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Abstract

I study whether heightened air pollution leads to emotional and cognitive responses

at the infra-marginal level. To address this question, I employ geolocated, times-

tamped Twitter microdata. Using an original dataset of over 30 million unique Tweets,

I observe linguistic responses to varying levels of pollution across the U.S.. I find

that Tweets from higher-pollution backgrounds are more negative and aggressive than

Tweets from observably similar backgrounds with less pollution. Additionally, I find

evidence that higher-pollution Tweets score cognitively lower for some groups, but oth-

erwise have little to no effect. I find that lower cognitive-scoring users Tweet less as air

quality worsens, but individual users Tweet at a lower level. I also find that originally

negative and cognitively low-scoring Tweets are more vulnerable to air pollution’s neg-

ative effects than high-scoring Tweets.
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1 Introduction

Air pollution is an ever-growing part of industrial life, as it is a byproduct of many processes

that increase consumption and welfare. At the same time, air pollution can directly affect

welfare itself if people have a preference for cleaner air. To determine the utility-maximizing

level of air pollution, it is important to know all the direct costs of air pollution. Two of these

costs are people’s cognitive and emotional responses to air pollution. If worse air quality

causes people to be more negative or cognitively impaired, it could result in significant

economic costs policymakers need to consider.

What are the impacts of air pollution on the cognition and emotion of those subject to

it? This paper exploits a unique dataset of 30 million geolocated Tweets over a three-month

period to examine linguistic responses to air pollution. From each Tweet, I extract measures

of sentiment and writing level from the text using natural language processing techniques.

Then, I exploit the availability of location and time markers to create a two-way fixed effects

identification. I compare the cognitive and emotional outcomes for Tweets within the same

region on high and low pollution days in that region, controlling for the overall pollution of

the day and the weather in the day-location. This paper addresses the question of how the

emotional and cognitive qualities of language are affected by air pollution.

Heightened air pollution has been studied in epidemiological and toxicological settings,

and is related to both short and long-term health outcomes (Pope et al., 2009; Archsmith

et al., 2018; Dockery et al., 1993). In economics specifically, research has demonstrated air

pollution exposure can affect physical health, cognitive ability, mental health, and crime

among other outcomes (Schlenker and Walker, 2015; Hanna and Oliva, 2015; Chen et al.,

2018; Burkhardt et al., 2019). Health effects are large at an individual level, but relatively

infrequent (Schlenker and Walker, 2015). Cognitive effects also have mainly been studied in

test-like situations, which involve cognitive tasks such as math problems that are uncommon

in daily life, and they are unstudied in writing contexts (Chen et al., 2018).

This paper adds to the literature in three ways. First, I analyze the effect of contempo-

raneous air pollution on infra-marginal outcomes in a new context by focusing on writing-

related tasks. Previous studies on cognitive and emotional effects of pollution use tests or

surveys, where I analyze writing that users themselves choose to publish, independent of

research. As a result, this study may better approximate the true effect of pollution on emo-

tional and cognitive outcomes and identifies the effect in a new context. Second, I improve

on the external validity of previous work, which often uses smaller samples or populations

outside the U.S. which typically are exposed to more air pollution. Third, I make small

methodological improvements to the use of Twitter data in economics. I construct mea-
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surements of heterogeneity for outcomes by analyzing the e�ects of air pollution at di�erent

percentiles of Tweets.

I �nd that worse air quality can lead to a statistically signi�cant increase in the share of

negative words1 from Tweets. Similarly, I �nd that worse air quality leads to a signi�cant

increase in the propensity of a Tweet to contain a curse word. In contrast, I �nd that

changes in AQI have mixed e�ects on cognitive measures of a Tweet, speci�cally the Flesch-

Kincaid \grade level" of a Tweet. These results are robust to a variety of speci�cations and

are not explained by weather or time-related phenomena such as day-of-week or holidays.

By incorporating user �xed-e�ects, I demonstrate that changes in the sample composition

of users caused by air quality shifts have little impact on the results shown for emotional

outcomes, but signi�cant impacts on grade level. I �nd evidence that when air quality

worsens, individual users Tweet at a lower cognitive level, but many previously low-level

Tweeters will not Tweet at all. Next, I focus on understanding heterogeneity in my results.

By concentrating on di�erent percentiles in the distribution of Tweets, I show that additional

air pollution a�ects Tweets at lower grade levels more than Tweets at higher grade levels.

My results have important implications for future research and policy. Air pollution is

a global issue that most economists agree demands regulation, so estimating its true cost is

necessary (WSJ, 2019). My results indicate there are signi�cant, but understudied, e�ects

of pollution beyond high-stakes health shocks or cognitive tests. As a result, an estimated

social cost of pollution might be understated by the current scope of research. This cost is

imperative to be accurate, as it is used in policymaking to set pollution caps and taxes as

well as alternative energy subsidies.

2 Literature Review

This paper �ts in both the large literature on the cumulative costs of air pollution and the

small but rapidly developing literature on the use of social media microdata in economic

analysis. Studies from a variety of disciplines have concluded that the costs of air pollution

are large and span a wide range of outcomes (Manisalidis et al., 2020; Zivin and Neidell,

2012). First, epidemiological, toxicological, and economic research have shown large e�ects of

air pollution on health (Pope et al., 2009; Schlenker and Walker, 2015). Many of these studies

focus on the long-term e�ects of continuous exposure to air pollutants rather than the e�ect of

short-term exposure to air pollution. There exists a few papers in the health literature, such

1According to the VADER Negative Sentiment Score outlined in (Hutto and Gilbert, 2014). This is
precisely calculated by determining the total negative valence score (the sum of all negative words weighted
by their negativity) and then normalizing by the total valence score to be between 0 and 1.
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as Schlenker and Walker (2015) which study the impacts of contemporaneous air pollution on

health outcomes of interest (Knittel et al., 2016; Currie and Walker, 2011). However, these

studied events are all rare and costly, such that an increase in air pollution will not a�ect

most people on the margin. My paper di�erentiates by focusing on small, but general, shifts

in behavior, rather than previously identi�ed large health shocks. This identi�es the infra-

marginal e�ects of contemporaneous air pollution that impact entire populations, rather

than large shocks that may only a�ect relatively small groups. Together with Schlenker and

Walker (2015), my paper presents a more complete view of the large, rare as well as the

small, common harms of contemporaneous air pollution.

Next, there is a signi�cant number of studies on the relationship between air pollution

and mental health Chen et al. (2018); Szyszkowicz et al. (2009). Calder�on-Garcidue~nas et al.

(2014) identi�es di�erences in prefrontal cortex size from MRI scans as a result of pollution

exposure, and linked this with cognitive and emotional dysfunction. Chen et al. (2018) shows

a link between air pollution and mental illness across China. Burkhardt et al. (2019) shows

a relationship between contemporaneous air pollution and criminal activity, an indication

that air pollution may spawn aggressive behavior. In these contexts, this paper shows the

infra-marginal e�ects that contemporaneous pollution might have on populations without

shifting individuals from healthy to mentally ill or law-abiding to aggressive criminals. Since

behavioral outcomes are historically di�cult to measure, this paper is the �rst to my knowl-

edge to explore the low-stakes impact of air pollution on behavioral outcomes, as opposed to

the previously studied catastrophic outcomes. Similar to my paper's relationship with the

physical health literature, this paper forms a more complete picture of the individual-level

e�ects of air pollution by estimating the small, wide-reaching costs of air pollution on mental

health.

Heightened air pollution for a sustained period has also been suggested to shift cognitive

abilities (Chen et al., 2018; Zare Sakhvidi et al., 2022; Braithwaite et al., 2019). Long-term

pollution exposure can reduce student test scores, labor productivity, and increase poor

decision-making (Ebenstein et al., 2016; Chang et al., 2016; Sager, 2019; Chang et al., 2019).

Most relevantly, Chen et al. (2018); Krebs and Luechinger (2021) argues that short periods

of exposure to increased pollution have small, but signi�cant e�ects on verbal and math

test scores. However, these papers all identify cognitive ability through explicit tests, which

may not be representative of how pollution impacts our everyday lives. By using Twitter

microdata rather than a formal cognitive exam, this paper tests whether those results are

robust in everyday situations by looking at writing ability in an activity the population

choosesto partake in, not a task given to them.

Finally, there is a small and growing literature on the use of social media or microblogging
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data to perform economic analysis to which this paper belongs. Natural language process-

ing techniques such as sentiment analysis have a history of use in economics Gentzkow et al.

(2019). Twitter data has also been used in various contexts, such as determining the impacts

of public �gures' statements on �nancial markets, identifying extremist rhetoric, and under-

standing economic uncertainty (Bianchi et al., 2021; Mitts, 2021; Chen and Chen, 2022).

Most related is Baylis (2020), which links negative sentiment and aggression in Tweets to

extreme temperatures. This paper follows much of the same approach as Baylis, with addi-

tional methodological extensions. First, I take extra focus on cognitive outcome variables in

addition to the emotional outcomes Baylis studies. Furthermore, I also exploit Tweet-level

data to identify the heterogeneous impacts of air pollution.

This paper adds to the literature by asking if air pollution may a�ect emotional and

cognitive outcomes in another dimension{how we communicate with others. Sending a Tweet

is indicative more broadly of how we write and communicate with others and is dependent

on our mental and emotional states at the time of sending. This is the �rst paper to my

knowledge that examines how our communication changes as a result of air pollution, which

can result in a large, previously missing cost when determining the total impact of air

pollution. While previous papers have examined much larger emotional costs such as mental

health diagnoses or suicide rates, I examine more universal outcomes that a�ect how we

approach everyday life.

3 Data

3.1 Twitter Data

From May 30th to August 19th, 2022, I continuously2 streamed Tweets from the Twitter

API. Each Tweet consists of the Tweet's text, a location region (roughly pertaining to a

city/town 3.) the Tweet was sent from, and the time at which it was sent. I drop retweets to

focus on original content production. I drop non-geotagged Tweets and Tweets geotagged

outside of the United States for practical reasons. The result is over 30 million unique

Tweets across 3168 unique regions in the United States. Figure 1 presents a map of all

locations included in my sample. A locations's size is anywhere between a portion of a

2Tweets were continuously streamed apart from a handful of brief periods of downtime for technical
issues, generally ranging between a few hours and a few days. These periods were random as a result of
technical errors, and have no relationship to any outcome variables or air pollution at the time.

3Tweet locations are given with corresponding \place names" and their sizes 
uctuate in order to balance
populations across di�erent regions. New York City, for instance, has di�erent regions de�ned for each
borough. Each location is given a bounding box of where the Tweet could be sent within, which is consistent
for wherever the Tweet was sent in that bounding box. Find more info here.
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city's metropolitan area and a county, depending on the population density of the area. The

regions are smaller than a typical CBSA, usually only containing the population center of

that area. This ends up being a strength of the data, as more speci�c locations allow me

to get better air pollution estimates for observations in that location. I aggregate Tweets at

a location-day level for computational reasons, making one unit of observation a location-

day in the main results. I choose to not present results at the user-day level to allow for

infrequent Tweeters to be included in my analysis, improving the external validity of the

results. At times, I take advantage of my data's granularity by breaking down my data to

the user-day level, and I make a note when doing so.

My dataset consists of approximately 130,000 location-days. A major concern is that

this data is not representative of the U.S. population. One possibility is that this data may

be dominated by few locations, as small geographic areas such as Los Angeles or New York

create a disproportionately large number of Tweets. If only a few geographies drive my

results, then it would be di�cult to apply my �ndings externally. Figure 2 presents the

distribution of the number of Tweets on each location-day. It is clear that the data is not

dominated by a few location-days, as most of the Tweets in the sample come from location-

days with a few hundred to 2500 Tweets. A still signi�cant portion of the Tweets come from

location-days with multiple thousands of Tweets. There exists a small, but signi�cant tail

of a few locations that contribute a large number of Tweets, but far from the majority of

Tweets in the sample. The aggregation of Tweets at a location-day level adds to the power

of the results, as the data includes not solely the 130,000 observations, but the thousands

of Tweets each observation contains. Another possibility that would present a problem is

if geolocated users in each location were fundamentally di�erent than non-geolocated users

in the same location. I defer to Baylis (2020), which collects Twitter data using the same

process as me and demonstrates that the geolocated Tweets have the same distribution of

sentiment as non-geolocated Tweets, use the same most common words, and are sent at

the same time of day. Finally, while Twitter has slightly di�erent demographics from the

U.S. population at-large, evidence from sentiment measures indicates that the two groups

are similar enough that Twitter users can be considered representative of the population

(Baylis, 2020).

While raw Tweets themselves may be interesting for qualitative analysis, they lack the

ability to be used in quantitative analysis without being translated into data via natural

language processing techniques. I categorize the data from natural language processing

techniques in this paper into cognitive and emotional measures. I �rst compute measures at

the Tweet level, then take the mean score of all Tweets in each observation to aggregate up

to the observation's measure.
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To measure the cognitive value of a Tweet, I calculate the Flesch-Kincaid (F-K) grade

level score of each Tweet (Kincaid et al., 1979). The F-K grade level of a passage is designed

to measure approximately how complex a passage of English is. It is particularly useful

in this case because, unlike other standard tests of readability, it does not require a large

passage to be sampled from, making it feasible in microblogging contexts, and is a common

readability measure used in the sciences (Albright et al., 1996; Badarudeen and Sabharwal,

2010; Cooley et al., 1995). The grade level is computed using the number of words per

sentence and the number of syllables per word. Sentences that have many words in each

sentence and many syllables in each word are considered complex and therefore score a higher

grade level. I de�ne a Tweet without punctuation or a line-break as one individual sentence.4

One important note is that while the F-K grade level can at most values be considered close

to a school reading level, they are not direct parallels, especially at extrema. F-K grade

levels have no upper bound if sentences become in�nitely long or words have on average

in�nitely many syllables. Since scored grade levels can often supersede the standard levels

of American schooling, I bound scores to [0; 16]. Results remain robust when including

the original scores or when entirely removing outlier Tweets. In an extension of the main

results, I also run regressions on various percentiles of grade levels. In these cases, rather than

averaging all of the grade levels of a location-day together, I take the respective percentile

from the distribution. This allows me to capture the changes in the distribution of grade

level{ whether pollution's impact comes through a channel of a�ecting higher or lower grade

level Tweets.

I use two techniques to estimate the emotional value of a Tweet. First, I use a standard

and well-documented sentiment analysis dictionary, the VADER lexicon (Hutto and Gilbert,

2014). VADER is speci�cally designed for microblogging contexts, such as Tweets, and is

considered a standard sentiment analysis method for a corpus of many Tweets because of its

speed and accuracy on many di�erent datasets. It works by scoring individual words, phrases,

and key grammatical structures (i.e. \not good" is scored as \bad"), and then averaging

the scores across the passage. The VADER \compound score" is the standard Python

implementation in the Natural Language Toolkit package and scores a passage between -1

and 1, with a score of -1 as the most negative, a score of 0 considered to be neutral, and 1

as the most positive (Bird et al., 2009). I scale these scores by 100 to aid in interpretation,

which leaves results unchanged. I similarly scale the VADER \negative score" to between

0 and 100, interpreted as the share of the passage that is negative. The passages that only

4This would present a concern if less pollution resulted in less punctuation, arti�cially making sentences
longer and increasing F-K scores. Since intuitively air pollution would lower the use of proper punctuation,
this is likely to bias my estimates towards 0.
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use the most negative words are assigned a score close to 100, while a passage that has no

negative words would be assigned a score of 0 (see the Appendix for more information and

sample scoring). I also calculate percentiles in the distribution of Tweets on each location-

day for further extensions into the distributional impacts of air pollution. Additionally, I

take advantage of the aggregation of many Tweets into one location-day to measure the

emotionality of a Tweet{the likelihood of a Tweet containing a curse word.5 Tweets that

have curses are likely to contain heightened emotions, are stylistically emphasized, indicate

pain, or are about adult topics (Janschewitz and Kristin, 2012). From a list of curse words,

I calculate the percentage (the share� 100) of Tweets in a location-day containing a curse

word, which is resistant to outlier Tweets that may contain many curses.

Table 1 summarizes the variables used in the empirical analysis. Rows 4 through 6

of Table 1 restrict the sample data to location-days with speci�c AQI levels and provide

important motivation for the rest of the paper. When air pollution is higher, a location

has more negative, lower grade levels, and higher cursing Tweets. I aim to identify the

causality of this relationship in Sections 4 and 5. One potential concern is that there is

limited variation in the distributions of these newly de�ned output variables. Figure 3 shows

the distribution of the outcome variables across the dataset in order to alleviate this concern.

One important characteristic of the data is that there must be signi�cant variation within

locations in order to identify any causal link between air pollution and outcomes. The �nal

two rows of Table 1 show that this variation does exist.

3.2 Air Quality and Weather Data

I obtain air quality data from the EPA's Air Quality Survey (AQS) PM2.5 API, which

provides air quality using the o�cial U.S. Air Quality Index (AQI) (US Environmental

Protection Agency). The AQS measures the AQI based on the PM2.5 concentration in

the air around the monitor location, such that a lower score is considered to be cleaner air

(United States Environmental Protection Agency). An important point is that the AQS

does not collect data by location, but by monitor. I aggregate my data up from the monitor

to the location level by averaging the reports of all monitors located in the location. One

concern is that each monitor does not necessarily collect data every day, leaving holes in the

data. I drop all location-days where there is no pollution information.6

Figure 4 displays the distribution of AQIs for location-days over my sample. The average

5I use the Better Profanity package to identify curses, which works particularly well on Tweets because
of its recognition of misspelled or altered curses, like ones that have vowels replaced with "*" (pro, 2021).

6Zivin and Neidell (2012) use interpolation to �ll in missing pollution data, which is a slight majority of
all location-days. I elect instead to drop these entries and can consider interpolation at a later point.
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AQI reading in the sample is 33.33 with a standard deviation of 15.11. The EPA de�nes air

quality to only begin posing a \Moderate Threat" when the AQI is above 50 and does not

de�ne air pollution as \Unhealthy for Sensitive Groups" until AQI reaches above 100. My

sample does not include any data with AQIs the EPA deems \Unhealthy", \Very Unhealthy",

or \Hazardous", as these conditions rarely occur across entire locations in the U.S. As a

result, my data spans only air pollution ranges that the EPA considers being safe and are

unlikely to be explicitly noticeable by people. This is a strength of the data, as it captures

e�ects at generally considered healthy levels of pollution. It also hints that, at higher levels

of pollution, there is potential for larger magnitudes of e�ects. The e�ects of air pollution

that I �nd occur in air quality regularly experienced in the U.S. without explicitly noticeable

discomfort.

Baylis (2020) shows that temperature, which is related to pollution, can be linked to emo-

tional outcomes, so it is important to control for the weather to identify a causal relationship

(National Weather Service). As a result, I collect temperature and precipitation data from

the National Oceanic and Atmospheric Administration (NOAA) through the python package

meteostat (Lamprecht, 2023). I perform a similar aggregation approach for weather data

as for air quality data, by taking the average of NOAA monitors across the location. For

temperature data, I �nd my results are robust to controlling for the maximum, average, and

minimum temperature across a location, as well as amount of precipitation.

4 Empirical Strategy

I seek to determine the e�ect of air pollution on cognitive and emotional responses within

writing. To that end, I identify the causal e�ect of air quality on an array of outcome

variables using a panel �xed e�ects model. First, I treat air quality as a continuous exogenous

variable to capture a linear relationship. Then, using a 
exible functional form for my main

results, I treat AQI as a series of bins in order to capture nonlinearities in the dose-response

function. The 
exibility is justi�ed because the EPA's categorization of di�erent AQI scores

suggests di�erent bins of severity, and intuition suggests that the dose-response function

of air pollution may be nonlinear. Speci�cally, there might be a breaking point where the

costs of harmful air ramp up or a point where all of the damage of harmful air has already

been done. By using a panel dataset, I am able to control for unobservable cross-sectional

or temporal characteristics that may a�ect my outcome variables. Cities, for instance, have

on-average higher cognitive-scoring Tweets, and Tweets on Saturdays are more positive than

on Tuesdays. Standard regression would not account for these threats if cities or Saturdays

tended to have more pollution as well. Using location and time �xed-e�ects, I am able to
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account for these unobservable characteristics to identify a causal relationship. I estimate

the following models:

�Ocd = �A cd + Tcd + Pcd + � c + � time + � cd (1)

�Ocd = f (Acd) + Tcd + Pcd + � c + � time + � cd (2)

where c and d index location and day. �Ocd is the location-day average of the outcome

variables as described in Section II.Tcd and Pcd are the daily maximum temperature on the

location-day and the amount of precipitation on the location-day, respectively.Acd is the

AQI for the location-day, such that the coe�cient of interest in equation (1) is � . In equation

(2), let f (Acd) =
P B

b � bAb
cd, whereAb

cd is an indicator variable equal to one ifAcd falls in the

given bin b. Here, the� 's are the coe�cients of interest. � c represents location �xed e�ects,

and � time represents temporal controls of day-of-week and holiday �xed e�ects. Results are

robust using day-of-sample �xed e�ects as well.� cd is the unclustered error term, but results

are robust to clustering both by location and location-day.

To allow for location-days with more Tweets to be weighted stronger, I use weighted

regressions based on the average number of Tweets in the location over the sample period.

A potential problem with weighting by Tweet count is that a user's decision to send a Tweet

may itself be a function of pollution. By using the average Tweet count across the location,

I avoid these concerns and can weight without endogeneity threats. Another bene�t of

weighting my results is that I am able to estimate the Tweet-level response, rather than

the location level response, which more accurately portrays the true costs of emotional and

cognitive damage from air pollution.

Ab
cd speci�es AQI bins of 10 points running between 0 and 80, with an edge bin for all

observations with an AQI greater than 80. Results are robust to various bin size choices. In

each case, I choose the bin that contains 25 AQI as the omitted category, which does not alter

the shape or signi�cance of any of my outcome response results. My identifying assumption

is that deviations in air quality are as good as random after accounting for variation by

location, day-of-week, presence of holidays, temperature, and precipitation. Conditional on

the assumption above, the coe�cients� s are the average change in the outcome variable

resulting from replacing a day in the omitted bin with a day in air quality bin b.

One potential concern to identi�cation is additional variables that correlate both with

AQI and our outcome measurements. For instance, heightened tra�c can spur worse air

quality, but also might make people unhappy directly. This relationship may lead to� s

being overestimated, but only if daily tra�c variation cannot be explained by holiday or
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day-of-week �xed e�ects. Another possible concern is heterogeneous measurement error

in air quality. Because of the method used to estimate air quality, I often rely upon few

AQI monitor readings to infer the air quality for a larger location. Some locations have

more monitors of higher accuracy that report more frequently than others, leading to more

accurate AQI measures in certain locations. This can bias� s towards 0. Similarly, air quality

can 
uctuate throughout the day, introducing further measurement error when we assume

that a Tweet was sent with a certain level of pollution, further biasing my estimators towards

0. Another concern is that avoidance behavior may cause Tweeters to move inside under

certain levels of air pollution, or make some Tweeters less likely to send a Tweet resulting

in compositional sorting (Heckman 1979). The �rst concern biases� towards 0. The second

has a more ambiguous e�ect, which I examine in Section 6. Finally, it is important to note

that the � 's represent an intention to treat e�ect rather than an average treatment e�ect.

This is due to the fact that not every Tweeter in a location with AQI A will actually be

exposed to the air when sending their Tweet. This further biases� 's towards 0. However,

this lower bound may not be as large as one would expect, since work has shown that much

of the PM2.5 exposure we face actually occurs while indoors (Martins and da Gra�ca, 2018).

5 Results

Table 1 suggests a relationship between air quality and the cognitive and emotional values

associated with a Tweet. In this section, I estimate equations (1) and (2) in order to

test this relationship causally. I �nd statistically signi�cant declines in emotional measures

resulting from worse air quality, but insigni�cant results from cognitive measures. This

suggests a straightforward, linear relationship between the emotional value of a Tweet and

the air pollution it was sent at. At the same time, the writing quality of Tweets is generally

una�ected by changes in AQI. In Section 6, I explore some of the questions motivated by

these main results.

5.1 Linear Results

Figure 5 and Table 2 report the estimated e�ect of AQI on our outcome variables of interest.

As reported in column (2), a one-standard-deviation increase in AQI exposure (worse air

quality) is estimated to cause a 0.025 standard deviation decrease in VADER Compound

Sentiment. This appears to be small, but its signi�cance is worth noting as the total cost

of the e�ect is across an entire population. I also estimate an intent-to-treat e�ect, which

constructs a lower bound on the average treatment-on-the-treated e�ect. In column (1), I
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�nd results for compound sentiment that mirror column (2), such that compound sentiment

is lower (worse-o�) when pollution increases. In column (4), I similarly �nd that increased

AQI causes a statistically signi�cant increase in the likelihood of a Tweet containing a curse

word, evidence that air pollution may cause more adult, emotional, or extreme behavior.

These results showcase the infra-marginal e�ects of contemporaneous air pollution. While

other parts of the literature identify that high air pollution may make us sick or su�er worse

exam scores, I show that even when air pollution does not cause a large shock such as a

mental health diagnosis, it can have signi�cant e�ects on emotional well-being enough to

cause noticeable shifts in language use (Schlenker and Walker, 2015; Chen et al., 2018).

On the other hand, I �nd that the � for grade level is not statistically signi�cant, is

small, and is positive (the opposite sign of what is considered intuitive). These results are

further explored in my main results in Table 3 and indicate that additional air pollution at

the values in my sample has no signi�cant e�ect on writing ability. There are a couple of

possible explanations for why this e�ect may be taking place. First, my empirical design

introduces a lot of noise. Not all users may be Tweeting while exposed to air pollution, and

the F-K grade level in measuring Tweets can be imprecise and introduce randomness. By

contracting the sample, I may �nd o�setting signi�cant e�ects{grade level of some users may

increase while others may decrease. For example, low-grade users may be made worse o�

as a result of air pollution, while high-grade users now talk about more complex topics like

politics in response to heightened pollution, arti�cially increasing their grade level. Here,

these e�ects may o�set to create the null result, when in reality there are multiple competing

e�ects. Another possibility is that selection into the sample of Tweeters plays a signi�cant

role. As air pollution worsens, some low-grade users may become less likely to Tweet, which

can make it appear that a location's grade level remains unchanged, even if users within the

location are made worse o�. I explore these possibilities further in Section 6.

5.2 Nonlinear E�ects of AQI on Cognitive and Emotional Out-

comes

Table 3 and Figure 5 present my main results, which utilize the same TWFE identi�cation,

but allow for nonlinearity in the e�ect of air pollution. By allowing for 
exibility, they

estimate a dose-response function to air pollution in the form of increased AQI. The results

for A 2 [a; b) can be interpreted as the e�ect of replacing a day of AQIA 2 [20; 30) with AQI

A 2 [a; b) instead. I �nd results largely consistent with Table 2, but the additional 
exibility

shows that e�ects do have nonlinearities across all outcome variables.

Column (1) of Table 3 and Panel A of Figure 6 re
ect results for VADER compound
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sentiment, and column (2) and Panel B shows results for VADER negative sentiment. Both

results contain time and location �xed e�ects to absorb variation based on location, day of

week, or holidays. Qualitatively, it seems e�ects on compound sentiment, negative sentiment,

and cursing percentage are linear up until an AQI of around 60, where the e�ects 
atten out.

For the compound sentiment, most values are statistically signi�cant from 0 and indicate

that an increase in air pollution translates to a decrease in overall sentiment. For negative

sentiment, many values are statistically signi�cant from 0.7 Panel D and Column (4) present

the fraction of Tweets containing curses on a location-day. I �nd a statistically signi�cant

relationship at some levels between cursing and air quality such that worsened air quality

increases the fraction of Tweets containing curse words. However, a drawback of the 
exible

form model is reduced power, which this su�ers from. A joint F-test is close to signi�cant

at a 10% level, and the dose-response function indicates my linear results from Table 3 are

likely true. The 
attening out of the dose-response functions for these outcomes suggests a

saturation e�ect. Since I think about a Tweet experiencing pollution as an intent to treat

(but not necessarily a treatment), a Tweet is only vulnerable to pollution exposure if it

is actually experiencing the treatment. Then, this saturation e�ect occurs when all of the

Tweets that are both treated and vulnerable to treatment, have been made more negative

from the increased AQI. Another possible explanation is that as AQI becomes su�ciently

large, people notice it and begin to exhibit avoidance behavior, or some people exposed choose

to no longer Tweet. I explore this possibility in Section 6. Of course, without studying a

sample with a wider range of AQI, it's impossible to know whether this trend will hold for

larger pollution scores, but it presents an interesting nonlinear phenomenon that could have

important political implications.

The negative relationships between emotional outcomes and increased pollution re
ect

similar results on contemporaneous pollution and mental health (Chen et al., 2018) and

pollution and aggressive behavior (Burkhardt et al., 2019). By identifying nonlinearities, I

add nuance to previous results found on pollution and emotional outcomes, which show a

relationship between crime and air pollution. I also contribute to the literature on emotional

outcomes by examining a strictly low-cost outcome. Unlike seeking a mental health diagnosis

or committing a crime, changing the language of a Tweet is costless and immediate. Similarly,

its measurement spans a continuous spectrum rather than a binary classi�cation. As a result,

I am able to capture a much more general infra-marginal e�ect. This adds an additional cost

of air pollution to the literature that was previously unobserved. While previous literature

shows that air pollution may cause people on the border to seek a diagnosis or commit a

7I �nd similar results across a range of speci�cations, including a true TWFE model with day-of-sample
�xed e�ects rather than time �xed e�ects, varying weather controls, and alternate bin sizes.
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crime, I show that air pollution also has signi�cant impacts on the people we previously did

not see any e�ect on.

Lastly, Panel C and column (3) present results for grade-level responses to AQI. I �nd

results that o�er more insight into the null result presented in column (3) of Table 2. At

small AQI levels (0-50), I �nd that grade level is not responding to increased air pollution.

This mirrors the e�ect found in Figure 5. However at high levels of pollution, I actually

�nd that gradae level starts to respond negatively to increased air quality. This indicates

that grade level may be impacted by air pollution, but a certain threshold of pollution

is required before these e�ects materialize. Overall, it appears as if grade-level e�ects in

writing from contemporaneous pollution are near zero and unnoticeable for much of the

levels of air pollution the U.S. experiences, but at large enough levels of pollution, an e�ect

may begin to take place. In the next section, I examine how this result may be the product

of heterogeneous e�ects and selection into the sample.

6 Extensions

This section expands upon the main results of the paper to give extra care to understand

the underlying mechanism behind the main results. First, I examine the e�ect that selection

into the sample has on the results, providing insight into whether the underlying mechanism

is a compositional one. Then, I examine the distributional e�ects of air pollution to better

understand the types of Tweets that are most a�ected by air pollution.

6.1 Selection into the Sample

Twitter users choose where, when, and whether they will Tweet, which may introduce a

selection bias into the main results of Figure 5 and Figure 6 as described by Heckman (1979)

and Baylis (2020). I will test for this concern by following Baylis' argument and exploiting

user-�xed e�ects on individual Tweets. The argument operates under the assumption that

there exist positive (high cognitive-scoring) and negative (low cognitive-scoring) users. Pos-

itive users only Tweet positive messages, and negative users only Tweet negative messages.

A concern would be that AQI only shifts the active balance between positive and negative

users, but does not a�ect a user's writing individually. My main econometric approach does

not account for the concern that locations may shift in their composition of users as AQI

varies, rather than making individual users better/worse o�. Figure 7 plots the dose-response

function for the number of Tweets sent on a location-day as a function of AQI. It is clear

that the number of Tweets sent on a location-day is statistically independent of the pollu-
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tion in that observation, which indicates that users are not choosing Tweet based on the air

quality. However, the possibility still remains that when air pollution worsens, a group of

positive users is swapped out for an equal-sized group of negative users. This would create

the main results, but would only mean that air pollution shifts the Twitter landscape, not

make individuals more negative.

To address this concern, what Baylis (2020) and I perform introduces user �xed-e�ects.

This removes the concern of di�erent users tweeting on days with higher/lower pollution by

controlling for the user directly. I estimate the following model:

�Ocd = �A cd + Tcd + Pcd + � i + � time + � cd (3)

This model replaces equation (1) with user �xed-e�ects rather than location �xed-e�ects.

In order to avoid computational concerns while using a disaggregated sample, I trim my

model to include only users who Tweeted on 5 or more unique days from the same location,

but sent less than 10 Tweets per day throughout the sample. While this model is useful

to examine the e�ect selection may play in my results, it is limited by the added rigidity

of user �xed-e�ects. Speci�cally, the incorporation of user e�ects means that infrequent

Tweeters are excluded from results, reducing external validity as the population that Tweets

frequently may be di�erent than the population of general users. Linear results are presented

in Figure 8. Nonlinear results lack power from shrinking the sample and are excluded.

For emotional outcomes, my results generally show the same pattern as Figure 5 and are

consistent with my linear estimates in both direction and magnitude. Since my user �xed-

e�ect results mirror my main results, I can rule out the idea that air pollution promotes

emotional negativity by increasing the proportion of negative users who are Tweeting. This

adds to evidence that air pollution's e�ect occurs at the user level{air pollution is something

that a�ects the person individually. This also corroborates the surrounding literature on air

pollution and emotional and cognitive outcomes. Since large shocks identi�ed in the rest of

the literature happen at the user level, it makes sense that small shifts would as well.

Examining grade level, on the other hand, shows that selectiondoes appear to have a

role in determining the grade level of Tweets. Using user �xed-e�ects, Figure 7 shows a

statistically signi�cant, negative relationship between air pollution and grade level of about

the same magnitude as air pollution on sentiment. This indicates that when air quality

decreases, some low-cognitive scoring users stop Tweeting, which inadvertently makes it

seem like grade level does not change. In reality, grade level at an individual level is actually

decreasing slightly, but many users not Tweeting negates this e�ect. However, an alternative

explanation is that this new negative e�ect is the result of the change in sample between

speci�cations. If frequent Tweeters are substantially di�erent than less frequent Tweeters,
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then my user �xed-e�ects results are actually measuring the e�ects of air pollution on a

di�erent population which is less likely to be externally valid. The next subsection adds

credence to this idea by demonstrating that the group being studied can play a strong role

in the results found. It appears that most groups seem una�ected cognitively by AQI,

but some groups experience substantial harm. If rare Tweeters are less likely to allow air

pollution to a�ect their writing level than frequent Tweeters, then that would explain the

results of Figure 8 independent of any concerns about selection into the sample.

6.2 Heterogeneity

In order to understand which Tweets are most a�ected by air pollution, I exploit Tweet-

level data to understand heterogeneity in the responses of di�erent Tweets belonging to the

same location-day. Using the same sample as for my main results in Table 3, I de�ne new

measures for compound sentiment and grade level that take advantage of the Tweet-level

data. Within each location-day, there exists a distribution of Tweets according to each

outcome variable. Intuitively, as air pollution varies, this distribution shifts. In my main

results, I consider the score for a location-day to be the average score of all Tweets within

that location-day in order to capture the shift that occurs from the center of the distribution.

Now, I explore the possibility that the distribution of Tweets on a location-day may also

stretch out asymmetrically as air pollution changes. This can be interpreted as di�erent parts

of the distribution of Tweets being a�ected heterogeneously by changes in AQI. To capture

this e�ect, I take the outcomes of Tweets at speci�c percentiles on each location-day. Thus,

I can now interpret results that show the impact of AQI on thenth percentile sentiment or

grade level Tweet. This is crucial for studying the channel from which air pollution a�ects

my outcomes{ I can now answer questions about the heterogeneous impacts of air pollution.

Figure 9 shows the results for the linear e�ect of AQI on Compound Sentiment and Grade

Level at various points in the distribution of Tweets. In Panel A, air pollution is shown

to have the largest impact on the 10th percentile of Tweets. As the percentiles increase,

the magnitude of the e�ect decreases, with the e�ects on the 75th and 90th percentiles as

insigni�cant. Results are similar in Panel B, which shows the same set of results for grade

level. The prior section suggested that grade level results are sensitive to the choice of

sample, which Panel B con�rms. I �nd that AQI has a limited or even slightly positive

e�ect on grade level except at the left tail of the distribution (bottom 10%), where it has

a signi�cant negative e�ect. This helps to explain the puzzle regarding grade level I �nd in

my results thus far. It appears that only a small fraction of users are vulnerable to cognitive

harm from air pollution, but for that subset of users, the damages caused by pollution can
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be statistically signi�cant. Figure 10 shows the nonlinear results for compound sentiment

and grade level. In both Panels A and B of Figure 10, it is again con�rmed that right-tail

Tweets (\better" Tweets) are a�ected signi�cantly less by AQI, while low-sentiment/grade-

level Tweets bear the brunt of the e�ect. This captures the idea that the within-location

distribution of Tweets stretches out as AQI increases. It also shows that AQI's primary

channel into our output variables is through a�ecting the Tweets/Tweeters who are already

the most negative or low-scoring.

The results shown in Figures 8 and 9 have important policy and equity implications.

They indicate that increased air quality has the largest impact on those who are already the

most vulnerable{ air pollution does not a�ect us all equally even at the smallest levels. These

results mirror results from the literature indicating the inequities of air pollution, but they

are particularly interesting because they showcase the inequities even at non-catastrophic

levels, where previous inequities were related to large health or test score shocks.

6.3 Contextualizing Costs

While my results show that air pollution does a�ect the emotional and (to a lesser extent)

cognitive outcomes of users, it is important to quantify the magnitude of these e�ects in

a way that would be useful to policymakers. The primary goal of measuring the costs of

air pollution is to determine an optimal level of pollution, but this requires the economic

cost to be measured in a unit that can be compared to other costs and bene�ts. Figure

11 presents the linear results for each of my outcome variables in comparison to the e�ects

caused by other phenomena, such as the weather, day of the week, or whether the day was

the 4th of July. When compared to other e�ects, I �nd relatively large costs associated with

a standard deviation increase in AQI. Panels A and B suggest that a standard deviation

increase in AQI in my sample is comparable in e�ect to a standard deviation increase in

temperature (just over 7 degrees Celsius) in the same period. Panel B �nds that a standard

deviation increase in AQI increases negative sentiment by same magnitude as the 4th of

July decreases negative sentiment. Panel D �nds that a standard deviation increase in AQI

increases cursing at around the same magnitude as switching from a Saturday to a Tuesday.

Panel C is presented for completeness, but since the e�ect of AQI on grade level in my

linear results is near-zero and insigni�cant, the e�ects are relatively small compared to other

drivers of writing ability.

A policymaker may be interested in a rough estimate of the monetary costs of these

changes in outcome. To predict this, I perform a back-of-the-envelope calculation using the

work from Baylis (2020), which estimates the per-SD daily value of sentiment, taken from
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the same data source using the same sentiment measures, at$196.77. By multiplying this

value with my standardized regression coe�cient from Column (2) of Table 2, I estimate

loosely that a standard deviation increase in AQI for one day can be valued as a loss of$4.82

per person. Figure 1q presents a complete set of nonlinear results, which can be interpreted

literally as the daily cost associated with swapping a day with AQI [20; 30] with a day of

AQI [a; b].

7 Conclusion

Understanding the infra-marginal e�ects that air pollution may broadly have on human be-

havior is essential for �nding a complete cost of air pollution, and thus crafting e�cient

environmental policies. Often, a lack of data on cognitive and emotional responses that

can be coupled with pollution makes it di�cult to identify a causal e�ect of pollution on

these outcomes. This paper solves the measurement issue by exploiting the granularity of

geotagged Twitter data as a broad survey tool. I identify cognitive and emotional responses

to short-term variations in levels of air pollution, then estimate response functions for sen-

timent, profanity use, and grade level outcomes as a result of an AQI 
exible form model. I

�nd signi�cant intent to treat e�ects of pollution exposure on emotional outcomes in Tweets:

increased profanity use, increased share of negative sentiment, and decreased compound sen-

timent. I �nd smaller and less signi�cant e�ects of pollution on the grade level of the Tweet,

but these e�ects are sensitive to speci�cation and signi�cant for certain groups of users.

These results show that there are statistically signi�cant infra-marginal e�ects of AQI on

emotional measures that are separate from large shocks previously studied, giving an idea

that population-wide e�ects may contribute more signi�cantly than previously considered to

the total cost of air pollution. They also show that there are potential infra-marginal e�ects

of AQI on writing ability that may emerge at higher levels of pollution or among certain

populations. This identi�es an additional lens in which we should evaluate our approach to

determining air quality regulation, depending on the value a policymaker places on broad

cognition and writing abilities.

This paper adds to a literature primarily studying rare and costly output variables, pre-

senting a more complete picture on the e�ects of air pollution. My measures of decreased

sentiment and increased emotionality corroborate infra-marginally the established relation-

ships between air pollution and mental illness (Chen et al., 2018). Furthermore, I examine

what types of Tweets, and therefore individuals, are most susceptible to the cognitive and

emotional shocks I �nd in the �rst section of the paper. By taking full advantage of the

microdata, I can identify heterogeneity amongst high cognitive scoring and low cognitive
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scoring Tweeters, and also understand compositional changes in the types of Tweets be-

ing sent. My results on grade level may help o�er insight into the puzzle surrounding the

cognitive impacts of air pollution. I �nd that both grade level and sentiment responses to

pollution are strongly dependent on the types of Tweets being exposed to pollution. This

could help explain the discrepancies between previous results that show cognitive function

may or may not deteriorate after air pollution exposure. In all cases, I �nd that air pollution

can cause a "poor-get-poorer" cycle, where the lowest quality Tweets are most vulnerable

to air pollution costs.

Some of the methods used in this paper, such as examining heterogeneity, are unique

to this paper and could be useful in other contexts. A bene�t of Twitter data is that it

acts as real-time, location-speci�c survey data, as long as you can tease out outcomes of

interest using natural language processing tools on microblogging posts. I exploit recent

advancements in NLP research to identify my outcome variables. If an outcome of interest is

able to be inferred from Tweets from a speci�c location-day, it can be measured in real-time

and with previously unattainable levels of granularity.

7.1 Future Work

This paper identi�es some important future work to be done on the infra-marginal e�ects

of contemporaneous air pollution. First, expanding the work of this paper in di�erent coun-

tries is important in order to better understand how di�erent cultures, infrastructures, and

economies heterogeneously react to air pollution. An additional strength of studying pol-

lution in alternative contexts is that it expands the range of AQIs that there exists data

for, which is necessary to examine what nonlinearities in the dose-response function look

like at high levels of pollution. My results only cover AQIs which the EPA considers to be

reasonably healthy and safe, but as air pollution continues to worsen and other countries

develop, it is important to look for insights in high-pollution contexts.

Another important contribution to be made is structurally identifying a true average

treatment on the treated e�ect. For policy, it is not enough to know that air pollution has

broad e�ects across populations emotionally and cognitively, but these e�ects need to be

estimated precisely and translated into true economic costs to determine an approximate

value to use in policy calculations. Finally, it may be interesting to exploit alternative

cognitive measures to determine if the null results shown on cognitive outcomes are robust.

I am particularly excited about the possibility of more advanced arti�cial intelligence to

determine the vocabulary level, amount of grammar mistakes, or tone of di�erent passages

in microblogging contexts. Utilizing the most up-to-date natural language models can allow
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for deeper insights into how pollution exposure a�ects language generation.
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Tables

Table 1: Summary statistics for Tweet Outcomes

Compound Negative Grade Curse AQI

Count 139808 139808 139808 139808 139808

Mean 9.551 5.395 7.337 6.583 33.3379

Std. Dev 14.961 5.232 3.284 9.902 15.1075

AQI � 20 9.814 5.274 7.385 6.200

20 � AQI < 40 9.587 5.356 7.348 6.494

40 � AQI < 60 9.289 5.543 7.282 7.011

SD within locations 13.459 4.576 2.981 8.346 12.2875

SD between locations 6.345 1.983 1.552 3.995 8.7315

Note: One unit of observation refers to a location-day, where the variables are all averages taken

over all Tweets in a unique location-day. Rows AQI < # refer to the mean of the variable when

restricting the sample to AQI's within certain ranges.
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Table 2: Linear E�ects of AQI on Cognitive and Emotional Outcomes

Compound
(1)

Negative
(2)

Grade Level
(3)

Curse %
(4)

AQI � :0070��� 0:0039��� 0:0005 :0041���

(0.0016) (0.0006) (0.0004) (0.0011)

Max Temperature (C) � 0:0297��� 0:0062��� -0.0020 0:0085���

(0.0047) (0.0017) (0.0013) (0.0032)

Precipitation (in) � 0 � 0 � 0 � 0
(0.0001) (� 0) (� 0)q (� 0)

location �xed e�ects Yes Yes Yes Yes
Time �xed e�ects Yes Yes Yes Yes

Standardized Regression
Coe�cient

-0.0131 0.0245 0.0115 0.0125

location-days 111242 111242 111242 111242
Adjusted R2 0.0043 0.0019 0.0021 0.0006

Note: One unit of observation refers to a location-day, where the variables are all averages taken
over all Tweets in a unique location-day. Compound is the average VADER compound sentiment,
Negative is the average VADER negative sentiment, Grade Level is the Flesch-Kincaid Grade Level.
Cursing is the percentage of Tweets containing a curse word. Estimates equation (1) using TWFE
approach. Standardized Regression Coe�cients are� s multiplied by the AQI standard deviation
divided by the outcome standard deviation. Standard errors are unclustered.
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Table 3: Nonlinear Responses to AQI

Compound
(1)

Negative
(2)

Grade Level
(3)

Curse %
(4)

Daily AQI Estimate A
A 2 [0; 10) 0:2719 � 0:0949 0:0148 � 0:2159

(0.2494) (0.0769) (0.0) (0.1479)
A 2 [10; 20) 0:1745� � 0:801�� 0:0201 � 0:0897

(0.0905) (0.0353) (0.0297) (0.0592)
A 2 [30; 40) � 0:0177 0:0369� 0:0045 0:0401

(0.5014) (0.0218) (0.0207) (0.0409)
A 2 [40; 50) � 0:1675��� 0:0522�� 0.0204 0.0174

(0.0571) (0.0223) (0.0261) (0.0486)
A 2 [50; 60) -0.0816 0:0750� 0:0826� 0:0982

(0.1006) (0.0412) (0.0474) (0.0877)
A 2 [60; 70) � 0:3328�� 0:2451��� � 0:1924� 0:20�

(0.1513) (0.0539) (0.0436) (0.1082)
A 2 [70; 80) -0.3325 0:2442��� 0.0247 0:2751�

(0.2369) (0.0866) (0.0965) (0.1647)
A � 80 -0.1834 0:1365 � 0:1392�� 0.1217

(0.2286) (0.0935) (0.0965) (0.1404)

Weather Controls Yes Yes Yes Yes
location �xed e�ects Yes Yes Yes Yes
Time �xed e�ects Yes Yes Yes Yes

location-days 111242 111242 111242 111242
Adjusted R2 0.0046 0.0021 0.0028 0.0006
F-Test on Bins 23:2933��� 37:3674��� 14:3051� 11.3558

Note: One unit of observation refers to a location-day, where the variables are all averages taken
over all Tweets in a unique location-day. Compound is the average VADER compound sentiment,
Negative is the average VADER negative sentiment, Grade Level is the Flesch-Kincaid Grade Level.
Cursing is the percentage of Tweets containing a curse word. Estimates equation (2) using TWFE
approach. Omitted bin is A 2 [20; 30).
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Figures

Figure 1: Number of Tweets across Units of Observation

Note: This �gure plots a map of the locations which are included in my sample. Orange represents

regions which Twitter returned geotagged Tweets within during the period of my sample.
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Figure 2: Number of Tweets across Units of Observation

Note: This �gure plots a histogram of the Number of Tweets for each location-Day (unit of

observation). The y-axis represents the count of observations which are contained in the bins of

number of Tweets on the x-axis.
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Figure 3: Distribution of Outcome Variables across Units of Observation
Note: This �gure plots the distributions for our outcome variables of interest. Outliers are removed
from the histograms for visibility. The y-axis represents the number of observations whose variable
belongs to the bin it is placed in.
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Figure 4: Distribution of AQI across Units of Observation
Note: This �gure plots the distributions for the AQI score. Outliers are removed from the his-
tograms for visibility. The y-axis represents the number of observations whose AQI belongs to the
bin it is placed in.
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Figure 5: Linear Responses to AQI Increase
Note: Each column represents a standardized TWFE coe�cient for AQI on one of the outcome
variables of interest. Compound and Negative are the VADER Compound and Negative Sentiment
scores, respectively. F-K Score shows the e�ect on Flesch-Kinkaid Grade Level. Curse shows the
e�ect on the fraction of Tweets in a location-day that contain curse words. Each regression controls
for temperature and precipitation, and includes �xed e�ects for location, day of week, holiday. Error
bars are 95% con�dence intervals.
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Figure 6: Nonlinear Responses to AQI
Note: Panel A, B show standardized TWFE coe�cients for AQI on VADER Compound Sentiment,
Negative Sentiment, respectively. Panel C shows standardized TWFE coe�cients for AQI on F-K
Grade Level. Panel D shows standardized TWFE coe�cients for AQI on the fraction of Tweets
that contain curse words. Solid lines represent the regression coe�cients on AQI and represent the
di�erence (measured in standard deviations) in location-date sentiment for the AQI bin A 2 [a; b)
relative to [20; 30], controlling for temperature and precipitation and with �xed e�ects for location,
day of week, holiday. Dotted lines are 95% con�dence intervals. Standard errors are unclustered.
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Figure 7: Selection into Sample{Number of Tweets
Note: Nonlinear e�ect of AQI on number of Tweets in location-day. Error bars are 95% con�dence
bounds. Coe�cients are estimated using TWFE model with controls for temperature, precipitation,
day-of-week, holidays, and User.
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Figure 8: Selection into Sample{User FE
Note: Linear e�ect of AQI on Compound Sentiment, Negative Sentiment, and Flesch-Kincaid
Grade Level. Mean is from the main results and is the mean outcome of all Tweets in the location-
day. Error bars are 95% con�dence bounds. Coe�cients are estimated using TWFE model with
controls for temperature, precipitation, day-of-week, holidays, and User. Users who Tweet across
10 or more days, but have less than 100 total Tweets across the data are included for computational
practicality.
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Figure 9: Heterogenous E�ects
Note: E�ect of AQI on Compound Sentiment and Flesch-Kincaid Grade Level. Each column
represents a di�erent measure of the outcome variable. Mean is from the main results and
is the mean outcome of all Tweets in the location-day, while other columns are various
percentiles. Error bars are 95% con�dence bounds. Coe�cients are estimated using TWFE
model with controls for temperature, precipitation, day-of-week, holidays, and location.
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Figure 10: Heterogeneous E�ects{Nonlinear
Note: E�ect of AQI on Compound Sentiment (Panel A) and Flesch-Kincaid Grade Level (Panel B).
Black line is result from main results and is the mean of all Tweets in the location-day, while other
lines are various percentiles of all Tweets in the location-day, and capture the idea of understanding
how the within-location distribution of Tweets changes with AQI.
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Figure 11: Comparison of E�ects
Note: E�ect of AQI on Compound Sentiment (Panel A), Negative Sentiment (Panel B), Flesch-
Kincaid Grade Level (Panel C), Cursing Percentage (Panel D). The �rst column in each panel
represents the standardized regression coe�cient{the e�ect of a standard deviation increase of AQI
in terms of standard deviations of the outcome variable. This represents the same estimates found
in Figure 5. Max Temp and Precipitation measure the same standardized regression coe�cient for
the daily maximum temperature and the total precipitation. The following columns represents the
e�ect of switching the day-of-week from a Tuesday to a Saturday and switching to the 4th of July
holiday respectively, both e�ects measured in terms of standard deviations of the outcome variable.
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Figure 12: Estimated Dollar Costs
Note: Back-of-envelope estimation of the daily cost of AQI through Compound Sentiment (Panel
A) and Negative Sentiment (Panel B). Orange lines represent how much a person is expected to
pay in order to swap a single day with AQI [20; 30] with a day of AQI [a; b], black lines represent
95% con�dence intervals. Value of a SD increase in sentiment for estimation is taken from Baylis
(2020).
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Appendix A.

7.2 Construction of Emotional and Cognitive Outcome Variables

7.2.1 Twitter Streaming API Client and Data Construction

In this section, I discuss my process for obtaining the Twitter data used in this paper.

The simplest way to collect Twitter data would be to purchase data from Twitter directly.

However, this is unfeasible for my case, as Twitter data is sold as a per-Tweet expense,

so collecting a complete sample of Tweets over a signi�cant time period would be overly

costly. As a result, I utilize the Tweet streaming functionalities from the Twitter API v1.1

through the Tweepy python package ("Harmon and Contributors", 2022). Since I utilize the

most up-to-date Tweepy library (and the Twitter v1.1 API), my process di�ers slightly from

Baylis (2020), despite ending with the same set of data.

As of March 2023, Twitter is in the process of migrating to a new academic research API

client and policies, so speci�c details of Twitter's Streaming Client may change. In order

to get access to streaming Tweets, I �rst registered for API credentials through the Twitter

Developers Portal.8. I did not use the academic research-speci�c license9, so once I created a

new project in accordance with Twitter licensing and with Twitter approval, I was granted

a set of keys to be used to access the API in my streaming code. I used these keys to write a

Python script I wrote in order to build my dataset. The script can be found on my GitHub

repository for the paper here, which will work out-of-the-box after you put in your own keys.

My script throws out extraneous data to save storage costs, and it saves key information

like the id of the Tweet (for later access), the text itself, the user ID, the location, and the

timestamp. I was able to collect Tweets without ever reaching Twitter's monthly cap on

accessing Tweets, which is a function of geolocated Tweets being a small subsection of all

Tweets.

Since the only way to create a dataset of Tweets without paying Twitter10 for data is by

streaming Tweets, it is necessary that the script is running during the duration of sample

collection. As a result, I set my script to run on an Amazon Web Services EC2 instance{

essentially a computer that can run code nonstop and store the results. At the end of my

sample period, I transferred the results back to my machine for data analysis. There were

8Found here: https://developer.twitter.com/en/portal/dashboard
9I was actually rejected from it! Twitter's academic research agreements are only available to full-time

researchers, master's, and Ph.D. students. Luckily, the general account had loose enough restrictions that I
was able to do the work for this paper without the need for academic access.

10Twitter data is generally expensive and is meant for enterprise use around speci�c events. The example
use-case on their website was a company gauging feedback by downloading all Tweets about their Superbowl
ad in a 24h period.
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some periods of downtime related to my EC2 instance temporarily running out of storage
11, but these periods are independent of Twitter and the date/time, so they are plausibly

random.

After creating a dataset of every Tweet during a sample period, I aggregate my Tweets

into location-days in order to compress the data without removing any information. Then,

I used the EPA Air Quality Survey in order to �nd a corresponding air pollution for each

location. Many location-days had no corresponding air pollution readings, so these were

dropped in order to end with the 139808 location-days used in analysis.

7.2.2 VADER Sentiment Measurements

On each location-day, I calculate a variety of statistics using a script that counts the number

of Tweets alongside both the mean outcome measures and the distribution of outcome mea-

sures. I've posted the script on my GitHub here, which contains a function that determines

all the statistics at a location-day level such that it is fully parallelizable.12

Sentiment analysis with VADER is considered a standard and consistently cited method

for sentiment analysis, pioneered by the work of Hutto and Gilbert (2014). The bene�t of

VADER is that it is both accurate and relatively e�cient as a result of its simple architec-

ture. While the most accurate sentiment analysis tools involve large language models13 or

transformer models that rely on arti�cial intelligence networks, these more precise tools sac-

ri�ce e�ciency in exchange for accuracy. Instead, VADER is strictly a rules-based process,

where words are scored individually and key grammatical structures are noticed in order to

determine if the meaning of those words are emphasized or de-emphasized. As a result, it is

one of the best scoring methods on sample datasets for its speed. I use the Python Natural

Language ToolKit (NLTK) implementation, which is the most well-used implementation of

VADER in Python. It includes a compound score, ranging between [-1,1] with -1 being

the most negative, and 1 being the most positive (and 0 being neutral). It also includes

scores for negativity and positivity from [0,1], of which I use the negativity score where a

score of 1 is the most negative. The following table presents some sample passages and their

scores for the VADER compound score and VADER negative score using the same NLTK

11EC2 instances are much cheaper than purchasing data from Twitter, but they are not costless, and I
am an undergraduate student with a $0 research budget. As a result, I purchased less storage than what
ultimately was needed, creating cuto�s for hours/days a few times during the data collection process before
I was able to upgrade my instance.

12Without parallel computing, a single-core processor working through 10 Tweets a second would still
mean 35 days to process my dataset of 30M Tweets! On my machine, I found that 8 cores in parallel would
work through the dataset in 2-3 days uninterrupted.

13These have been in the news as of late, and it's very possible to see a machine like GPT-4 outperform
VADER in sentiment analysis.
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implementation.

Sample Passage VADER

Compound Score

VADER

Negative Score

“Don’t go from written bars filled with rage to primetime

television and your gilded cage. Then forget there’s people

in the world still enslaved. I barb-wired my wrist and let it

fill the page”

-0.802 0.215

“Well I’m NOT HAVING IT. I solved your labyrinth, puzzle

master! The minotaur‘s escaped and you’re gonna get the

horns, buddy! I CAN NOT WIN”

-0.601 0.222

“It includes a compound score, ranging between [-1,1] with

-1 being the most negative, and 1 being the most positive

(and 0 being neutral). It also includes scores for negativity

and positivity from [0,1]”

-0.0258 0.176

“What day is it?’, asked Winnie the Pooh. ‘It’s today,’

squeaked Piglet. ‘My favorite day,’ said Pooh.”

0.4588 0.0

“I mean the way your bright eyes go wild when you smile

and how your laughter’s so melodic it’s a song. I mean the

way your creativity’s a compass that leads you to what you

love.”

0.8625 0.0

Table 4: VADER Sentiment Analysis Sample Scores

Note: Entries for this table taken in order from Trotter (2017), Mulligan (2021), this paper,

Milne (1926), and Brown (2015). I enjoyed picking them out immensely.

7.2.3 Flesch-Kincaid Grade Level

To save computational time, I process the Flesch-Kincaid Grade Level of a Tweet at the

same time and use the same script as when I process the sentiment of a Tweet. Since

calculating the grade level using Flesch-Kincaid relies upon counting syllables in words, it is

difficult to implement manually, so I use the TextStat Python implementation (tex, 2022).

An added benefit of the TextStat implementation is functionality with multiple languages,
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including English, Spanish, German, Italian, and Russian, so the vast majority of Tweets

are able to be processed correctly in their respective languages. If a language is not defined

within TextStat, I remove the observation from my dataset. The following are some example

passages that are of similar length to Tweets and their corresponding Flesch-Kincaid grade

levels according to TextStat.

Sample Passage Flesch-Kincaid Grade

Level (via TextStat)

“Memory’s truth, because memory has its own special kind. It selects,

eliminates, alters, exaggerates, minimizes, glorifies, and vilifies also; but in

the end it creates its own reality, its heterogeneous but usually coherent

version of events; and no sane human being ever trusts someone else’s

version more than his own.”

14.2

“I study whether heightened air pollution leads to cognitive and emotional

responses at the infra-marginal level.”

11.9

“The test will last your entire life, and it will be comprised of the millions

of decisions that, when taken together, will make your life yours.”

9.9

“It seemed funny to me that the sunset she saw from her patio and the

one I saw from the back steps was the same one. Maybe the two different

worlds we lived in weren’t so different. We saw the same sunset.”

4.0

“You have brains in your head. You have feet in your shoes. You can steer

yourself any direction you choose.”

1.2

Table 5: Flesch-Kincaid Implementation Sample Scores

Note: Entries for this table taken in order from Rushdie (1981), this paper’s abstract, Green

(2012), Hinton (1967), and Seuss (1990). I enjoyed picking them out immensely.

7.2.4 Measuring Profanity Use

My last outcome that I measure in this paper revolves around profanity use, which I take

as a measure of heightened emotion levels or adult content. To extract this measure from

Tweets, I use the same methods built into my Python script for measuring sentiment and

grade level. This script leverages the Better Profanity package, which is useful because it
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is able to extract whether a text contains profanity while accounting for common typos or

alternative spellings (pro, 2021). A complete wordlist of all words counted can be found on

the better profanity GitHub here.

7.3 Sensitivity Checks for Main Results

7.3.1 Alternate Time Controls

One concern is that, in order to increase statistical power, I stray from a strict two-way-fixed-

effects model into one that has looser time fixed-effects. I do this in the paper by removing

day-of-sample fixed-effects and replacing them with day-of-week (and holiday) effects. This

removes the assumption that all days that are the same day-of-week within a location-day

are similar. Here are the results which mirror Figure 6 using the stricter implementation

that includes day-of-sample effects. It is clear that results are directionally similar, but lack

the added power of loosening my assumption.
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Figure 13: Nonlinear Responses to AQI

Note: Panel A, B show standardized TWFE coefficients for AQI on VADER Compound Sentiment,

Negative Sentiment, respectively. Panel C shows standardized TWFE coefficients for AQI on F-K

Grade Level. Panel D shows standardized TWFE coefficients for AQI on the fraction of Tweets

that contain curse words. Solid lines represent the regression coefficients on AQI and represent the

difference (measured in standard deviations) in location-date sentiment for the AQI bin A 2 [a; b)

relative to [20; 30], controlling for maximum temperature and inches of precipitation and with fixed

effects for location and day of sample. Dotted lines are 95% confidence intervals. Standard errors

are unclustered.

7.3.2 Alternative Temperature Controls

It is important that my results are robust to weather, which is one of the key potential

confounding variables that can affect both pollution and sentiment. I state in Section 3 that

my results are robust to various measurements of temperature. Here, I present results with
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both minimum and average temperatures, whereas my main results were presented with

maximum temperatures as controls.

Figure 14: Nonlinear Responses to AQI

Note: Panel A, B show standardized TWFE coefficients for AQI on VADER Compound Sentiment,

Negative Sentiment, respectively. Panel C shows standardized TWFE coefficients for AQI on F-K

Grade Level. Panel D shows standardized TWFE coefficients for AQI on the fraction of Tweets

that contain curse words. Solid lines represent the regression coefficients on AQI and represent the

difference (measured in standard deviations) in location-date sentiment for the AQI bin A 2 [a; b)

relative to [20; 30], controlling for minimum temperature and precipitation and with fixed effects

for location, day-of-week, and holiday. Dotted lines are 95% confidence intervals. Standard errors

are unclustered.
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