instances of declining cumulative cases at the day level in at

least 1,976 counties. This occurs due to official corrections of data, according to the

source. When new cases are calculates from observations of the cumulative cases at

the beginning of week and end of week, we observe declining cases in at least 340

counties at the week level. We remove counties that reported corrections of this sort

from our analysis, when the analysis are at the week level. And remove all counties

that misreported cases at any time when we analyze daily cases. Our final sample

at the week level contains 2,706 total counties. Weekly growth of cases is calculated
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as [ln(casest)− ln(casest−1] ∗ 100, where casest is newly reported cases in week t and

casest−1 is newly reported cases in week t − 1. Table 4.1 shows summary statistics

for this variable, where the mean is 18.7.

Table 4.1: Summary Statistics

Variable N mean sd min max

Cases Growth 24,149 18.67 88.23 -492.72 523.64

Mobility Index 24,145 57.73 36.93 0 1,614.33

Mask Policy 24,149 0.17 0.38 0 1
Weekly observations from 3/1/2020 to 06/30/2020.

4.2.2 Mask mandate and other non-pharmaceutical

interventions

We generate indicators for when mask policies are in effect using two data sets.

First, we use the state level COVID policy dataset, which is updated regularly by

Fullman et al. (2020). This dataset tracks state-level mask mandates with the date

of implementation. Other social distancing policies are also recorded in this data set,

including school closures, closing of non-essential businesses, stay-at-home orders, and

gathering restrictions. Our second source is Keystone Strategy (2020), which reports

non-pharmaceutical interventions (NPIs) implemented by county governments. Some

counties implemented mask policies before such policies were issued by their respec-

tive state governments. We assume a mask policy is in effect for the duration of any

local or state policy to which the county is subject. The timeline of mandates at the

state level is shown in Figure 4.2. Non of the counties lift the mask mandate after

implementation in the period of the study. Table B.1 in the appendix shows for each

state the number of counties subject to new mask policies upon state intervention.
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Figure 4.2: State level mask mandate timeline.

Figure 4.3 shows the natural log of the 7-day moving average of new cases for all

counties that impose a mask mandate in our data. Each series represents a county

and the counties are grouped by state. The panels in the figure depict the evolution

of cases in “event time”, i.e., relative to when the mask mandate was imposed (at

time 0). There is an initial visible trend in most counties that after a mask mandate

is implemented, there is a decrease in the daily growth of COVID cases. Notice that

for some counties, we do not observe enough post period days.

4.2.3 Mobility data

Transmission of COVID largely depends on person-to-person transmission when

there is close contact (CDC). We do not observe in-person interactions, but use a

measure of mobility from data collected by tracking a large sample of mobile devices.

We assume that an increase in mobility increases the chance of person-to-person in-

teractions. We use the median distance mobility metric constructed by the Descartes

Labs initiative (Warren and Skillman, 2020), which we hereby refer to as mobility
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Figure 4.3: Log of 7-day Moving Average of Cases divided by county population.

index. This index is calculated for each county as the median of the maximum dis-

tance traveled in that county divided by its baseline for normal mobility. Baselines

are normal mobility medians between mid February and Early March 2020. When we

aggregate at the week level, we take the average of this mobility index in the week..

Summary statistics are in Table 4.1. For visualization, we also show the average max-

imum median distance (in Kilometers) in counties by state in Figure 4.1. In almost

all states, mobility in counties decreased to the lowest levels in the observed period

until April. One factor that may have lead mobility to slightly increase after April is

the increase in outdoor activities in warmer weather.
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4.2.4 County demographic variables

We also collected county-level demographic variables to control for attributes that

are potentially correlated with the spread of the virus. From the Bureau of Economic

Analysis (2018), we collected county-level GDP in year 2018, shares of agricultural

sector GDP, and per capita income. From the US Census data, we collected pop-

ulation, which we used to compute the per capita share of COVID cases in each

county, and population density (U.S. Census Bureau, Population Division). Since the

implementation of mask mandates are largely correlated with political affiliation, we

obtained county-level data on vote shares for candidates in the 2016 U.S. Presidential

election McGovern et al. (2016).

In the next section, we discuss the two estimation methods used in the paper, and

reference the relevant data described above.

4.3 Methods

4.3.1 OLS Estimation: Mobility and Mask Mandates

Higher mobility is expected to increase social contacts and interactions, which in

turn may increase COVID-19 cases. If masks are effective in reducing transmission,

we would expect, for the same level of changes in mobility, cases to grow slower when

a mask mandate is in effect than when there is no mask mandate. We evaluate the

impact of mask mandates on the growth of cases by comparing the marginal effect of

mobility on the growth of cases, with and without mask mandates. We use variations

in county-level mobility and the timing of mask interventions. We test the hypothesis
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that mask mandates reduce transmission of the virus, in which case α2 < 0 in the

following regression equation:

Yi,t = α1Mi,t−1 + α2Mi,t−1 ∗ 1[Mask]i,t−1 + β1[Mask]i,t−1 + θi + Si,t + εi,t (4.1)

where Yi,t is the growth of weekly new cases for county i, calculated as Yi,t =

[ln(casest)−ln(casest−1]∗100. Mi,t−1 is the mobility index for county i. 1[Mask]i,t−1 is

a dummy variable indicating mask mandate at county i in week t−1. θi is a vector of

county fixed effects and Si, t is a vector of state-week fixed effects. εi,t is an error term.

Mask policies are endogenous. For instance, counties wherein COVID cases are

growing rapidly may implement mask policies to abate the transmission. Hence, we

cannot directly estimate the mask policy effect as a single variable assuming it is

independent. Using the intersection of the dummy variable of mask mandate with

mobility, we are able to relax the assumption of exogeneity between the policy indi-

cator and cases. Taking the derivative of both sides of equation 4.1 with respect to

mobility, we get

∂Yi,t
∂Mi,t−1

= α1 + α2Maski,t−1. (4.2)

We assume in our OLS regression that after controlling for the timing of the policy,

the difference between the marginal effect of mobility when there is mask mandate

and when there is not (α2) is caused by the mandate. To identify α2, we only need

the exogeneity assumption to hold true between the mask policy dummy and the

incremental changes of cases due to marginal mobility change (i.e. the partial deriva-

tive on the left-hand-side). Therefore, the exogeneity assumption to identify α2 is a

weaker assumption.
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Because mask policies are not lifted in any county in the sample, the error term

for a treated county varies only because of correlations with other variables after

the policy is in place. Our estimation model includes fixed effects for counties to

control for time-invariant county specific characteristics, and state-week fixed effects

to control for time varying state level policies that are correlated with the growth of

cases.

4.3.2 Synthetic Control

Background

In our second strategy, we use the synthetic control comparison method (Abadie

et al., 2010) to estimate the effect of mask mandates. We construct synthetic control

units for comparison with counties that mandated mask use. In this method, a

synthetic county is derived from a set of potential control counties, known as donor

counties. Suppose we observe J + 1 counties in total and, without loss of generality,

that only one county is treated with mask mandate. We then have J potential counties

that we can pick from as controls for the treated county. Let CN
it be the number of

observed new cases in county i at time t when there is no mask mandate, where

i = 1, ..., J + 1 and t = 1, ..., T0, ..., T . T0 is when the mask mandate intervention

happens. We then have T0 pre-treatment periods. For all post-treatment periods

T0 + 1, ..., T , let CM
it be new cases in county i at time t when there is mask mandate

in those treatment periods. Define βit = CM
it − CN

it as the difference between new

cases in county i at time t when there is mask mandate and when there is no mask

mandate. Now suppose, without loss of generality, that the county treated with mask

mandate is county 1, and define Dit as a binary variable, where Dit = 1 if i = 1 and

t > T0, and zero otherwise. The observed new cases for county i are then:
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Cit = CN
it − βitDit

The effect of the mandate in post-treatment periods, T0 + 1, ..., T , is β1t = CM
1t −

CN
1tm and our objective is to estimate β1T0+1, ..., β1T . Because we only observe CM

1t

(the treatment outcome) we need to estimate the counterfactual CN
1t . As in in Abadie

et al. (2010), this is done by estimating a vector of weights W = w2, w3, ..., wJ+1 that

represent the weights of each county that serves as a potential control county for the

treated county 1.
∑J+1

j=2 = 1. The number of these potential donor counties is J .

Let Zi be a vector of independent predictor variables for new cases, the estimation

procedure finds an optimal vector of weights such that for all pre-treatment periods

t = 1, ..., T0:

J+1∑
j=2

w∗jCjt = C1t and
J+1∑
j=2

w∗jZj = Z1

The estimate of the effect β1t in post-treatment period t = T0 + 1, ..., T uses the

same vector of optimal weights:

β̂1t = C1t −
J+1∑
j=2

w∗jCjt

Sample Selection and prediction

In our empirical estimation, we use the 7-day moving average of new cases per

capita as the outcome variable. We use a sample of treated counties and donor coun-

ties in the analysis based on a set of criteria. The treated counties are drawn from

the counties in Figure 4.3. We exclude counties that reported days with negative
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new cases, explained by previous of misreporting2. For every treated county in the

sample, we construct a synthetic control for comparison, and we infer the average

treatment effect from the difference in post intervention outcomes among the treated

and synthetic comparison counties. In our analysis, we use a three-month window

from the beginning of April to the end of June to avoid placing positive weights on

donor counties that exhibit common evolution of the epidemic because the virus is

largely not present in the counties. We do not include in our sample any treated or

untreated county that did not have any reported cases of the virus by April 1. We

then proceed as follows. First, we drop any treated county if we did not observe at

least 35 pre-treatment days and 30 post-treatment days. We use the 35-day period

to estimate the weights and to validate the model, as will be described below. Treat-

ments in this time period happen throughout the month of May. Further, to reduce

the number of potential donor counties to a smaller set of donors that are potentially

closer controls to treated counties, we remove any donor county if its average per

capita cases in April was less than the minimum average observed in treated coun-

ties. Figure B.1 shows the density of per capita cases before and after this adjustment

to the sample. The final set of treated counties is reduced to the counties shown in

Figure B.2, and the set of donor counties shown in Figure B.3.

Table 4.2 provides summary statistics for the variables we used as predictors in

constructing synthetic control units. Our final sample in this estimation has 26 treated

counties and 199 donor counties to choose from. As predictor variables, we used the

the GDP of the county, the share of agricultural GDP, and per capita income because

we expect infections to be correlated with economic status and type of business activ-

ities in the county. We also used population density as a predictor. Infection rates are

2In our current synthetic control analysis we excluded over 1900 counties because of misreporting
at the day level. In OLS estimation, we excluded 340 counties that misreported at the week level.
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expected to be positively correlated with density because of less capacity for social

distancing. Also, because there is evidence that political affiliation is correlated with

acceptance and implementation of mask policy (Adolph et al., 2020), we included the

share of democratic votes in the 2016 presidential election. The comparison between

treated and donor counties in Table 4.2 shows that the average of democratic votes

is higher in treated counties than in donor counties.

Table 4.2: Synthetic Control Inference Sample Comparison

Treated Counties Donor Counties All

N 26 199 225

MA7 Cases (per 100,000 inhabitants) 7.23 7.36 7.34

GDP 44,472,463.65 14,271,219.98 17,761,141.47

Share of Agriculture GDP 0.010 0.040 0.037

Income per capita 55,592.88 44,446.35 45,734.39

Share of Democrats votes in 2016 elections 0.52 0.33 0.36

Density 1,385.58 338.338 459.35

The Synthetic Control Method has emerged as a very popular tool in social sci-

ence, especially in applications where it is difficult to find appropriate control or

counterfactual units. Recent discussions, nonetheless, call for more prudent use of

the approach when making inference. Synthetic control units may fail to be good

basis for inference if they show over fitting. Abadie (2019) provide a recent review

of the method and general good practices in research to increase credibility and ro-

bustness. In our analysis, instead of estimating the weights using observation of the

outcome variable for the whole pre-treatment period, we only use the period until 14

days before treatment. We use the 14-days before treatment as a validation period to

demonstrate how well the evolution of cases in the synthetic control mirrors cases in

the treated county prior to the intervention. This formalizes a test for common trends
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between the treated and control units. Inference by the SCM is considered credible

if the trend of the synthetic unit and the treated unit is similar in the validation pe-

riod, and the deviations measured by root-mean-squared-prediction-error (rmspe) are

small and comparable to the period used in estimating the weights for the synthetic

unit. If a county had 35 pre-treatment period, we used 28 days as the weight predic-

tion period, and observed how the synthetic and treated counties compared in the 14

days window for validation, before attempting to make inference about the effect in

the post 30-day period. We used different model specifications that included subsets

of the predictor variables we collected, and selected the model that had the lowest

rmspe on average to estimate the effects. Figure B.4 and Figure B.5 show the best 6

models we considered with different specifications of the predictor variables. Our final

selected model was Model 4 in the figures, which included as predictor variables the

variables collected above (GDP, share of Agricultural GDP, per capita income, den-

sity share of democratic votes in 2016) and in addition the cumulative cases growth

and the outcome variable at four different points in time in the prediction period.

We use this model to estimate p-values for the effects using the method described in

Galiani and Quistorff (2017). The p-values we estimate for the effects in the results

section are very conservative. They are derived from comparing the effects to a set

of placebo effects performed on the donor counties. These p-values are interpreted as

the probability that the effect was observed by random chance, which is likely to be

high if placebo effects are similar to the effects on the treated unit.
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4.4 Results

4.4.1 OLS results

The main results of the OLS model in equation 4.1 are in Table 4.3 column (1).

A unit increase in the average mobility index for a given county when there is no

mask mandate in effect increases the growth of cases in the following week by 0.213

percentage points. However, when there is a public mask mandate in effect, this effect

is reduced by 0.176 percentage points, meaning the mobility-led transmission increases

by only 0.037 percentage points. This indicates that for the same level of mobility

within a county, mask mandates reduce the growth in new cases (resulting from

mobility) by more than 82%. We assumed in this estimation that COVID-19 cases

in a week can be caused by mobility and policy in the previous week. However, since

we are not certain about the underlying relationship, in Column (2), we also include

the 2-week lags of mobility and mobility interaction with mask mandate. It can be

seen that the coefficient on the 1-week lag does not change from the specification

in column (1). In column (3) and (4) we add lags of the dependent variable cases

growth to control for the growth in cases caused by previous spikes in infections. The

coefficient of interest only loses significance when two-week lag of the growth of cases

are used.

4.4.2 Synthetic Control Comparison Results

Figure 4.4 and Table 4.4 show the main results from the synthetic control estima-

tion. The top left graph in Figure 4.4 compares treated units with synthetic units,

where the solid line is the average outcome variable for the treated units, and the

dotted line is the average for synthetic units. The grey area is the the 14 days vali-
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dation period. As mentioned earlier, when constructing synthetic units, we only used

the period before this validation period to estimate the weights. It can be seen that

the two lines do not diverge in the validation period, they follow the same trend. The

lines are separated in around two weeks after the post period. The top right graph

shows the average difference between the treated and synthetic units in the post 32

days, and the p-values for the effect at each of the 32 days are shown in the lower

left. The grey lines are at 0, 5% and 10%. These effects and p-values are also in

Table 4.4. It can be seen that the effects are negative. However, our conservative p-

value estimation for these effects ,described earlier show significance for days beyond

the third week from policy implementation. In around three weeks we find that cases

are reduced by about 40%, or by 8 cases in a population of 100,000 people. These

results are similar in magnitude to those found in Mitze et al. (2020). We check if

this observation is the same in our OLS estimation. In Table 4.4 we interact the

mobility index with dunny variables of the weeks from implementation. The results

are consistent, we find that the effect of the mask policy on the marginal effect of

mobility is significant after the third week from implementation.
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Figure 4.4: Inference from synthetic control comparison
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Table 4.3: Effect of Face Mask Policy

Cases Growtht

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

Mobility Indext−1 0.213*** 0.134* 0.247*** 0.174*
(0.061) (0.074) (0.084) (0.099)

Mobility Indext−2 0.143 0.161
(0.094) (0.128)

(Mobility Index * Mask)t−1 -0.176** -0.175** -0.231** -0.128
(0.075) (0.077) (0.097) (0.194)

(Mobility Index * Mask)t−2 0.021 -0.069
(0.095) (0.123)

Maskt−1 -2.312 3.873 0.575 -0.767
(6.474) (6.215) (7.994) (10.721)

Maskt−2 -7.414 -5.185
(6.074) (8.147)

Cases Growtht−1 -0.295*** -0.344***
(0.014) (0.017)

Cases Growtht−2 -0.125***
(0.009)

Fixed effects:
Week * State Yes Yes Yes Yes
County Yes Yes Yes Yes

Adjusted R2 0.151 0.149 0.184 0.161
Observations 24,149 24,072 20,897 18,224

Standard errors in parentheses, clustered by state.
* p < 0.1, ** p < 0.05, *** p < 0.01
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Table 4.4: Effect and Inference

Post Period Effect p-value sd. of p-value

1 -2.992 0.266285 0.580091
2 -2.128 0.427124 0.943992
3 -0.9801 0.703894 0.555573
4 -0.9336 0.724818 0.696233
5 -1.966 0.460137 0.934653
6 -0.6541 0.799883 0.803182
7 -0.6222 0.809967 0.794192
8 -0.3603 0.885614 0.762114
9 0.1666 0.943788 0.749107
10 -0.05979 0.979193 0.936726
11 -0.02528 0.991109 0.983522
12 0.1819 0.936578 0.875817
13 -1.834 0.460672 0.560749
14 -1.592 0.503426 0.566746
15 -1.58 0.50515 0.571504
16 -2.529 0.306666 0.305053
17 -2.637 0.293985 0.281538
18 -3.668 0.190119 0.200125
19 -4.066 0.16317 0.175309
20 -2.839 0.283662 0.182304
21 -3.37 0.230309 0.149627
22 -3.291 0.251096 0.195698
23 -3.186 0.264554 0.217881
24 -3.531 0.23083 0.195424
25 -2.62 0.342908 0.27141
26 -3.067 0.286659 0.218998
27 -3.787 0.181127 0.157311
28 -3.884 0.174546 0.151106
29 -4.865* 0.095735 0.073415
30 -5.247* 0.084812 0.05966
31 -6.362** 0.04461 0.027397
32 -8.253** 0.014254 0.007947
33 -8.178** 0.015035 0.007965
Effect is in cases per 100,000 inhabitants.
* p < 0.1, ** p < 0.05, *** p < 0.01
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Effect of Face Mask Policy By Week Since Mandate

Cases Growtht

Mobility Indext−1 0.229***
(0.062)

(Mobility Index * Mandate week)t−1 -0.043
(0.131)

(Mobility Index * First week)t−1 0.126
(0.133)

(Mobility Index * Second week)t−1 -0.016
(0.100)

(Mobility Index * Third week)t−1 0.006
(0.155)

(Mobility Index * Fourth week+)t−1 -0.213***
(0.064)

(Mask)t−1 -8.532
(7.249)

Fixed effects:
Week * State Yes
County Yes

Adjusted R2 0.151
Observations 24,149

Standard errors in parentheses, clustered by state.
* p < 0.1, ** p < 0.05, *** p < 0.01
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4.5 Conclusion and Remarks for Future Work

Since the beginning of the COVID-19 pandemic in 2020, governments have made

every effort to reduce the spread of the virus. To save lives, concerned policy makers

made uneasy choices. Shut-downs caused unprecedented economic burdens and high

unemployment rates in local economies. More recently, masks have been considered

as a an effective and cost efficient tool to combat the virus, and to safely reopen

the economy. Masks have been proven in lab-experiments to reduce the emission of

the virus, and educational material about their benefits have been universally dis-

seminated. Government interventions regarding their use, however, are still needed.

Mask mandates have been shown, in the emerging literature about the pandemic, to

increase mask use. In this paper, we show that mask mandates in US counties have

caused reductions in cases. We used two approaches to show this effect. In the first

approach, we studied the effect of masks on marginal increases in cases due to mobil-

ity. Higher mobility in local economies is expected, and was shown, to increase the

spread of the virus. However, we showed that this increase is lower by 82% in counties

that had a mask mandate in effect. When economies reopen, mobility is expected to

increase significantly. Our results suggest that mask mandates should be considered

when reopening policy decisions are discussed. Our second empirical approach used

the synthetic control method. We constructed synthetic units (counties) for counties

that had mask mandates for comparison. Different models were used to construct

these units. Our preferred model shows that mask mandates do work. We find that

in about 3 weeks, cases are reduced significantly by 8 cases in a population of 100,000.

This study can be extended in several ways. First, our analyses did not consider

actual mask usage. Mask use likely varies by county. It is related to multiple local
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factors, including the beliefs and perceptions of local residents about masks. Newly

available data from surveys about mask use at the county level can be used to un-

derstand the effect of this heterogeneity on the effectiveness of mandates. Another

way this research can be improved is through improving our model estimation in

the synthetic control comparison. Since counties that implemented mask policy are

expected to be different from counties that did not. We used multiple economic and

demographic variables to find appropriate synthetic units from the donor pool. Syn-

thetic control modeling is computationally intensive, but more model specifications

with more control variables are useful to check the robustness of our results. Finally,

COVID-19 non-pharmaceutical interventions have been shown in other research to

have interesting geographical spill-over effects. Shelter-in-place policies implemented

by governments were shown to reduce mobility in not only their own jurisdiction, but

also in those of their geographic and social peers (Holtz et al., 2020). Mask mandates

may also have spill-over effects that are of interest to policy makers and researchers.
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Chapter 5

Conclusion

Chapters 2, 3, and 4 in this dissertation presented three papers that entail policy

implications. Chapters 2 and 3 were specifically relevant to environmental policy and

air pollution. Studies in the environmental economics literature show evidence that

defensive expenditures increase when pollution is high. Such effects are used to infer

the willingness to pay to reduce air pollution, and often assume that consumers are

fully attentive to pollution. Chapter 2 addressed a possible bias to such estimates

due to limited attention. If a share of consumers are not fully attentive to pollution,

their response may not be optimal, and their defensive expenditures may be under-

estimated by the researcher if full awareness is assumed. The paper used a 10-year

panel of purchases of masks and air-filters in California. Though pollution increases

defensive expenditures, it was shown that consumers response is higher when pol-

lution is salient–conditional on the level of pollution. The paper used 3 empirical

estimations, and showed robust evidence that consumers exhibit limited attention to

pollution. The first approach used Internet search intensity as a proxy for salience.

When pollution is salient, Google search about pollution topics is expected to in-
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crease. The variation in the search index was used to estimate the effect of salience.

In the second approach, the paper used data collected from Twitter.com in the form

of “tweets” that mention air pollution. The plausibly exogenous appearance of tweets

about air pollution to twitter users in Californian counties was shown to increase de-

fensive expenditures, conditional on the pollution level. Lastly, the paper collected

fire occurrences data and used such incidents to imply exogenous media shocks to

counties in the media market where fire took place. The paper shows that, for the

same level of pollution, purchases in a county are higher when it is in a media market

where fire erupted.

The objective of Chapter 3 was twofold. First, it demonstrated that air pollution

causes defensive behavior, in the choice of transportation modes. It showed that bicy-

cle use in NYC decrease on polluted days, while taxi trips increase. Second, it showed

that the resulting defensive behavior is unequal among different income groups. The

analysis used rich bicycle and taxi datasets from NYC to estimate the marginal effect

of pollution on trips. The results show that the magnitude of the pollution effect on

short taxi trips increases in income, where the richer groups react marginally higher

than the lower income groups.

Chapter 4 talked about the effect of mask mandates as a policy to reduce the

spread of COVID-19 infections. It used two empirical approaches, which found re-

sults that suggest masks work. In the first approach, the marginal effect of mobility

on COVID cases was estimated in counties that implemented mask mandates, and

counties that did not. The results suggest that masks work at decreasing the marginal

increase in cases due to mobility. This result may be useful to policy makers when

considering ways to reopen the economy safely. It suggests that for the same level
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of mobility, the risk of infection in a county that implements mask policy is signif-

icantly reduced. The second approach used the synthetic control method to create

units (synthetic counties) for comparison with counties that implemented mask pol-

icy. The results showed that mask mandates reduce cases significantly in around

three weeks from implementation.

93



Appendix A

Appendix to Chapter 3

Figure A.1: Citi Bike stations in NYC
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(a)

(b)

Figure A.2: Distribution of PM2.5 readings from pollution monitors and calculated
daily mean.
Monitor locations are in Figure 3.5.
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Table A.1: Effect of PM2.5 on daily taxi trips of duration ≤ 20 minutes

Using Temperature Inversion IV

Log 20-min trips

(1) (2) (3) (4) (5)
Q1 Q2 Q3 Q4 Overall

P̂M2.5 0.021* 0.014** 0.013** 0.014*** 0.016***
(0.011) (0.006) (0.006) (0.004) (0.003)

Precipitation -0.161*** -0.129*** -0.132*** -0.148*** -0.142***
(0.020) (0.018) (0.018) (0.019) (0.009)

Humidity -0.001 -0.001*** -0.001 -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000)

Wind 0.013 0.012** 0.014*** 0.013*** 0.013***
(0.008) (0.005) (0.004) (0.003) (0.003)

Visibility -0.011 -0.014** -0.010 -0.013*** -0.012***
(0.008) (0.006) (0.007) (0.004) (0.003)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.979 0.958 0.965 0.911 0.968
Observations 12,810 14,669 12843.000 13,052 53,374

Standard errors in parentheses, clustered by area.
Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01
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Table A.2: Effect of PM2.5 on daily taxi trips of duration ≤ 30 minutes

Using Temperature Inversion IV

Log 30-min trips

(1) (2) (3) (4) (5)
Q1 Q2 Q3 Q4 Overall

P̂M2.5 0.024** 0.013* 0.017** 0.015*** 0.017***
(0.011) (0.007) (0.006) (0.003) (0.004)

Precipitation -0.154*** -0.136*** -0.137*** -0.145*** -0.143***
(0.022) (0.017) (0.019) (0.017) (0.009)

Humidity -0.001 -0.002*** -0.001 -0.001*** -0.001***
(0.001) (0.000) (0.000) (0.000) (0.000)

Wind 0.015* 0.010* 0.017** 0.014*** 0.014***
(0.008) (0.006) (0.006) (0.003) (0.003)

Visibility -0.009 -0.016** -0.008 -0.012*** -0.012***
(0.008) (0.006) (0.008) (0.004) (0.003)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.979 0.959 0.964 0.907 0.968
Observations 12,915 14,743 12,882 13,052 53,592

Standard errors in parentheses, clustered by area.
Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01
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Table A.3: Effect of PM2.5 on all standard (non airport) daily taxi trips

Using Temperature Inversion IV

Log standard trips

(1) (2) (3) (4) (5)
Q1 Q2 Q3 Q4 Overall

P̂M2.5 0.030** 0.015** 0.015** 0.016*** 0.019***
(0.012) (0.006) (0.006) (0.003) (0.004)

Precipitation -0.141*** -0.134*** -0.140*** -0.143*** -0.139***
(0.024) (0.016) (0.014) (0.016) (0.009)

Humidity -0.001 -0.002*** -0.001 -0.002*** -0.001***
(0.001) (0.000) (0.000) (0.000) (0.000)

Wind 0.018** 0.012** 0.015*** 0.014*** 0.015***
(0.008) (0.005) (0.004) (0.003) (0.003)

Visibility -0.002 -0.016*** -0.010 -0.013*** -0.011***
(0.010) (0.005) (0.006) (0.004) (0.003)

Fixed effects:
Temperature bins Yes Yes Yes Yes Yes
Snow bins Yes Yes Yes Yes Yes
Weekend Yes Yes Yes Yes Yes
Year-Month-Area Yes Yes Yes Yes Yes

Adjusted R2 0.978 0.959 0.964 0.904 0.967
Observations 13,055 14,824 12,918 13,052 53,849

Standard errors in parentheses, clustered by area.
Temperature bins are indicators for incremental bins of 2.5 degrees Fahrenheit.
Snow is controlled for using 5 bins of inches of snow: 0,(0,3],(3,5], 5 and above.
* p < 0.1, ** p < 0.05, *** p < 0.01
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Appendix to Chapter 4
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Table B.1: Timeline of Mask Mandate by State

State 03/22 04/5 04/12 05/19 04/26 05/3 05/10 05/17 05/24 05/31 06/7 06/14 06/21 06/28 Total

Alabama 2 2

Alaska 1 24 25

Arizona 1 1 6 8

Arkansas 1 1

California 1 2 3 5 8 2 1 1 4 26 53

Colorado 1 1 1 2 1 47 53

Connecticut 7 7

Delaware 3 3

District of Columbia 1 1

Florida 1 1 1 1 1 3 6 14

Hawaii 2 2

Idaho 1 1

Illinois 1 1 80 82

Indiana 1 1 2 4

Kentucky 1 1

Maine 14 14

Maryland 23 23

Massachusetts 2 1 1 3 7 14

Michigan 1 71 72

Minnesota 1 1 1 3

Mississippi 1 7 8

Missouri 1 1

Montana 1 1

Nevada 15 15

New Hampshire 1 1

New Jersey 19 19

New Mexico 27 27

New York 56 56

North Carolina 1 1 1 1 2 88 94

Oklahoma 1 1

Oregon 6 6

Pennsylvania 61 61

Rhode Island 5 5

South Carolina 1 3 4

Utah 2 2

Vermont 13 13

Virginia 111 111

Washington 3 2 1 27 33

Wyoming 1 1 1 3

Total 1 2 26 160 34 195 18 37 7 121 2 1 90 150 844

100



Figure B.1: Kernel density of cumulative per capita cases
before and after removing counties with average cumulative per capita cases lower

than the lowest average in the set of treated counties.
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Figure B.2: Treated counties in the sample used for inference.
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Figure B.3: Donor counties in the sample used for inference.

Figure B.4: 6 model specifications: treated vs. synthetic.
The grey area is the 14-day validation period. Model 4 has the lowest RMSPE in

the validation period, and was selected to calculate the effects and inference.
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Figure B.5: 6 model specifications: difference between treated and synthetic.
The grey area is the 14-day validation period. Model 4 has the lowest RMSPE in

the validation period, and was selected to calculate the effects and inference.
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(2020). Social and behavioral consequences of mask policies during the covid-19
pandemic. Proceedings of the National Academy of Sciences 117 (36), 21851–21853.

Bishop, K. C., N. V. Kuminoff, H. S. Banzhaf, K. J. Boyle, J. C. Pope, V. K. Smith,
C. D. Timmins, and K. von Gravenitz (2019). Best practices in using hedonic prop-
erty value models for welfare measurement. Review of Environmental Economics
and Policy 43.

BLS (2020). Bureau of labor statistics. https://www.bls.gov/news.release/pdf/
empsit.pdf.

Boyd, J., P. Ringold, A. Krupnick, R. Johnson, M. Weber, and K. M. Hall (2015).
Ecosystem services indicators: improving the linkage between biophysical and eco-
nomic analyses. Resources for the Future Discussion paper , 15–40.

Bresnahan, B. W., M. Dickie, and S. Gerking (1997). Averting behavior and urban
air pollution. Land Economics , 340–357.

Brown, J., T. Hossain, and J. Morgan (2010). Shrouded attributes and information
suppression: Evidence from the field. The Quarterly Journal of Economics 125 (2),
859–876.

Burby, R. J. and D. E. Strong (1997). Coping with chemicals: blacks, whites, planners,
and industrial pollution. Journal of the American Planning Association 63 (4),
469–480.

Bureau of Economic Analysis (2018). Gdp by county, metro, and other areas. https:
//www.bea.gov/data/gdp/gdp-county-metro-and-other-areas.

CDC (2020). Centers for disease control and prevention - united states covid-19 cases
and deaths by state. https://covid.cdc.gov/covid-data-tracker/#cases_

casesinlast7days.

Chan, N. and C. Wichman (2018). The effects of climate on leisure demand. Technical
report, RFF Working Paper 17-20-REV, Resources for the Future, Washington DC.

106

https://www.bls.gov/news.release/pdf/empsit.pdf
https://www.bls.gov/news.release/pdf/empsit.pdf
https://www.bea.gov/data/gdp/gdp-county-metro-and-other-areas
https://www.bea.gov/data/gdp/gdp-county-metro-and-other-areas
https://covid.cdc.gov/covid-data-tracker/#cases_casesinlast7days
https://covid.cdc.gov/covid-data-tracker/#cases_casesinlast7days


Chang, T., J. Graff Zivin, T. Gross, and M. Neidell (2016). Particulate pollution
and the productivity of pear packers. American Economic Journal: Economic
Policy 8 (3), 141–69.

Chen, S., P. Oliva, and P. Zhang (2017). The effect of air pollution on migration:
evidence from china. Technical report, National Bureau of Economic Research.

Chernozhukov, V., H. Kasaha, and P. Schrimpf (2020). Causal impact of
masks, policies, behavior on early covid-19 pandemic in the us. arXiv preprint
arXiv:2005.14168 .

Chetty, R., A. Looney, and K. Kroft (2009). Salience and taxation: Theory and
evidence. American economic review 99 (4), 1145–77.

Chung, H., D. Freund, and D. B. Shmoys (2018). Bike angels: An analysis of citi
bike’s incentive program. In Proceedings of the 1st ACM SIGCAS Conference on
Computing and Sustainable Societies, pp. 1–9.

Citi Bike (2017). System Data. https://www.citibikenyc.com/system-data. Ac-
cessed: 2017-12-10.

Clark, L. P., D. B. Millet, and J. D. Marshall (2017). Changes in transportation-
related air pollution exposures by race-ethnicity and socioeconomic status: out-
door nitrogen dioxide in the united states in 2000 and 2010. Environmental health
perspectives 125 (9), 097012.

Collins, T. W., S. E. Grineski, and J. Chakraborty (2015). Household-level disparities
in cancer risks from vehicular air pollution in miami. Environmental Research
Letters 10 (9), 095008.

Conlisk, J. (1996). Why bounded rationality? Journal of economic literature 34 (2),
669–700.

Currie, J., J. G. Zivin, J. Mullins, and M. Neidell (2014). What do we know about
short-and long-term effects of early-life exposure to pollution? Annu. Rev. Resour.
Econ. 6 (1), 217–247.

Davis, L. W. (2004). The effect of health risk on housing values: Evidence from a
cancer cluster. American Economic Review 94 (5), 1693–1704.

DellaVigna, S. (2009). Psychology and economics: Evidence from the field. Journal
of Economic literature 47 (2), 315–72.

Deschenes, O., M. Greenstone, and J. S. Shapiro (2017). Defensive investments and
the demand for air quality: Evidence from the nox budget program. American
Economic Review 107 (10), 2958–89.

107

https://www.citibikenyc.com/system-data


EPA AirData (2017). Query AirData. https://aqs.epa.gov/api. Accessed: 2017-
12-10.

Fischer, E. P., M. C. Fischer, D. Grass, I. Henrion, W. S. Warren, and E. Westman
(2020). Low-cost measurement of face mask efficacy for filtering expelled droplets
during speech. Science Advances 6 (36), eabd3083.

Freund, D., S. G. Henderson, E. O’Mahony, and D. B. Shmoys (2019). Analytics
and bikes: Riding tandem with motivate to improve mobility. Interfaces 49 (5),
310–323.

Fullman, N., B. Bang-Jensen, G. Reinke, B. Magistro, K. Amano, J. Wilkerson, and
C. Adolph (2020). State-level social distancing policies in response to covid-19 in
the us. http://www.covid19statepolicy.org.

Gabaix, X. and D. Laibson (2006). Shrouded attributes, consumer myopia, and
information suppression in competitive markets. The Quarterly Journal of Eco-
nomics 121 (2), 505–540.

Galiani, S. and B. Quistorff (2017). The synth runner package: Utilities to automate
synthetic control estimation using synth. The Stata Journal 17 (4), 834–849.

Gallagher, J. (2014). Learning about an infrequent event: evidence from flood in-
surance take-up in the united states. American Economic Journal: Applied Eco-
nomics , 206–233.

Greenstone, M. and R. Hanna (2014). Environmental regulations, air and water
pollution, and infant mortality in india. American Economic Review 104 (10),
3038–72.

Greenstone, M. and B. K. Jack (2015). Envirodevonomics: A research agenda for an
emerging field. Journal of Economic Literature 53 (1), 5–42.

Haninger, K., L. Ma, and C. Timmins (2017). The value of brownfield remediation.
Journal of the Association of Environmental and Resource Economists 4 (1), 197–
241.

Harrison Jr, D. and D. L. Rubinfeld (1978). Hedonic housing prices and the demand
for clean air.

Hausman, C. and S. Stolper (2020). Inequality, information failures, and air pollution.
Technical report, National Bureau of Economic Research.

He, J., H. Liu, and A. Salvo (2019). Severe air pollution and labor productivity:
Evidence from industrial towns in china. American Economic Journal: Applied
Economics 11 (1), 173–201.

108

https://aqs.epa.gov/api
http://www.covid19statepolicy.org


Heutel, G. and C. J. Ruhm (2016). Air pollution and procyclical mortality. Journal
of the Association of Environmental and Resource Economists 3 (3), 667–706.

Holtz, D., M. Zhao, S. G. Benzell, C. Y. Cao, M. A. Rahimian, J. Yang, J. N. L.
Allen, A. Collis, A. V. Moehring, T. Sowrirajan, et al. (2020). Interdependence
and the cost of uncoordinated responses to covid-19.

Hossain, T. and J. Morgan (2006). ... plus shipping and handling: Revenue (non)
equivalence in field experiments on ebay. The BE Journal of Economic Analysis &
Policy 6 (2).

Huberman, G. and T. Regev (2001). Contagious speculation and a cure for cancer:
A nonevent that made stock prices soar. The Journal of Finance 56 (1), 387–396.

Ito, K. and S. Zhang (2020). Willingness to pay for clean air: Evidence from air
purifier markets in china. Journal of Political Economy 128 (5), 000–000.

Karaivanov, A., S. E. Lu, H. Shigeoka, C. Chen, and S. Pamplona (2020). Face
masks, public policies and slowing the spread of covid-19: Evidence from canada.
Technical report, National Bureau of Economic Research.

Keystone Strategy (2020). Covid19-intervention-data. https://www.

keystonestrategy.com/coronavirus-covid19-intervention-dataset-model/

https://github.com/Keystone-Strategy/covid19-intervention-data#

covid19-intervention-data.

Kheirbek, I., K. Wheeler, S. Walters, G. Pezeshki, D. Kass, and T. Matte (2011). Air
pollution and the health of new yorkers: The impact of fine particles and ozone.
Environmental protection.

Lavy, V., A. Ebenstein, and S. Roth (2014). The impact of short term exposure
to ambient air pollution on cognitive performance and human capital formation.
Technical report, National Bureau of Economic Research.

Lelieveld, J., J. S. Evans, M. Fnais, D. Giannadaki, and A. Pozzer (2015). The
contribution of outdoor air pollution sources to premature mortality on a global
scale. Nature 525 (7569), 367.

Leung, N. H., D. K. Chu, E. Y. Shiu, K.-H. Chan, J. J. McDevitt, B. J. Hau, H.-L.
Yen, Y. Li, D. K. Ip, J. M. Peiris, et al. (2020). Respiratory virus shedding in
exhaled breath and efficacy of face masks. Nature medicine 26 (5), 676–680.

Lichter, A., N. Pestel, and E. Sommer (2017). Productivity effects of air pollution:
Evidence from professional soccer. Labour Economics 48, 54–66.

Liu, H. and A. Salvo (2018). Severe air pollution and child absences when schools
and parents respond. Journal of Environmental Economics and Management 92,
300–330.

109

https://www.keystonestrategy.com/coronavirus-covid19-intervention-dataset-model/
https://www.keystonestrategy.com/coronavirus-covid19-intervention-dataset-model/
https://github.com/Keystone-Strategy/covid19-intervention-data#covid19-intervention-data
https://github.com/Keystone-Strategy/covid19-intervention-data#covid19-intervention-data


Local Climatological Data (2017). National Climatic Data Center (NCDC). https:

//www.ncdc.noaa.gov/cdo-web/datatools/lcd. Accessed: 2017-12-10.

Lyu, W. and G. L. Wehby (2020). Community use of face masks and covid-19: Ev-
idence from a natural experiment of state mandates in the us: Study examines
impact on covid-19 growth rates associated with state government mandates re-
quiring face mask use in public. Health Affairs 39 (8), 1419–1425.

Matějka, F. and A. McKay (2015). Rational inattention to discrete choices: A new
foundation for the multinomial logit model. American Economic Review 105 (1),
272–98.

McGovern, T., S. Larson, B. Morris, and M. Hodges (2016). Presidential election
results for 2008, 2012, and 2016 from the guardian and townhall.com. https:

//github.com/tonmcg/US_County_Level_Election_Results_08-16.
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