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ABSTRACT
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comprehensive set of cognitive skills in adults. We find that exposure to particulate matter 
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those with low ability, suggesting that air pollution increases inequality in productivity.
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I. Introduction

Besides being harmful to human health,1 exposure to air pollution is detrimental to human

capital formation,2 and labor productivity.3 In principle, these detrimental effects may be

the result of a decline in cognitive skills such as attention, memory, speed of information

processing, and problem solving. To date, however, data availability has been a particular

obstacle to this line of research (Graff Zivin and Neidell, 2013). As such, prior studies have

focused on secondary measures of cognition using scholastic achievement, or coarse measures

of performance in cognitively-demanding settings. The accumulated evidence therefore arises

either from school-age groups, or from a limited set of specific sites, industries and tasks.

Yet, when impacts are heterogeneous such studies may fail to identify effects relevant to the

broader population (Hsiang, Oliva and Walker, 2019).

In this study, we examine the impacts of air pollution exposure on direct measures of

cognitive performance using Lumosity brain games over the period 2015-2017. Lumosity is

a widely-used, freely available online platform offering games aimed at improving attention,

memory, flexibility, speed of processing, and problem solving. It takes scientifically-validated

tasks and turns them into games that are accessible to any age or skill level. Through an

agreement with Lumos Labs, Inc., we obtained access to proprietary user-level data for each

play across seven games, totaling over 4.6 million user-play observations. These detailed data

allow us to exploit daily variation in fine particulate matter (PM2.5) within a 3-digit ZIP

code area to identify the effects of air pollution on a comprehensive set of cognitive domains

across age groups and levels of cognitive ability. Despite being a non-randomly selected

1See, for example, Chay and Greenstone (2003); Currie and Neidell (2005); Currie and Walker (2011);
Graff Zivin and Neidell (2013); Currie et al. (2014, 2015); Schlenker and Walker (2016); Deschenes, Green-
stone and Shapiro (2017); Deryugina et al. (2019).

2See, for example, Currie et al. (2009); Sanders (2012); Miller and Vela (2013); Ham, Zweig and Avol
(2014); Stafford (2015); Ebenstein, Lavy and Roth (2016); Bharadwaj et al. (2017); Marcotte (2017); Austin,
Heutel and Kreisman (2019); Chen (2019); Shehab and Pope (2019); Gilraine (2020); Roth (2020); Carneiro,
Cole and Strobl (2021); Heissel, Persico and Simon (Forthcoming); Persico and Venator (Forthcoming).

3See, for example, Graff Zivin and Neidell (2012, 2013); Hanna and Oliva (2015); Chang et al. (2016);
Heyes, Neidell and Saberian (2016); Fu, Viard and Zhang (2017); Meyer and Pagel (2017); Archsmith, Heyes
and Saberian (2018); Chang et al. (2019); He, Liu and Salvo (2019); Heyes, Rivers and Schaufele (2019);
Kunn, Palacios and Pestel (2019); Huang, Xu and Yu (2020); Adhvaryu, Kala and Anant (2021).
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sample, the data allow us to expand the analysis beyond the current state of knowledge to

assess the adverse effects of pollution across age groups in the U.S. population.

There are two well-known challenges to identifying causal impacts of pollution exposure.

First, ex-post pollution exposure is not random: for example, individuals may sort into

residential areas in part based on environmental quality (e.g., Chay and Greenstone, 2005;

Banzhaf and Walsh, 2008). Our identification relies only on short-term changes in pollution

exposure within an individual’s play history. Second, there may be important disconnections

between where individuals live and work and where pollution is measured, leading to serious

measurement error issues (e.g., Moretti and Neidell, 2011). Inspired by Deryugina et al.

(2019), we address this concern by instrumenting for daily PM2.5 concentrations using daily

changes in local wind direction. Our instrument is an indicator variable for whether the

daily local wind direction is at the direction associated with the maximum potential for the

transport of pollutants from other locations.4 The exclusion restriction is that, after flexibly

controlling for many fixed effects and climatic variables, changes in an area’s daily wind

direction have no direct effect on performance in brain games except through their influence

on air pollution.

Our IV estimates indicate that exposure to PM2.5 at levels above 25µg/m3 reduces

standardized scores in brain games by approximately 0.18 standard deviations. The threshold

was World Health Organization (WHO) air quality guideline value for 24-hour exposure to

PM2.5 at the time of the sample, but still 10µg/m3 below the U.S. National Ambient Air

Quality Standards (NAAQS) for PM2.5 over 24 hours. The estimated effect has meaningful

implications for the U.S. population: it is equivalent to a reduction of 5.8 percentiles in the

distribution of scores reweighted to match the characteristics of the population.5 Across the

4We also provide comparisons between estimates using this instrument and those using the full set of
wind direction instruments à la Deryugina et al. (2019).

5To construct this distribution, for each game, Lumosity resamples from their user base to match age, gen-
der and education of the US population from the 2010 U.S. Census. For reference, in our Lumosity sample the
proportion of females is 58.5%, the proportion of individuals 65 years and older is 19.1%, and the proportion
of college graduates is 66.3%. In the 2015-2019 American Community Survey (ACS), those proportions are
50.8%, 16.5%, and 32.1%, respectively (see www.census.gov/quickfacts/fact/table/US/PST045219). These
differences in the characteristics of our sample relative to the ACS are statistically significant. It is important
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seven cognitive domains considered by Lumosity and included in our analysis, the effects

on memory are strongest but there is suggestive evidence that problem solving may also

be affected. Furthermore, the results appear to be substantially larger for individuals in

prime working age – those under the age of 50. Psychologists suggest that younger people

rely more on fluid intelligence – that part of intelligence that is independent of learning and

accumulated knowledge – which our results suggest could be more affected by short-term

exposure to fine particulates.6 Taken together, these findings suggest that occupations that

require memory and problem solving may be more affected by PM2.5, and these effects may

be more detrimental in younger workers or those more reliant on fluid intelligence.

The results also indicate important heterogeneity by experience and cognitive ability. The

adverse effects of PM2.5 are stronger the first five times that individuals play the Lumosity

games. On the other hand, there does not appear to be any difference in the performance of

more experienced players. The effects also tend to be more detrimental for individuals in the

lower quintiles of the distribution of cognitive ability, as implied by their initial performance.

Overall, these patterns suggest that air pollution may increase inequality by affecting the

acquisition of skills, and by increasing the divide between low- and high-skilled individuals.

This study makes two main contributions to the literature. First, it opens up the black

box regarding the effects of air pollution on cognitive function, shedding light on potential

mediating forces behind prior findings on the impacts on scholastic achievement, decision

making, and labor productivity (e.g., Ebenstein, Lavy and Roth, 2016; Archsmith, Heyes

and Saberian, 2018; Chang et al., 2019; Heissel, Persico and Simon, 2020; Carneiro, Cole and

Strobl, 2021; Chew, Huang and Li, 2021; Chew, Liu and Salvo, 2021). It also helps rationalize

the mixed results from different industries and occupations (e.g., Chang et al., 2016, 2019;

He, Liu and Salvo, 2019; Huang, Xu and Yu, 2020).7 This is accomplished with a relatively

to clarify, however, that Lumosity does not provide us with the weights to adjust our analysis.
6Older individuals rely more on crystallized intelligence – that part of intelligence that comes from learned

procedures and knowledge – which in theory should be less affected by short-term pollution exposure. Also,
note that on average younger people outperform older people, consistent with age-related cognitive decline,
but that individual fixed effects control for these age group effects.

7The estimated impact on memory may also provide a mediating force behind the causal effect of sustained
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large sample of individuals across many locations, likely enhancing external validity relative

to most previous settings, which are from a small number of facilities or limited age groups.

The closest paper to ours is Bedi et al. (2021), which also examines the impact of PM2.5

on various cognitive domains, but their sample consists of 464 students from a university in

Brazil who engaged in 54 lab sessions over a 3-year period. Krebs and Luechinger (2021) also

use Lumosity data to examine the effect of nitrogen oxides (NOx) on cognitive performance,

but focus on a single cognitive domain – mental arithmetic.

The second contribution relates to the role of pollution in furthering inequality in health,

education, and labor market outcomes. One dimension of inequality arises from dispro-

portionate exposure to pollution, as documented by the environmental justice literature

(Banzhaf, Ma and Timmins, 2019a,b; Heblich, Trew and Zylberberg, 2021). Another dimen-

sion may be disproportionate impacts (Hsiang, Oliva and Walker, 2019). Here we provide

evidence that even under similar levels of pollution, low-skilled and less-experienced indi-

viduals might be more affected by PM2.5. These findings highlight the potential for envi-

ronmental insults to exacerbate the gaps observed in health, education, and labor market

outcomes.

II. Background

A. Air pollution and cognitive function

There is growing evidence that exposure to air pollution is associated with impaired cognitive

functions at all ages (e.g., Kilian and Kitazawa, 2018; Paul et al., 2019; Schikowski and

Altuğ, 2020). The adverse effects of particulate matter (PM) on the nervous system may

be a result of a direct route to the brain or stimulation of pro-inflammatory cytokines via

an indirect route. PM has implications for oxidative stress, inflammation, dysfunction of

cellular organelles, as well as the disturbance of protein homeostasis, promoting neuron loss

exposure to PM2.5 on dementia among the Medicare population (Bishop, Ketcham and Kuminoff, 2018).
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and exaggerating the burden of central nervous system (Allen et al., 2017; Wang, Xiong and

Tang, 2017). Acute exposure to PM can also alter properties of glutamate receptors that

are critical to neuronal plasticity and memory processes (Davis et al., 2013).

Older adults living in areas with higher PM2.5 concentrations have been shown to experi-

ence worse cognitive function even after adjustment for social and economic characteristics.

In a landmark study, Ailshire and Crimmins (2014) analyzed data from the 2004 Health

and Retirement Study, a large, nationally representative sample of U.S. adults aged 50 years

or older, and found that the association is strongest for the episodic memory component

of cognitive function. PM2.5 has also been associated with greater declines in immediate

recall and new learning in a recent study involving older females (Younan et al., 2019).

Using quasi-random variation in pollution exposure due to the EPA’s 2005 designation of

nonattainment counties for PM2.5, Bishop, Ketcham and Kuminoff (2018) analyzed fifteen

years of Medicare records on 6.9 million U.S. residents over age 65 to estimate the causal

impact of particulate matter on dementia. They found that a 1µg/m3 increase in average

decadal exposure causally increases the probability of receiving a dementia diagnosis by 1.3

percentage points, or 6.7% of the mean.

There is also evidence that cognitive function in younger individuals is affected by ex-

posure to particulate matter. Air pollution shocks have been shown to reduce student per-

formance from elementary school to college (e.g., Miller and Vela, 2013; Stafford, 2015;

Ebenstein, Lavy and Roth, 2016; Roth, 2020). In the study closest to ours, Bedi et al.

(2021) examined the impact of short-term exposure to PM2.5 on the cognitive performance

of students from a Brazilian university. Exploiting plausibly exogenous variation in indoor

pollution across 54 lab sessions over a 3-year period with 464 students, they found that

high levels of PM2.5 reduce performance on a fluid reasoning test, but were underpowered

to detect effects on other cognitive domains such as simple attention, complex attention,

arithmetic processing speed, and working memory. Regarding the overall adult population,

Zhang, Chen and Zhang (2018) analyzed data from a nationally representative longitudinal
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survey in China, and found that long-term exposure to air pollution impedes cognitive per-

formance in verbal and math tests. They also documented that the effect on verbal tests

becomes more pronounced as people age, especially for men and the less educated.

In summary, while there are strong associations between cognition and exposure to par-

ticular matter across the age distribution, causal evidence is largely limited to performance

of students or long term cognitive decline in the elderly.

B. Brain training and cognitive function

In this study we measure cognitive function via performance in Lumosity games. But does

performance in brain training reflect transferable cognitive skills? Put differently, do changes

in game scores, for example due to dedicated training, reflect changes in cognitive functions

such as problem solving? These are long-standing questions in behavioral science. A recent

systematic review of brain-training, or “brain games,” has found extensive evidence that

they improve performance on trained tasks (Simons et al., 2016). Furthermore, “[i]t is

uncontested that training programs can lead to near transfer, meaning increased performance

on untrained tasks involving similar cognitive functions” (Smid, Karbach and Steinbeis, 2020,

p. 531).

The most extensive review to date of interventions to improve executive functions – which

include attention, working memory, cognitive flexibility, and reasoning – also highlights the

impact of training and transfer of this improvement to similar tasks (Diamond and Ling,

2020). Taken together, these reviews suggest that performance scores in brain training do

measure cognitive skills. Furthermore, the reviews note that the length, frequency, spacing

and difficulty of the training, combined with baseline ability of the subjects, all determine

its efficacy. These lessons help us inform our empirical strategy and the interpretation of our

results.8

8In Appendix B, we also present a conceptual framework underlying the mechanisms through which
pollution may affect cognitive function, including biological channels and behavioral responses.
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III. Data

Our primary data are anonymized game performance scores from the brain training company

Lumos Labs. This company is the owner of Lumosity, which gives users access to brain

training games and analytics on both web based and phone application platforms. Our data

include scores from the seven games from the Lumosity web platform outlined in Table 1.

These games were selected by Lumos because game design and usage were relatively stable

over time, and to ensure that the combination of games spanned the breadth of cognitive

domains – verbal, attention, flexibility, memory, math, speed, and problem solving.

For each game we observe timestamps and scores for all users who signed up for Lumosity

and played between 5 and 50 times on the web based platform during the period 2015-2017.

From this time period we observe plays of users of the web based platform (the majority

over the period of the sample). This restriction ensures that users are not playing via an

application on a portable device like a mobile phone, and are more likely to be playing at

a fixed location. This sample restriction also ensures we do not conflate minor differences

in games across platforms. We also observe each user’s location at the 3-digit ZIP code

at the time the user signed up for Lumosity, which is derived by Lumos from a user’s IP

address.9 In addition, we observe self reported characteristics of users including age, gender,

and education, and additional data collected by Lumos including an identifier for whether

the user is a paid subscriber, the date the user joined Lumosity, and any dates that the users

played games outside our sample. Summary statistics are reported in Table 2.10

We use the centroid of each user’s 3 digit ZIP code to match game data to the U.S. EPA

Air Quality Monitoring System – matching to any monitor within 20 miles of the centroid

and using inverse distance weighting to construct our measure of daily pollution exposure.11

We also match users to meteorological observations (wind speed, wind direction, temperature

and precipitation) from the Integrated Surface Database (ISD) from the National Oceanic

9For convenience, the 3-digit ZIP code areas in the United States are displayed in Appendix Figure A.1.
10Subscription provides users with access to additional analytics and games.
11The results are qualitatively the same for matching to air quality monitors within 30 miles.
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and Atmospheric Administration (NOAA)’s National Centers for Environmental Information

(NCEI) – matching to any station within 30 miles of the centroid of the 3 digit ZIP. Figure

1 maps the distribution of the 116,495 users in the estimation sample. They are scattered

around the nation, with heavy concentrations in the West coast, where Lumos Labs are

headquartered (San Francisco, CA).12

To enable comparisons across games, we standardize scores in the following way:

Sigt =
Raw Scoreigt −Raw Scoreg

σg
(1)

where Sigt is the standardized score of user i in game g at time t, Raw Scoreigt is the raw

score provided by Lumosity, Raw Scoreg is the mean raw score across all players and plays

in game g, and σg is the standard deviation of raw scores in game g.

IV. Empirical Strategy

To estimate the impact of air pollution exposure on cognition, we use the following equation:

Sit = β1[PM2.5zdmy > 25] +X ′
zdmyγ + αi + αmy + εit, (2)

where S is the standardized score for player i in 3-digit ZIP code z, at time t of day d,

month m, and year y.13 1[PM2.5zdmy > 25] is an indicator variable equal to one if the level

of PM2.5 is above 25µg/m3. This threshold is the World Health Organization (WHO) air

12Lumosity records location during user registration. Moving may introduce a source of measurement error
in the analysis. According to Molloy, Smith and Wozniak (2011), the annual migration rate across county
borders varies from 3 to 6% depending on the data source (CPS vs. IRS, respectively). The annual interstate
migration rate is less than half those numbers, but vary by demographic and socioeconomic characteristics.
The annual rate is 2.2% for individuals aged 25-44, 1.0% for 45-64, and 0.7% for 65+. The rate is 1.2% for
high school graduates, 1.5% for those with some college, and 2.1% for college graduates. Because 3-digit ZIP
code areas are between counties and states, those migration rates should represent an upper bound (inter-
county) and a lower bound (interstate) for migration in our setting. Given that these rates are relatively
small, and our study period is relatively short, we would argue that the potential measurement error due to
migration may not play a key role in our analysis.

13Notice that when we normalize the raw score of user i playing game g at time t by the average raw score
in game g in the previous section, we are implicitly making the scores comparable across games. It is as if
we are taking the (normalized) residuals of the regression of Sigt on game fixed effects. Thus, we do not
need the subscript g in S anymore.
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quality guideline value for 24-hour exposure to PM2.5, but still 10µg/m3 below the U.S.

National Ambient Air Quality Standards (NAAQS) for PM2.5 over 24 hours. The 25µg/m3

cutoff is above the ninety-ninth percentile of the distribution of particulates in our sample,

but far below the maximum daily concentration in our sample – about 270µg/m3. The

distribution of daily PM2.5 in our sample is displayed in Figure 2. We observe 697 days where

PM2.5 exceeds the threshold of 25µg/m3. In Panel B, we zoom in on the variation above

25µg/m3. αi represents player fixed effects, αmy month-by-year fixed effects, and Xzdmy

control variables – wind speed, precipitation, and bins of daily maximum temperature.14

The error term εit is allowed to have arbitrary heteroskedasticity and within-user and within

month-of-sample serial correlation, so standard errors are double-clustered at the user and

month-by-year levels.15

We face two primary empirical challenges in estimating β. First, individuals choose when

to play brain training games and this choice may be directly or indirectly related to pollution

levels. If, for example, pollution does have an effect on cognitive ability, and this effect is

noticeable to participants, they may be more or less likely to decide to play Lumosity games.

This would be problematic if, for example, users who have low cognitive ability are more

affected by pollution and choose not to play on days when they feel its effects. Appendix

Figure A.2, however, shows PM2.5 does not affect the number or composition of players.

Similarly, we do not find that the wind instrument has any direct effect on the number or

composition of players.

We can indeed rule out meaningful changes in the composition of players with the esti-

mates displayed in Appendix Figure A.2. The coefficient on our indicator for the effect of

high PM2.5 on the number of daily plays is -0.11. For context, the mean number of players

per day is 11 (standard deviation 19.1). The effect of the wind instrument is similar, but

the confidence interval is tighter, allowing us to reject an increase or decrease of 1 play per

14In the results section, we explore the sensitivity of our estimates to alternative structure of fixed effects,
alternative thresholds for the indicator variable for exposure to PM2.5, and outliers.

15We considered double-clustering at the 3-digit ZIP area and month-by-year levels for our main results,
but that had little impact on standard errors, increasing them by less than 4%.
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day. The mean ability score is 0.001 (standard deviation 0.33). For the indicator for high

PM2.5, we can reject an increase or decrease equivalent to one-tenth of a standard deviation

in the ability score and can reject even smaller changes in ability with the wind instrument.

We can also reject that the average age of players changes by approximately one-tenth of a

standard deviation for high PM2.5, and 2% of a standard deviation for the wind instrument.

The second empirical challenge in estimating β is measurement error. Measurement

error arises due to the sparsity of the monitoring network, and the fact that actual pollution

exposure can vary over very short distances based on proximity to large roads or other local

sources of pollution. Measurement error in a binary covariate, however, cannot be classical

(Black, Berger and Scott, 2000).16 Therefore, in theory our estimates could be biased upward

or downward.

We build on the approach of Deryugina et al. (2019) using an instrument based on changes

in wind direction. The idea of the instrument is to isolate variation in non-local pollution

that is transported by wind. This variation in pollution exposure should have a uniform

effect within a locality and be orthogonal to differences in exposure to local sources. The

specification for our first stage is

1[PM2.5zdmy > 25] = θ1[WindDirzdmy = maxPM2.5 WindDirz2m]

+X ′
zdmyδ + αi + αmy + εidmy. (3)

The excluded instrument is the variable 1[WindDirzdmy = maxPM2.5 WindDirz2m].

This indicator variable is equal to one if the daily average wind direction in the 3-digit

ZIP code z falls in the 60-degree interval that usually brings the highest levels of PM2.5 to

the more aggregated 2-digit ZIP code region z2 in month m. The wind directions associated

with the maximum pollution levels for each region-month are found in preliminary regressions

16Denote PM ≡ PM∗ + u, where PM is the observed binary covariate used in the analysis, PM∗ is the
unobserved binary covariate of interest, and u is measurement error. When PM∗ is 0, u may only take the
values of 0 or 1, but when PM∗ is 1, u may only take the values of -1 or 0. Thus, the covariance between
PM∗ and u must be negative unless u is 0 with probability 1.
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estimated separately for each of the 95 2-digit ZIP areas in our sample.17 We prefer these

larger geographic units against the smaller 3-digit ZIP areas (of which there are 492 in our

sample) to ensure that the first stage uses only long-range, non-local variation in pollution

transport. In these regressions the dependent variable is 1[PM2.5zdmy > 25], the parameters

of interest are the coefficients on indicator variables for the interaction between binned wind

direction and calendar month, the same fixed effects as in Equation (2) are employed. The

variable maxPM2.5 WindDirz2m is the wind direction with the largest coefficient for each

calendar month.18

If we make the assumption that the instrument is not measured with error, then the IV

estimator is still consistent for the true value of β, even with non-classical measurement error

in our high PM2.5 indicator (Black, Berger and Scott, 2000). We believe this assumption

to be reasonable. Again, the source of the measurement error in PM2.5 is the disconnection

between what individuals are exposed to and what is measured in the locations of the sparse

network of EPA monitors. The instrument is the wind direction that brings the highest

levels of air pollution from other locations uniformly across the 2-digit zip code areas where

individuals reside. To the extent that individuals are unlikely to be aware of sudden changes

in wind direction, the exposure to air pollution induced by the instrument should be roughly

similar to all individuals of an area regardless of where they reside, relative to the locations

of the EPA monitors that we use to assign pollution in the analysis. If that is the case, the

instrument should be uncorrelated to the measurement error in our main pollution variable.

Lastly, it is important to recognize a lingering challenge in the literature examining the

impacts of air pollution. The concentration of one air pollutant is usually highly correlated

to the concentration of a number of other pollutants. In fact, we use a single pollutant

instead of a multi-pollutant approach because, as noted by Dominici et al. (2010, p.188),

17It is important to highlight that ours is not the first application of an IV generated in a ‘pre-first stage’
analysis. Feyrer, Mansur and Sacerdote (2017), for instance, use a two-step process to generate instruments
before running 2SLS (see subsection IV.C of their paper for more details).

18This procedure may avoid weak instrument issues that might emerge when including all interactions
between the 60-degree intervals and the z2 regions in the first stage. We compare estimates arising from
alternative instruments in the results section.
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“the results of any regression model become highly unstable when incorporating two or more

pollutants that are highly correlated. (...) In this case, the regression model cannot reliably

estimate the main effects of these two pollutants nor their interaction.” That said, the use of

fine particle pollution (PM2.5) as our main pollution variable addresses some of those issues

because it represents a variety of pollutants. As explained by EPA, particulate matter is a

mixture of solid particles and liquid droplets found in the air. These particles come in many

sizes and shapes and can be made up of hundreds of different chemicals. Some are emitted

directly from a source, such as construction sites, unpaved roads, fields, smokestacks, or fires.

Most particles, however, form in the atmosphere as a result of complex reactions of other

chemicals such as sulfur dioxide (SO2) and nitrogen oxides (NOx), which are pollutants

emitted from power plants, industries, and automobiles. We will conduct robustness checks

controlling for other pollutants in our main specification.

V. Results

A. Average Impacts of Exposure to PM2.5 on Cognitive Function

Table 3 reports the average impacts of exposure to fine particulate matter (PM2.5) on

cognitive function as measured by standardized scores in Lumosity games. Columns 1 and

2 in Panel A present the OLS estimates using PM2.5 measured in levels or as a dummy for

relatively high concentrations – above 25µg/m3 – respectively. Columns 3 and 4 display the

corresponding IV estimates. Lastly, columns 5 and 6 present IV estimates for an alternative

outcome variable: the percentile of an individual’s score in the overall distribution of scores

adjusted to match the characteristics of the U.S. population. The Kleibergen-Paap rk Wald

F statistics from the first stage in the IV specifications are all above the Staiger and Stock

(1997) rule-of-thumb cutoff of 10, suggesting that the excluded instrument is strong.

Our preferred estimate in column 4 indicates that exposure to relatively high levels of
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PM2.5 reduces standardized scores by about 0.18 of a standard deviation.19 This effect is

relatively large. For comparison, Ebenstein, Lavy and Roth (2016) find that the effect of

PM2.5 on Israeli high-school student scores for the ninety-ninth percentile of exposure in

their sample (about 50 µg/m3) implies a decline of roughly 0.13 of a standard deviation

in scores relative to an average day’s air quality (about 16µg/m3).20 Our estimate is also

equivalent to a reduction of 5.8 percentiles in the distribution of scores adjusted to match

the characteristics of the U.S. population, as reported in column 6.

Panel B of Table 3 reports a number of robustness and specification checks. Column

1 replaces user fixed effects in Equation (2) with user-by-hour fixed effects, and includes

day-of-week fixed effects.21 This alternative specification addresses concerns associated with

selection of users into playing in particular hours or days of the week. As an example,

working-age users may play in the evenings and weekends, and retirees may play during

the day in weekdays. Column 2 adds to our main specification day-of-week and 2-digit ZIP

code-by-month fixed effects, to control more flexibly for spatial and seasonal variation in

game playing.22 Column 3 constrains the sample to include only observations with PM2.5

19If we instrument PM2.5 with interactions of 100 clusters of pollution monitors and 60-degree wind
direction bins à la Deryugina et al. (2019), we cannot rule out that the IV estimate for PM measured in
levels is statistically similar to the corresponding estimate using our instrument, as shown in Appendix Table
A.1, column 1. For models with an indicator of PM above the annual NAAQS threshold (12µg/m3), the
results are still qualitatively similar, as reported in column 2, but we caution that the confidence intervals are
relatively wide. For a higher threshold, however, the IV estimate using the full set of instruments becomes
insignificant, as shown in column 3, Panel B. Notice that the first-stage F statistic decreases considerably.
In contrast, the strength of our instrument remains relatively stable even in the case of a more extreme
threshold, as shown in column 3, Panel A.

20Another comparison to put the magnitude of our estimates into perspective: Ebenstein, Lavy and Roth
(2016) find that a test score in an exam on a day with average pollution (about 16µg/m3) will be lowered
relative to an exam taken on a day with the minimum pollution level (about 2.4µg/m3) by 0.083 standard
deviations. Recall that they use data for every SAT-equivalent test taker in Israel from 2000-2002. Our
estimate in Table 3, Panel B, column 5, shows a reduction of 0.15 of a standard deviation when Lumosity
users nationwide are exposed to levels of PM2.5 above 15µg/m3 relative to exposure below that threshold.

21The sample size in column 1 of Panel B is smaller than the main sample in Panel A because when
we incorporate user by hour-of-day fixed effects, we lose some game plays for which there is insufficient
data within a user and hour-of-day. Basically, ‘singletons’ are removed. As Correia (2015, p.1) points
out, “[m]aintaining singleton groups in linear regressions where fixed effects are nested within clusters can
overstate statistical significance and lead to incorrect inference.”

22Alternatively, we have conducted a robustness check where both wind speed and precipitation are also
binned. Stormy weather might affect sleep and PM2.5. In our main specification those variables are not
binned, but there are eight temperature bins. The resulting estimate is -0.180 (S.E. 0.0809), almost identical
to our main estimate.
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below 35µg/m3 – the current 24-hour NAAQS for PM2.5 – to avoid the potential influence

of outliers. This alternative sample also allows us to test for PM2.5 effects only among levels

of exposure below the current air quality standards. In all these four columns, the causal

effect of exposure to relatively high levels of fine particulate matter is quantitatively similar

to our main estimate in Panel A, column 4.

To address the concern that our instrument is estimated in a ‘pre-first stage,’ which might

result in overfitting, we adopt an approach similar to cross-validation. The resulting estimate

is reported in column 4 of Table 3, Panel B, and indicates further robustness of our main

estimates. To conduct this analysis, we randomly split the sample into two. We use one

of these subsamples to estimate the wind direction in each ZIP 2 area and calendar month

associated with the highest probability of PM2.5 exceeding the threshold of 25µg/m3. We

then use the second subsample to estimate the effect of exceeding the PM2.5 threshold on

game scores, where the instrument is an indicator variable for whether the wind direction

on that day is the wind direction identified with the first subsample. As a result of this

exercise, we lose half our sample, but reassuringly the F-statistic is virtually unchanged and

the standard errors increase only slightly.

The last two columns of Table 3, Panel B, display the estimates associated with alterna-

tive cutoffs for exposure to fine particulates. Column 5 reveals that even exposure to levels

of PM2.5 20µg/m3 below the current 24-hour EPA air quality standards is detrimental to

cognitive function, suggesting that there may be room for adjustments in the standards.

For reference, 15µg/m3 is about the ninety-fifth percentile of the distribution of particulates

in our sample. Perhaps not surprisingly, column 6 shows that exposure to levels of PM2.5

above the current 24-hour standards causes a large decline in cognitive performance.

In Figure 3 we also check for nonlinearities in the relationship between PM2.5 and cog-

nition using bins for different ranges of exposure. It is important to point out that if the

true model uses the 25µg/m3 cutoff, a model with another cutoff would be misspecified and

the IV estimate inconsistent for the true coefficient on the included covariate. Nevertheless,
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the literature offers little guidance regarding a potential “safe” threshold for exposure to fine

particle pollution (PM2.5). Upon reviewing the evidence, Pope et al. (2015) indicate that

the concentration-response function may be concave across wide ranges of exposure. This

suggests that incremental pollution abatement efforts may yield benefits even in relatively

clean areas. Our goal in the analysis reported in Figure 3 is to test whether there is any

evidence of deleterious effects on cognitive performance at levels of pollution lower than the

WHO guideline value of 25µg/m3. Without a true “safe” cutoff, as long as the first stage is

informative, we still obtain consistent IV estimates in models with alternative cutoffs. The

point estimates in the figure suggest that there may be detrimental effects on cognition even

when individuals are exposure to relatively low levels of PM2.5.

Further, we assess the impact of the inclusion of other pollutants on the estimated coef-

ficients for our high PM2.5 indicator. We control for other criteria pollutants alongside our

PM indicator – ground-level ozone, carbon monoxide, sulfur dioxide, and nitrogen dioxide.

As reported in Table 4, our main PM estimates are remarkably stable across specifications.

In addition, we explore the robustness of our results to the determination and number

of groupings used to generate our instrument. Appendix Table A.2 reports the results. In

our main analysis, monitors are grouped by 2-digit ZIP code, of which there are 95 in our

sample. In this robustness check, we adopt the group assignment procedure from Deryugina

et al. (2019), which employs the k-means clustering algorithm with the latitude and longitude

of monitors. We employ this algorithm to generate groups of approximately 75, 100, and

125 monitors. We then re-estimate our main specification with our preferred instrument

generated with these new monitor groups. Importantly, as the number of groups increases,

the size of groups becomes smaller and we run into sample size constraints for determining our

instrument, resulting in more observations being dropped. As reported in Appendix Table

A.2, despite variation in the point estimates, we cannot rule out that they are statistically

indistinguishable from our main estimate.

Lastly, Appendix Table A.3 shows that our results are robust to the inclusion of lag(s)
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and lead(s) of pollution and the instrument. We test robustness to these additional variables

to check for delayed effects of pollution and spurious effects, respectively. Column 1 includes

one lag and lead of the high PM2.5 variable and column 2 adds seven lags and leads of high

PM2.5, instrumenting for each lag/lead of pollution with the lag/lead of the maximum wind

direction instrument. Although some of the lag coefficients appear significant in column 2,

the tests of joint significance suggest that they are not jointly relevant for the analysis. None

of those F-statistics is large enough to imply joint statistical significance. Column 3 controls

for one lag and lead of the instrument, and column 4 controls for seven lags and leads of the

instrument. By and large, our main coefficient of interest, reported in the first row of the

table, is remarkably stable across specifications.

B. Heterogeneous Impacts of Exposure to PM2.5 on Cognitive Function

PM2.5 Impacts by Age. Figure 4, Panel A, depicts the causal effects by age group. All

coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions

between the indicator of high PM2.5 and the age groups reported in the figure. The pattern

that emerges is that the adverse effects of exposure to PM2.5 are more pronounced at younger

ages – below 50. The age distribution in our sample is displayed in Panel B, which shows a

relatively small representation of individuals up to 40 years old, but a large representation

of 50- and 60-year-olds. The mean user age in our sample is 48.7. Unlike the bulk of

the literature highlighting detrimental effects of exposure to particle pollution on health

outcomes among children and the elderly, our estimates reveal large impacts on the working-

age population.

To give a sense of the magnitude, take the estimated effect for individuals under 30 –

exposure to levels of PM2.5 above 25µg/m3 causes a reduction in standardized scores by

0.608 of a standard deviation. This effect is equivalent to the normal decay in cognitive

function when comparing individuals under 30 to 45-year-olds, as depicted by the diamond
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markers in Panel B.23 Notice that on average younger people have the highest performance

across all days, consistent with normal cognitive decline over the lifetime. So, what this

heterogeneity analysis shows is that younger people are the most impacted by fine particle

pollution, not that they have the worst average performance.

The effects of exposure to air pollution could be larger for younger individuals for a range

of reasons. For example, according to well known theories of intelligence, as people age they

begin to rely more on crystallized intelligence, that part of intelligence that comes from

learned procedures and knowledge.24 If fluid intelligence – intelligence that is independent of

learning – is more affected by short-term shocks to fine particulates, then we would expect

to see younger and less experienced individuals are more affected.25

PM2.5 Impacts on Specific Cognitive Domains. Figure 5, Panel A, plots the estimated effects

on seven cognitive domains – verbal, attention, flexibility, memory, math, speed, and problem

solving. All coefficients are jointly estimated using 2SLS in a version of Equation (2) with

interactions between the indicator of high PM2.5 and the cognitive domains reported in the

figure. Among these domains, the effects are strongest for memory, with exposure to PM2.5

above 25µg/m3 estimated to reduce standardized scores by 0.598 of a standard deviation

(95% confidence interval: [-1.147,-0.0489]). Table 5 reports p-values for the tests comparing

other cognitive domain effects with the memory effect. All p-values are at or below 0.1,

suggesting that the memory effect indeed stands out.

There is also suggestive evidence that problem solving may also be substantially affected

by particle pollution. The reduction in this cognitive domain due to high levels of PM2.5 is

estimated to be 0.418 of a standard deviation (95% CI: [-1.517,0.681]). Although we have a

large number of observations associated with each domain, Lumosity games training memory

23Salthouse (2009) provides evidence that some aspects of age-related cognitive decline do begin in healthy
educated adults when they are in their 20s and 30s. For a review of the literature on normal cognitive aging,
see Harada, Natelson-Love and Triebel (2013).

24This theory is attributed to Raymond Cattell and Donald Hebb (Brown, 2016).
25This explanation is also consistent with the ability and learning results reported below.
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and math are the least played, as reported by Panel B.26 It turns out that problem solving

has fewer plays than verbal and attention games, but has a high number of plays per player.

So, fewer people play problem solving than the verbal game, but when they do, they play it

more times. The noisy coefficient on problem solving might be explained by the substantial

heterogeneity in PM2.5 impacts that we find by number of plays, as we discuss below.

To put the estimated impact of PM2.5 on memory into perspective, it is equivalent to the

normal cognitive aging from the 30s to the 50s, as depicted by the diamond markers in Figure

4, Panel B. In the closest study to ours, Bedi et al. (2021) examine the impact of PM2.5 on

five cognitive domains – simple attention, complex attention, arithmetic processing speed,

working memory, and fluid reasoning – using a sample of 464 students from a university in

Brazil, who engaged in 54 lab sessions over a 3-year period. They find evidence suggesting

that one cognitive domain – fluid reasoning – may be more affected by high PM2.5 exposure.

Fluid reasoning is the ability to think flexibly and problem solve. We find suggestive evidence

of adverse effects on problem solving, but a near zero effect on flexibility. On the other hand,

the effect we estimate on memory is more robust than other cognitive domains.

The adverse effect of PM2.5 on memory may have implications for workforce productiv-

ity.27 The Occupational Information Network (O*NET) database ranks over 870 occupations

based on the importance of cognitive functions.28 Among the top twenty in terms of the

importance of memory, there are actors, clergy members, physicians, nurses, inspectors,

teachers, managers, engineers, and sales representatives. Therefore, it is not surprising that

contemporaneous exposure to particulate matter decreases productivity among call center

workers in China (Chang et al., 2019), but does not affect the manufacturing output of work-

ers in the textile industry (He, Liu and Salvo, 2019). Our findings open a research avenue

26Krebs and Luechinger (2021) focus their analysis on a mental arithmetic Lumosity game, and find
evidence that exposure to nitrogen oxides (NOx) affects performance.

27Note, however, that lower cognitive performance caused by pollution may trigger adaptation responses
by workers – such as mask-wearing – and firms – such as the installation of air filters (e.g., Adhvaryu, Kala
and Anant, 2021).

28See details on the importance of cognition at onetonline.org/find/descriptor/browse/Abilities/1.A.1/
and onetonline.org/find/descriptor/browse/Skills/2.A/.
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on the links between the impact of pollution on cognitive functions and labor productivity.

PM2.5 Impacts on Cognitive Function by Initial Ability. Figure 6, Panel A, plots the esti-

mated effects of exposure to levels of PM2.5 above 25µg/m3 on cognitive function by quintile

of initial ability. All coefficients are jointly estimated using 2SLS in a version of Equation

(2) with interactions between the indicator of high PM2.5 and quintiles of ability. Because

memory appears to be the cognitive domain most affected by fine particulates, we measure

initial ability by estimating the following equation for first play in the memory game:

Si = φWindi +X ′
iΠ + εi, (4)

where Si represents standardized score for user i, and Windi the reduced-form equivalent of

particle pollution. Xi includes other meteorological controls and fixed effects for age, 3-digit

ZIP code, and month-year. Our approximate measure of initial ability is the residualized

score ε̂i, which nets out predictable patterns in the data. This measure has good predictive

power for ability. Indeed, the pattern in Panel B reveals a strong positive association with

educational attainment, which is knowingly correlated with innate ability (see, for example,

discussion in Card, 2001). Panel B also shows that most users in our sample are college

graduates.

The estimated effects in Figure 6, Panel A, indicate that low-ability individuals are more

affected by exposure to high levels of PM2.5 than high-ability users. The difference between

the point estimates for the second and fourth quintiles of -0.593 of a standard deviation

is nontrivial: it is equivalent to the normal cognitive aging from the 30s to the 50s, as

depicted by the diamond markers in Figure 4, Panel B. We are underpowered to draw strong

conclusions, but the evidence from both panels, taken together, suggests that environmental

insults might exacerbate the inequality in cognitive performance. This corroborates the

pattern found by Ebenstein, Lavy and Roth (2016) for Israeli high-school students. They

rank students based on an ex-ante measure of student quality reflecting performance in the

full-year class and on a previously-taken SAT-equivalent test. When they split the sample
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by whether their measure of ability is above or below the median, the estimated detrimental

impacts of exposure to ten additional units of PM2.5 are more than four times larger among

those classified as low quality.

PM2.5 Impacts on Cognitive Function by Learning Stage. Figure 7, Panel A, displays the

estimated effects of exposure to PM2.5 on cognition by practice in the games – fewer than

five plays or more than five plays – which we are interpreting as different learning stages

or experience. In fact, Panel B depicts a concave relationship between standardized scores

and the number of plays, similar to the well-known experience-earnings profile in the labor

market. The underlying histogram in the panel also reveals that most users play just a few

times over our sample period, similar to the pattern of short job tenure for most workers in

the labor force.29 All coefficients in Panel A are jointly estimated using 2SLS in a version of

Equation (2) with interactions between the indicator of high PM2.5 and the learning-stage

groups reported in the figure using only the sample of users who play a game at least 20

times.

The pattern emerging from Panel A is that exposure to relatively high levels of PM2.5

appears to affect cognitive performance primarily in the learning stage. Notice that all

estimated coefficients displayed in Panel A are relative to the effect of low PM2.5 for the

<5 plays (the omitted category). The difference between the red markers can be interpreted

as the effect of experience on game scores in the absence of high pollution levels. The first

blue marker shows the effect of pollution when a user is inexperienced (or more specifically,

the difference between the first red marker and the first blue marker). When users are

inexperienced, we find that performance declines by approximately 0.5 standard deviations,

which roughly corresponds to the normal decay in cognitive function when comparing 20-

year-olds to 40-year-olds, as depicted by the diamond markers in Figure 4, Panel B. The

difference between the coefficient on > 5 plays when pollution is low, and the coefficient

29According to the Bureau of Labor Statistics, in January 2020 the median employee tenure was 4.3 years
for men and 3.9 years for women (BLS, 2020).
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on > 5 plays when pollution is high (the second red marker and the second blue marker),

is the effect of pollution when a user is experienced. This difference is not statistically

significant meaning that once users acquire experience, their performance is unaltered by

fine particulates.30

C. External Validity Discussion

Our analysis provides novel evidence on the impacts of pollution on cognition across a broader

age range. Notwithstanding, it is important to highlight that our sample does not match

the characteristics of the US population. As mentioned earlier, in our Lumosity sample the

proportion of individuals 65 years and older is 19.1%, the proportion of females is 58.5%,

and the proportion of college graduates is 66.3%. In the 2015-2019 American Community

Survey (ACS), those proportions are 16.5%, 50.8%, and 32.1%, respectively. Due to data

limitations, we can only make comparisons regarding these three variables: age, gender, and

educational attainment.

We proceed in two ways to shed light on the potential external validity of our estimates

and the heterogeneity of impacts. Firstly, in the main table of results (Table 3), we call

attention to columns 5 and 6 in Panel A, where we run the analysis with the outcome

variable being the percentile of an individual’s score in the overall distribution of scores

adjusted to match the characteristics of the U.S. population. Recall that to construct this

distribution, for each game, Lumosity resamples from their user base to match age, gender,

and education of the US population from the 2010 U.S. Census. As we reported earlier, our

main estimate of the impact of PM2.5 on game performance is equivalent to a reduction of

5.8 percentiles in the distribution of scores adjusted to match the characteristics of the U.S.

population, as shown in column 6.

Secondly, we run several heterogeneity analyses to understand the impacts of pollution

across different subgroups of the population. One of our main results reported in Figure

30Krebs and Luechinger (2021) find the opposite pattern for the effects of exposure to NOx on the perfor-
mance in mental arithmetic.

21



4 is broken down by age group. The point estimates appear to be larger for individuals

younger than 50 years old. In Appendix Figure A.4, we present evidence on the impacts of

PM2.5 by gender/age. The estimated effects seem to be driven by female users under 50

years old. Because the main difference between the Lumosity sample and ACS is regarding

college attendance, in Appendix Figure A.8 we provide estimates by education attainment.

The impacts of pollution appear to be larger for individuals without a college degree.

Moreover, notice that if exposure predominantly affects short-term memory and has noisy

effects on problem-solving or attention, then we would expect to find different impacts of

pollution on productivity in occupations that draw more or less heavily on these cognitive

skills. This may help reconcile why, for example, Chang et al. (2019) and Huang, Xu and

Yu (2020) find effects of pollution exposure in call center workers, but He, Liu and Salvo

(2019) do not.31 Further, we expect to see larger effects for industries that are dominated

by younger, less skilled, and lower ability.

Lastly, regarding our setting involving games, with low-stakes tasks, we would like to

point out that while the existing literature on school test scores provides strong evidence

for impacts of pollution exposure on the performance of students in high-stakes situations,

the vast majority of day-to-day tasks in the workplace are not high stakes (Deming, 2021).

Importantly, stress from high-stakes situations could itself make test-takers more sensitive

to the effects of pollution exposure.

VI. Concluding Remarks

This study has examined the impacts of exposure to fine particulate matter (PM2.5) on

cognition, leveraging performances in brain games. We have taken advantage of detailed

proprietary user-level data from Lumosity games over the period 2015-2017, covering seven

cognitive domains across all stages of adult life. By instrumenting daily PM2.5 concentrations

31Yet, this may not explain why Chang et al. (2016) finds different results to He, Liu and Salvo (2019).
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with changes in local wind direction à la Deryugina et al. (2019),32 we were able to identify the

local average treatment effects of PM2.5 on cognitive functions, and assess the heterogeneity

of those effects across multiple dimensions.

We highlight and discuss four main findings. First, the average impact of exposure to

daily PM2.5 is substantial even at levels below the current 24-hour EPA ambient air quality

standards of 35µg/m3, and even at levels below the previous WHO air quality guideline

value of 25µg/m3. These results suggest that there may be additional benefits from reducing

those thresholds. Second, among the seven cognitive domains we investigated, the effect on

memory is the strongest. This has implications for the types of occupations most likely

to suffer from high exposure to PM2.5, and might reconcile mixed results in the literature

regarding occupations that were more or less affected by particulate matter.33 The memory

result may also shed light on a mechanism behind the causal impact of sustained exposure

to fine particulates on the probability of receiving a dementia diagnosis, as found by Bishop,

Ketcham and Kuminoff (2018).

Third, unlike the bulk of evidence of adverse effects of PM2.5 on health outcomes con-

centrated among children and the elderly, our findings indicate that individuals under the

age of 50 – the working-age population – may be the most affected by contemporaneous

exposure to particle pollution. Furthermore, it seems that those learning new tasks may be

more affected by short-term variation in PM2.5. Fourth, exposure to high levels of PM2.5

appears to exacerbate the inequality in cognitive performance. Low-ability individuals may

be the most affected by fine particulates. This is suggestive evidence that investments in

environmental quality are progressive, an important finding in the context of the recent rise

in income inequality in the United States and abroad.

32As explained earlier, our instrument is an indicator variable for whether the daily local wind direction is
at the direction associated with the maximum potential for the transport of pollutants from other locations
to the area where the Lumosity user is located.

33For instance, exposure to particulate matter has been shown to decrease productivity among call center
workers in China (Chang et al., 2019), but does not seem to affect the output of production workers in the
textile industry (He, Liu and Salvo, 2019).
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Figure 1: Distribution of Lumosity Users

Notes: This figure maps the distribution of users of Lumosity brain games in our sample over the period
2015-2017. The geographic unit of the data is a 3-digit ZIP code area. Gray indicates no users. Those
individuals are scattered around the nation, with heavy concentrations in the West Coast, where Lumos
Labs, the owner of Lumosity, are headquartered (San Francisco, CA).
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Figure 2: Daily PM2.5 Variation in Our Sample

Panel A. Entire Distribution

Panel B. Variation Above 25µg/m3

Notes: This figure displays the distribution of daily PM2.5 in our sample. The levels of PM2.5 are color-
coded according to the colors used by EPA to provide air quality information to the public via the air quality
index (AQI). Panel A shows the entire distribution. The median daily PM2.5 in our sample 4.48 µg/m3,
the mean is 5.61 µg/m3, and the standard deviation 5.02 µg/m3. Panel B zooms in over the portion of the
distribution above the threshold used in our main analysis – 25µg/m3. This threshold is the World Health
Organization (WHO) air quality guideline value for 24-hour exposure to PM2.5, but still 10µg/m3 below
the U.S. National Ambient Air Quality Standards (NAAQS) for PM2.5 over 24 hours.
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Figure 3: IV Nonlinear Impacts of PM2.5 on Cognitive Function

Notes: This figure displays the IV estimated nonlinear impacts of exposure to PM2.5 relative to levels below
5µg/m3. Each plotted coefficient is separately estimated using 2SLS in a version of Equation (2) with each
of the seven 5µg/m3-bin indicators for PM2.5. For each estimate the sample is restricted to observations
with PM2.5 < 5µg/m3 and observations with high PM2.5 as defined by the bin indicator. The colors of
the coefficients in this figure are associated with the color code for the AQI, as explained in 2). Because the
distribution of particulates is highly right-skewed, with the median slightly below 5µg/m3 (see Figure 2), in
this figure the vertical bars around the coefficients are 90% confidence intervals.
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Figure 4: IV PM2.5 Impacts on Cognitive Function by Age

Panel A. IV Estimated Effects Panel B. Age Distribution

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by age, and
descriptive statistics on the age distribution in our sample. In Panel A, the plotted coefficients are jointly
estimated using 2SLS in a version of Equation (2) with interactions between the indicator of high PM2.5 and
age groups. The instruments for these interactions are interactions of our original instrument with the bins
for age groups. The vertical bars around the coefficients are 95% confidence intervals. The estimates are
also reported in Appendix Table A.4, including the conditional first-stage F statistics. Robustness checks
are presented in Appendix Figure A.3. Heterogeneity analysis by age and gender is presented in Appendix
Figure A.4. In Panel B, the bars depict the number of observations in each age range, and the markers
show the change in average standardized scores for an age group relative to users under 30. Learning curves
associated with each age group are presented in Appendix Figure A.5.
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Figure 5: IV PM2.5 Impacts on Specific Cognitive Domains

Panel A. IV Estimated Effects Panel B. Game Distribution

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by cognitive
domain, and descriptive statistics on the distribution of observations across games in our sample. In Panel
A, the plotted coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions
between the indicator of high PM2.5 and cognitive domains. The instruments for these interactions are
interactions of our original instrument with indicators for cognitive domains. The vertical bars around the
coefficients are 95% confidence intervals. The estimates are also reported in Appendix Table A.5, including
the conditional first-stage F statistics. A robustness check is presented in Appendix Figure A.6. In Panel B,
the bars depict the number of observations in each game, and the markers show the change in the number
of times the game is played by an individual relative to the verbal game.
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Figure 6: IV PM2.5 Impacts on Cognitive Function by Initial Ability

Panel A. IV Estimated Effects Panel B. Initial Ability and Education

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by initial ability,
and descriptive statistics on ability and educational attainment in our sample. In Panel A, the plotted
coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions between the
indicator of high PM2.5 and quintiles of initial ability. Our measure of ability is based on the first play
in the memory game. In practice, it is the residualized score from Equation (4). The instruments for
those interactions are interactions of our original instrument with indicators for quintiles of initial ability.
The vertical bars around the coefficients are 95% confidence intervals. The estimates are also reported in
Appendix Table A.6, including the conditional first-stage F statistics. Robustness checks are presented in
Appendix Figure A.7, and analysis using education groups as an alternative for quintiles of initial ability is
presented in Appendix Figure A.8. In Panel B, the bars depict the number of observations in each education
group, and the markers show the change in average initial ability for an education group relative to the
category less than college degree.
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Figure 7: IV PM2.5 Impacts on Specific Cognitive Function by Learning Stage

Panel A. IV Estimated Effects Panel B. Number of Plays and Learning

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by experience
playing Lumosity games, and descriptive statistics on the distribution of number of game plays and learning
in our sample. In Panel A, the plotted coefficients are jointly estimated using 2SLS in a version of Equation
(2) with interactions between the indicator of high PM2.5 and two categories of number of plays – fewer or
more than five plays – for the sample of users playing at least 20 times. The instruments for these interactions
are interactions of our original instrument with indicators for categories of number of plays. The vertical bars
around the coefficients are 95% confidence intervals. The estimates are also reported in Appendix Table A.7,
including the conditional first-stage F statistics. A robustness check is presented in Appendix Figure A.9.
In Panel B, the bars depict the number of observations for each binned number of plays, and the markers
show the average standardized score for each binned number of plays relative to the first 5 plays bin.
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Table 1: Lumosity Games

Name Domain Skills Levels
Word Bubbles Rising Verbal Fluency vocabulary, reading comprehension Y
Lost in Migration* Selective Attention selective attention, response inhibition N
Brain Shift Task Flexibility task switching, classification N
Memory Matrix Working Memory spatial recall, visual memory span Y
Chalkboard Challenge Math quantitative, math, arithmetic reasoning N
Speed Match# Speed information processing N
Pet Detective Problem Solving forming possible solutions, choosing the best Y

Notes: This table presents the seven Lumosity games used in our analysis. The first column lists the game
names. *Also known as the Flanker Task. #Also known as the N back task. The second column lists the
corresponding cognitive domains. The third column details the skills trained by the games. Lastly, the
fourth column reports whether there are different levels of difficulty within the same game.
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Table 2: Summary Statistics

Variables (1)
Average Age 48.78

(16.39)

Proportion Age ≥ 50 0.542
(0.498)

Proportion Age ≥ 65 0.191
(0.393)

Proportion of Males 0.415
(0.493)

Average Daily PM2.5 (in µg/m3) 5.850
(3.146)

Maximum Number of Plays per Game 20.32
(13.75)

Proportion With Less Than College 0.338
(0.473)

Proportion With Bachelor Degree 0.353
(0.478)

Proportion With Post-graduate Degree 0.310
(0.462)

Proportion of Paid Subscriber 0.367
(0.482)

Number of Lumosity Users 113,975

Notes: This table reports summary statistics for our main sample. Standard deviations are reported
in parentheses.
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Table 3: Impacts of Exposure to PM2.5 on Cognition – Overall Effects and Robustness

Panel A. OLS Estimates (Columns 1-2) and IV Estimates (Columns 3-6)
Dep. Var.: Std. Score (1) (2) (3) (4) (5)# (6)#

Daily PM2.5 (µg/m3) -0.000520∗∗ -0.00486∗∗ -0.154∗∗

(0.000178) (0.00207) (0.0600)

1[Daily PM2.5 >25] -0.0197∗∗ -0.183∗∗ -5.809∗∗

(0.00632) (0.0803) (2.316)
User FE Y Y Y Y Y Y
Month by Year FE Y Y Y Y Y Y
Meteorological controls Y Y Y Y Y Y
Observations 4,667,636 4,667,636 4,667,636 4,667,636 4,667,636 4,667,636
First-stage F 40.86 33.24 40.86 33.24
Hausman test (p-value) 0.094 0.086 0.049 0.043

Panel B. IV Estimates for Alternative Specifications, Sample, and Variable Definitions
Dep. Var.: Std. Score (1) (2) (3) (4) (5) (6)
1[Daily PM2.5 >25] -0.197∗∗ -0.176∗∗ -0.227∗∗ -0.179∗

(0.0943) (0.0760) (0.110) (0.0922)

1[Daily PM2.5 >15] -0.150∗

(0.0760)

1[Daily PM2.5 >35] -0.654∗∗

(0.294)
User FE Y Y Y Y Y
User by Hour-of-day FE Y
Game FE Y
Month by Year FE Y Y Y Y Y Y
Day-of-week FE Y Y
Zip2 by Month-of-year FE Y
Meteorological controls Y Y Y Y Y Y
Sample Restriction Y Y
Observations 4,382,220 4,667,636 4,659,194 2,329,191 4,659,194 4,667,636
First-stage F 36.46 32.63 36.32 38.86 26.42 17.45

Notes: This table reports the impacts of exposure to PM2.5 on cognitive function, as measured by
standardized scores in Lumosity games – mean zero and standard deviation one. # in the last two
columns of Panel A indicates that an alternative dependent variable has been used: the percentile of
a score in the distribution of scores adjusted to match the characteristics of the U.S. population. IV
estimates arise from instrumenting daily PM2.5 with an indicator variable for whether the daily local
wind direction is at the direction associated with the maximum potential for the transport of pollutants
from other locations to a 3-digit ZIP code area where the Lumosity users are located. The first-stage
F statistic is the Kleibergen-Paap rk Wald F statistic associated with the excluded instrument in the
first stage. The null hypothesis for the Hausman test is that the difference between the OLS and IV
estimates is not systematic. Meteorological controls include wind speed, precipitation, and bins of
daily maximum temperature. “Zip2” at the bottom of Panel B represents a 2-digit ZIP code region,
an aggregation of 3-digit ZIP code areas, which are the smallest geographical units identified for the
individuals in our data. The “sample restriction” also at the bottom of Panel B refers to the removal of
outlier observations for PM2.5 – those above 35µg/m3, the current 24-hour EPA standards for PM2.5.
Standard errors double-clustered at the user and month-by-year levels are reported in parentheses.
*** denotes statistical significance at the 1% level, ** at the 5% level, and * at the 10% level.
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Table 4: IV PM2.5 Impacts on Cognitive Function Controlling for Other Pollutants

Dep. Var.: Standardized Score (1) (2) (3) (4) (5)
1[Daily PM2.5 > 25] -0.183∗∗ -0.190∗∗ -0.183∗∗ -0.188∗∗ -0.189∗∗

(0.0803) (0.0826) (0.0802) (0.0809) (0.0820)
Observations 4,667,636 4,667,636 4,667,636 4,667,636 4,667,636
First-stage F 33.19 34.13 33.23 33.24 33.96
Controls for Other Pollutants
Daily Ozone Y Y
Daily Carbon Monoxide Y Y
Daily Sulfur Dioxide Y Y
Daily Nitrogen Dioxide Y Y

Notes: This table reports the IV estimated impacts of exposure to PM2.5 on the standardized scores in
Lumosity games, controlling for other pollutants. Coefficients are estimated using 2SLS for Equation
(2). This equation includes user fixed effects, month-by-year fixed effects, and meteorological controls.
The first-stage F statistic is the Kleibergen-Paap rk Wald F statistic associated with the excluded
instrument in the first stage. Standard errors double-clustered at the user and month-by-year levels
are reported in parentheses (Cameron, Gelbach and Miller, 2011). *** denotes statistical significance
at the 1% level, ** at the 5% level, and * at the 10% level.

Table 5: P-values of Comparisons with Memory Effect

Cognitive Domain p-value
Verbal 0.075
Attention 0.082
Flexibility 0.072
Math 0.039
Speed 0.101
Problem Solving 0.100

Notes: This table reports the p-values for the tests that other cognitive domain effects differ from the
memory effect. These p-values arise from standard errors double-clustered at the user and month-by-
year levels are reported in parentheses (Cameron, Gelbach and Miller, 2011).
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Appendix A: Figures and Tables

Figure A.1: The 3-Digit ZIP Code Areas in the United States

Notes: This figure displays the 3-digit ZIP code areas in the continental United States. This is the smallest
geographical unit identified in the Lumosity brain training data, which is derived from a user’s IP address.
For reference, there are currently 41,692 5-digit ZIP codes in the country, 929 3-digit ZIP code areas, and
99 2-digit ZIP code regions. Source: https://public.tableau.com/views/ZIP3Map/ZIP3NationalMap?.
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Figure A.2: Impacts of PM2.5 and Wind IV on Number and Composition of Players

Panel A. Effects on number of players

Panel B. Effects on ability of players

Panel C. Effects on age of players
Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 as well as the
direct impacts of the wind IV on the number and composition of players. The plotted IV PM2.5 coefficients
are estimated via 2SLS in separate regressions of each outcome on an indicator for PM2.5 > 25 and the same
control variables as in Equation (2) – wind speed, precipitation, and bins of daily maximum temperature.
The plotted wind IV coefficients are estimated with reduced-form equations for those outcomes. Our measure
of ability is based on the first play in the memory game. In practice, it is the residualized score from Equation
(4). The vertical bars around the coefficients are 95% confidence intervals.
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Figure A.3: IV PM2.5 Impacts on Cognitive Function by Age – Robustness Checks

Panel A. Controlling for Game FE Panel B. Controlling for >5 Plays Dummy

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by age, controlling
for additional variables. Panel A controls for game fixed effects, and Panel B for a dummy indicating that
the play is above the fifth for that user. The plotted coefficients in each panel are jointly estimated using
2SLS in a version of Equation (2) with interactions between the indicator of high PM2.5 and age groups. The
instruments for these interactions are interactions of our original instrument with the bins for age groups.
The vertical bars around the coefficients are 95% confidence intervals.
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Figure A.4: IV PM2.5 Impacts on Cognitive Function by Gender and Age

Panel A. Estimated Effects Panel B. Age Distribution and Male Shares

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by age-gender
groups, and descriptive statistics on the age-gender distribution in our sample. In Panel A, the plotted coeffi-
cients are jointly estimated using 2SLS in a version of Equation (2) with interactions between the indicator of
high PM2.5 and four age-gender groups – combinations of below/above 50 years old with male/female. The
instruments for these interactions are interactions of our original instrument with indicators for age-gender
groups. In Panel B, the bars depict the number of observations in each age range, and the markers show the
change in the share of an age group that is male relative to male share of users under 30.
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Figure A.5: Learning Curves by Age

Panel A. Below vs. Above 50 Years Old

Panel B. Detailed Age Groups

Notes: This figure displays the learning curve by age. Each panel plots coefficients of OLS regressions by
age group of standardized scores on dummies for each number of plays. Panel A splits all users into two age
groups – below vs. above 50 years old – and Panel B provides a more detailed age breakdown.
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Figure A.6: IV PM2.5 Impacts on Specific Cognitive Domains – Robustness Check

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by cognitive
domain, controlling for a dummy indicating that the play is above the fifth for that user. The plotted
coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions between the
indicator of high PM2.5 and indicators for cognitive domains. The instruments for these interactions are
interactions of our original instrument with indicators for cognitive domains. The vertical bars around the
coefficients are 95% confidence intervals.
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Figure A.7: IV PM2.5 Impacts on Cognitive Function by Initial Ability – Robustness Checks

Panel A. Controlling for Game FE Panel B. Controlling for >5 Plays Dummy

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by initial ability,
controlling for additional variables. Panel A controls for game fixed effects, and Panel B for a dummy
indicating that the play is above the fifth for that user. Our measure of ability is based on the first play
in the memory game. In practice, it is the residualized score from Equation (4). The plotted coefficients
in each panel are jointly estimated using 2SLS in a version of Equation (2) with interactions between the
indicator of high PM2.5 and indicators for quintiles of initial ability. The instruments for these interactions
are interactions of our original instrument with indicators for quintiles of initial ability. The vertical bars
around the coefficients are 95% confidence intervals.
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Figure A.8: IV PM2.5 Impacts on Cognitive Function by Education

Panel A. IV Estimated Effects Panel B. Education and Initial Ability

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by education,
and descriptive statistics on educational attainment and initial ability in our sample. In Panel A, the plot-
ted coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions between the
indicator of high PM2.5 and three groups of educational attainment. The instruments for these interactions
are interactions of our original instrument with indicators for groups of educational attainment. The vertical
bars around the coefficients are 95% confidence intervals. In Panel B, the bars depict the number of obser-
vations in each education group, and the markers show the change in average initial ability for an education
group relative to the category less than college degree. Our measure of ability is based on the first play in
the memory game. In practice, it is the residualized score from Equation (4).
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Figure A.9: IV PM2.5 Impacts on Specific Cognitive Function by Learning Stage – Robust-
ness Checks

Notes: This figure displays the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by experience
playing Lumosity games, controlling for game fixed effects. The plotted coefficients are jointly estimated
using 2SLS in a version of Equation (2) with interactions between the indicator of high PM2.5 and indicators
for the number of plays. The instruments for these interactions are interactions of our original instrument
with indicators for categories of number of plays. The vertical bars around the coefficients are 95% confidence
intervals.
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Table A.1: IV PM2.5 Impacts on Cognitive Function Using Alternative Instruments

Panel A. IV Analysis Using Our Instrument
Dep. Var.: Standardized Score (1) (2) (3)

Daily PM (µg/m3) 1[Daily PM > 12] 1[Daily PM > 25]
Daily PM2.5 -0.00486∗∗ -0.120∗∗ -0.183∗∗

(0.00207) (0.0528) (0.0803)
Observations 4,667,636 4,667,636 4,667,636
First-stage F 40.86 36.27 33.24

Panel B. IV Analysis Using Instruments à la Deryugina et al. (2019)
Dep. Var.: Standardized Score (1) (2) (3)

Daily PM (µg/m3) 1[Daily PM > 12] 1[Daily PM > 25]
Daily PM2.5 -0.0021∗∗ -0.0383∗∗∗ -0.0083

(0.0009) (0.0144) (0.053)
Observations 3,940,666 3,940,666 3,940,666
First-stage F 26,380 106.7 2.479

Notes: This table reports the IV estimated impacts of exposure to PM2.5 on the standardized scores
in Lumosity games using our instrument or the instruments à la Deryugina et al. (2019). Coefficients
are estimated using 2SLS for Equation (2). This equation includes user fixed effects, month-by-year
fixed effects, and meteorological controls. Meteorological controls include wind speed, precipitation
and bins of daily maximum temperature. Panel A presents IV estimates arising from instrumenting
daily PM2.5 with an indicator variable for whether the daily local wind direction is at the direction
associated with the maximum potential for the transport of pollutants from other locations to a 3-digit
ZIP code area where the Lumosity users are located. Panel B presents IV estimates instrumenting
daily PM2.5 with interactions of 100 clusters of pollution monitors and 60-degree wind direction bins
à la Deryugina et al. (2019). The first-stage F statistic is the Kleibergen-Paap rk Wald F statistic
associated with the excluded instrument in the first stage. Standard errors double-clustered at the
user and month-by-year levels are reported in parentheses (Cameron, Gelbach and Miller, 2011). ***
denotes statistical significance at the 1% level, ** at the 5% level, and * at the 10% level.
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Table A.2: IV PM2.5 Impacts With Alternative Monitor Groupings for IV Construction

Dep. Var.: Std. Score (1) (2) (3)
1[Daily PM2.5 >25] -0.268∗∗ -0.180∗∗ -0.104

(0.0813) (0.0868) (0.0669)
Observations 4,691,361 4,581,903 4,534,134
First-stage F 36.50 32.48 36.20
Monitor groups 75 98 121

Notes: This table reports the IV estimated impacts of exposure to PM2.5 on the standardized scores in
Lumosity games, with alternative monitor groupings in the construction of the instrument. Coefficients
are estimated using 2SLS for Equation (2). This equation includes user fixed effects, month-by-year
fixed effects, and meteorological controls. The first-stage F statistic is the Kleibergen-Paap rk Wald
F statistic associated with the excluded instrument in the first stage. For this exercise, we adopt
the group assignment procedure from Deryugina et al. (2019), which employs the k-means clustering
algorithm with the latitude and longitude of monitors. We employ this algorithm to generate groups
of approximately 75, 100, and 125 monitors. Importantly, as the number of groups increases, the size
of groups becomes smaller and we run into sample size constraints for determining our instrument,
resulting in more observations being dropped. Standard errors double-clustered at the user and month-
by-year levels are reported in parentheses (Cameron, Gelbach and Miller, 2011). *** denotes statistical
significance at the 1% level, ** at the 5% level, and * at the 10% level.
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Table A.3: IV PM2.5 Impacts With Lags and Leads of Pollution and the Instrument

Dep. Var.: Standardized Score (1) (2) (3) (4)
1[Daily PM2.5 >25] -0.211∗∗ -0.188∗ -0.204∗∗ -0.195∗∗

(0.0891) (0.0949) (0.0846) (0.0878)

1[Daily PM2.5 >25] (t-1) 0.0567 -0.00365
(0.111) (0.147)

1[Daily PM2.5 >25] (t-2) 0.174
(0.141)

1[Daily PM2.5 >25] (t-3) -0.222∗∗

(0.0845)

1[Daily PM2.5 >25] (t-4) 0.145
(0.146)

1[Daily PM2.5 >25] (t-5) -0.210∗∗

(0.103)

1[Daily PM2.5 >25] (t-6) 0.238∗

(0.123)

1[Daily PM2.5 >25] (t-7) -0.256
(0.170)

1[Daily PM2.5 >25] (t+1) 0.00680 0.0260
(0.103) (0.106)

1[Daily PM2.5 >25] (t+2) -0.119
(0.115)

1[Daily PM2.5 >25] (t+3) 0.0653
(0.101)

1[Daily PM2.5 >25] (t+4) -0.0923
(0.166)

1[Daily PM2.5 >25](t+5) 0.00559
(0.153)

1[Daily PM2.5 >25] (t+6) 0.0190
(0.155)

1[Daily PM2.5 >25] (t+7) 0.0188
(0.176)

Observations 4,635,654 4,477,046 4,635,654 4,477,046
First-stage F 31.35 118.4 30.78 30.33
Sum lags F 0.493
Sum leads F 0.131

Notes: This table reports the IV estimated impacts of exposure to PM2.5 on the standardized scores
in Lumosity games, with lags and leads of pollution and the instrument. Coefficients are estimated
using 2SLS for Equation (2). This equation includes user fixed effects, month-by-year fixed effects, and
meteorological controls. Columns 1 and 2 instrument for leads and lags of the independent variable
with leads and lags of the instrument. Column 3 controls for one lead and lag of the instrument.
Column 4 controls for 7 leads and lags of the instrument. The first-stage F statistic is the Kleibergen-
Paap rk Wald F statistic for the contemporaneous effect of the independent variable instrumented by
maximum wind direction. Sum lags F is the F statistic for the joint significance of lagged dependent
variables. Sum leads F is the F statistics for the joint significance of leads of the dependent variable.
Standard errors double-clustered at the user and month-by-year levels are reported in parentheses
(Cameron, Gelbach and Miller, 2011). *** denotes statistical significance at the 1% level, ** at the
5% level, and * at the 10% level.

53



Table A.4: IV PM2.5 Impacts on Cognitive Function by Age

Dep. Var.: Standardized Score (1)
1[Daily PM2.5 >25] ×

1[Age < 30] -0.608∗∗∗

(0.133)
[0.001]
{11.22}

1[Age 30-39] -0.235
(0.179)
[0.341]
{9.33}

1[Age 40-49] -0.415∗∗

(0.153)
[0.018]
{8.94}

1[Age 50-59] 0.037
(0.117)
[0.616]
{10.15}

1[Age 60-69] -0.097
(0.122)
[0.586]
{9.72}

1[Age ≥70] 0.146
(0.198)
[0.586]
{11.45}

Observations 4,667,636

Notes: This table reports the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by age.
Coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions between the
indicator of high PM2.5 and age groups. The instruments for these interactions are interactions of our
original instrument with indicators for age groups. The estimating equation includes user fixed effects,
month-by-year fixed effects, and meteorological controls. Standard errors double-clustered at the user
and month-by-year levels are reported in parentheses (Cameron, Gelbach and Miller, 2011). ***
denotes statistical significance at the 1% level, ** at the 5% level, and * at the 10% level. Sharpened q
values accounting for multiple inference are reported in square brackets (Anderson, 2008). Conditional
first-stage F statistics for weak instruments are reported in curly braces (Sanderson and Windmeijer,
2016).

54



Table A.5: IV PM2.5 Impacts on Specific Cognitive Domains

Dep. Var.: Standardized Score (1) (2)
1[Daily PM2.5 >25] ×

1[Verbal] -0.149
(0.163)

[1]
{8.287}

1[Attention] 0.0738
(0.137)

[1]
{7.762}

1[Flexibility] -0.0632
(0.237)

[1]
{10.291}

1[Memory] -0.598∗∗

(0.275)
[0.304]
{20.239}

1[Math] -0.211
(0.208)

[1]
{10.358}

1[Speed] -0.0859
(0.206)

[1]
{6.499}

1[Problem] Solving -0.418
(0.551)

[1]
{5.420}

1[Non-memory domains] -0.135
(0.0811)
[0.077]
{42.873}

1[Memory domain] -0.594∗∗

(0.276)
[0.077]
{26.787}

Observations 4,667,636 4,667,636

Notes: This table reports the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by cognitive
domain. Coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions
between the indicator of high PM2.5 and cognitive domains. The instruments for these interactions are
interactions of our original instrument with indicators for cognitive domains. The estimating equation
includes user fixed effects, month-by-year fixed effects, and meteorological controls. Standard errors
double-clustered at the user and month-by-year levels are reported in parentheses (Cameron, Gelbach
and Miller, 2011). *** denotes statistical significance at the 1% level, ** at the 5% level, and * at
the 10% level. Sharpened q values accounting for multiple inference are reported in square brackets
(Anderson, 2008). Conditional first-stage F statistics for weak instruments are reported in curly braces
(Sanderson and Windmeijer, 2016). 55



Table A.6: IV PM2.5 Impacts on Cognitive Function by Initial Ability

Dep. Var.: Standardized Score (1) (2)
1[Daily PM2.5 >25] ×

1[Ability Quintile 1] -0.463∗∗

(0.225)
[0.124]
{8.294}

1[Ability Quintile 2] -0.669∗∗

(0.305)
[0.124]
{8.336}

1[Ability Quintile 3] -0.181
(0.386)
[0.924]
{6.772}

1[Ability Quintile 4] -0.0760
(0.302)
[0.928]
{9.055}

1[Ability Quintile 5] 0.304
(0.448)
[0.924]
{9.220}

1[Below Median Ability] -0.466∗∗

(0.189)
[0.035]
{30.744}

1[Above Median Ability] 0.00959
(0.185)
[0.921]
{35.390}

Observations 352,849 352,849

Notes: This table reports the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by initial
ability. Coefficients are jointly estimated using 2SLS in a version of Equation (2) with interactions
between the indicator of high PM2.5 and quintiles of initial ability. The instruments for these in-
teractions are interactions of our original instrument with indicators for quintiles of initial ability.
The estimating equation includes user fixed effects, month-by-year fixed effects, and meteorological
controls. Our measure of ability is based on the first play in the memory game. In practice, it is the
residualized score from Equation (4). Standard errors double-clustered at the user and month-by-year
levels are reported in parentheses (Cameron, Gelbach and Miller, 2011). *** denotes statistical sig-
nificance at the 1% level, ** at the 5% level, and * at the 10% level. Sharpened q values accounting
for multiple inference are reported in square brackets (Anderson, 2008). Conditional first-stage F
statistics for weak instruments are reported in curly braces (Sanderson and Windmeijer, 2016).

56



Table A.7: IV PM2.5 Impacts on Specific Cognitive Function by Learning Stage

Dep. Var.: Standardized Score (1)
1[Daily PM2.5 >25] ×

1[ Below 5 Plays] -0.506∗∗

(0.250)
[0.05]
{24.614}

1[Above 5 Plays] -0.155
(0.115)
[0.077]
{47.494}

1[Below 5 Plays] 0
(.)
[.]

1[Above 5 Plays] 0.644∗∗∗

(0.0150)
[0.001]

Observations 2,699,936

Notes: This table reports the IV estimated impacts of exposure to PM2.5 above 25µg/m3 by experience
playing Lumosity games. Coefficients are jointly estimated using 2SLS in a version of Equation (2)
with interactions between the indicator of high PM2.5 and two categories of number of plays – fewer
or more than five plays. The coefficient of the indicator for below 5 plays is set to zero because it is the
omitted category. The instruments for those interactions are interactions of our original instrument
with indicators for categories of number of plays. The estimating equation includes user fixed effects,
month-by-year fixed effects, and meteorological controls. Standard errors double-clustered at the user
and month-by-year levels are reported in parentheses (Cameron, Gelbach and Miller, 2011). ***
denotes statistical significance at the 1% level, ** at the 5% level, and * at the 10% level. Sharpened q
values accounting for multiple inference are reported in square brackets (Anderson, 2008). Conditional
first-stage F statistics for weak instruments are reported in curly braces (Sanderson and Windmeijer,
2016).
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Appendix B: Conceptual Framework

Building on Graff Zivin and Neidell (2013), cognitive function can be expressed as a function

of two components: the level of exposure to air pollution p, and a vector of attributes x that

may influence how exposure affects measures of cognition S:

S = f(p, x). (A1)

In our context, p corresponds to ambient concentration of PM2.5 and f(.) translates

p into performance in various cognitive domains. Heterogeneity in environmental impacts

may manifest through differences in levels of exposure p, and/or differences in the vector of

mediating attributes x that may interact with exposure through the cognitive function.

Building on Hsiang, Oliva and Walker (2019), if a change in exposure is relatively uniform

across individuals – perhaps because it is marginal for all i – distributional effects may result

from that change if marginal impacts

∂Si

∂p
=
∂f(pi, xi)

∂p
(A2)

differ across individuals. Heterogeneity in marginal impacts on cognition may arise from

nonlinearities in the relationship between exposure and cognitive function, holding other

factors constant, or from heterogeneity in an underlying attribute that controls how exposure

translates into impacts. Designing environmental policy that addresses distributional effects

may require understanding the source of this heterogeneity.

Heterogeneity in marginal impacts usually generates distributional effects of environmen-

tal change, because some individuals will benefit or be harmed more or less for incremental

changes in environmental conditions. If marginal impacts are positively correlated with cog-

nitive ability, for example, then policies that reduce exposure uniformly across a population

will have regressive benefits since high-ability individuals benefit more from the policy. If

marginal impacts are negatively correlated, such a policy would have progressive benefits.

58




