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Abstract

Air pollution is a well-documented threat to physical health, and a growing body of research suggests

it may also carry cognitive costs. This paper estimates the causal short-run effect of air pollution on

cognitive performance and asks whether genetic predisposition shields individuals from, or exacer-

bates, this cognitive toll. Using UK Biobank data linked to high-frequency air pollution measures, I

study how same-day exposure to PM2.5 affects performance on a fluid intelligence test. To address

endogeneity and exposure measurement error, I exploit thermal inversions as plausibly exogenous

shocks that trap air pollutants near the ground. Instrumental variables and reduced-form estimates

show that higher PM2.5 significantly reduces fluid intelligence. I also find a decline in numeric

memory, but did not find any effect on visual memory, prospective memory, or reaction time. I

then examine heterogeneity using polygenic scores for educational attainment and find no evidence

that genetic predisposition moderates the immediate cognitive effects of pollution. A specification-

curve analysis confirms the robustness of the negative effect across a wide range of modeling and

data choices. Overall, the results highlight that short-term air pollution exposure impairs cognitive

performance broadly, but that this cognitive penalty appears to be shared evenly across genetic en-

dowments.
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1 Introduction

Air pollution imposes large social costs through its effects on health. A large and well-established

literature has already documented adverse health consequences of exposure to fine particulate mat-

ter, including elevated mortality risk, respiratory morbidity, cardiovascular disease, and neurological

disorders (e.g., Arceo et al., 2016; Clay et al., 2018; Deryugina et al., 2019; Hoek et al., 2013; Karimi

and Samadi, 2024; Xu et al., 2016). While these alone already provide a strong argument for air

pollution mitigation, exclusively focusing on health effects risks underestimating the benefits of

cleaner air. To the extent that air pollution disrupts cognitive performance, its costs may extend

beyond illness and premature death to lower productivity and diminished human capital accumu-

lation. This margin is especially relevant in high-income settings, where economic activity relies

heavily on cognitive inputs.

The effects of air pollution on cognitive performance, however, need not be uniform across indi-

viduals, who may differ in their endowments and latent propensities for educational and cognitive

performance. A growing literature in economics, epidemiology, and behavioral genetics has shown

that genetic endowments can shape how individuals respond to adverse environments, giving rise

to gene–environment interactions (G×E) whereby the same exposure produces different outcomes

depending on underlying genetic predispositions (.e.g, Baker et al., 2024; Barcellos et al., 2018,

2021; Muslimova, van Kippersluis, et al., 2023; Virolainen et al., 2023). This is important for both

economics and policy. If pollution interacts with predetermined endowments, then it may not sim-

ply lower cognitive performance on average; it may also amplify or compress existing inequalities in

performance and productivity. The gains from cleaner air may therefore be both larger and more

unevenly distributed than average treatment effects would suggest.

This paper studies whether contemporaneous air pollution, in particular fine particulate matter,

affects cognitive performance and whether this effect varies by an individual’s endowment, proxied

by their genetic predisposition towards educational attainment. To do this, I use data from the

UK Biobank, which provides detailed information on health, socio-economic status, and genetic

background for over 500,000 individuals. My main outcome of interest is fluid intelligence, measured

through a 13-item cognitive test administered to participants. Air pollution data, specifically daily

average concentrations of PM2.5, are obtained from the European Air Quality (EAC4) dataset

provided by the Copernicus Atmosphere Monitoring Service, which gives hourly pollution data

across the globe. This enables me to explore the effects of local air pollution exposure on cognitive

performance in a low-pollution setting like the UK, where pollution levels are generally lower than

in many other parts of the world but still exhibit meaningful variability.

To estimate the causal effects of air pollution on cognitive performance, I employ two primary

strategies. First, I use a fixed-effects (FE) model that controls for unobserved time-varying and

location-specific factors, including location, month, year, and day-of-week fixed effects. This ap-
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proach accounts for potential confounders that vary over time or by location. Second, to address

potential endogeneity concerns, I use an instrumental variables (IV) approach, where thermal in-

version occurrence serves as an instrument for air pollution exposure. Thermal inversions, which

trap pollutants close to the ground, provide exogenous variation in PM2.5 exposure, isolating the

causal effect of pollution on cognitive outcomes.

To examine potential heterogeneity in the effects of air pollution based on genetic predisposition,

I operationalize genetic predisposition using polygenic scores (PGS) for educational attainment

(PGS EA). A polygenic score aggregates the effects of many genetic variants (SNPs) associated

with a particular trait, weighted by the strength of their individual associations with the trait.

PGS provide a genetic risk score that quantifies an individual’s genetic predisposition to a given

outcome, in this case, educational attainment. By including PGS EA in my model, I aim to assess

whether genetic factors influence the susceptibility to the cognitive effects of short-term pollution

exposure.

The results indicate a significant negative effect of PM2.5 exposure on fluid intelligence scores.

An increase in 1 µg/m3 of PM2.5 decreases performance on the fluid intelligence test by 0.01

standard deviation. This relationship is a robust and consistent across different model specifications.

However, I do not find significant heterogeneity by PGS. Despite the expectation that individuals

with higher genetic predisposition for education may be less susceptible to cognitive impairments

from pollution, my findings suggest that the cognitive effects of short-term pollution exposure are

similar across individuals, regardless of their genetic predispositions.

The study has three primary contributions. First, it contributes to the growing body of research

examining the contemporaneous effects of air pollution on productivity. While existing studies often

rely on proxies for cognitive function, such as high-stakes exam scores (Cook et al., 2023; Ebenstein

et al., 2016; Yao et al., 2023) or labor output in specific industries (Archsmith et al., 2018; X. Chen

et al., 2023; Holub and Thies, 2023; Künn et al., 2023), this paper is among the few to utilize direct,

standardized cognitive test scores (La Nauze and Severnini, 2025). By focusing on acute cognitive

performance, I isolate a critical non-health channel that helps explain the diminished productivity

and human capital accumulation documented in the broader literature.

Second, this paper’s finding speaks to how economists model the production function underlying

human capital formation. A well-established literature conceptualizes cognitive skill as the output

of a production function that combines an individual’s endowments with environmental inputs and

investments (Cunha and Heckman, 2007; Heckman, 2007). Whether genetic endowments and envi-

ronmental shocks interact in this production function, i.e., whether they behave as complements or

substitutes, is a question that only recent work has begun to address (e.g., Muslimova et al., 2026;

von Hinke and Sørensen, 2023). My finding contributes to this emerging literature by suggesting

that, at least for contemporaneous exposure, genetic endowment and pollution enter the cogni-

tive production function separably. This provides empirical evidence on the additive separability
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functional form assumption between endowments and environmental inputs, one which much of

the applied literature on skill formation must otherwise impose for tractability rather than justify

empirically.

Third, the results carry policy relevance for the valuation of air pollution mitigation, particularly

in low-exposure settings. Even in a comparatively low-pollution environment like the UK, PM2.5

significantly impairs cognitive performance, suggesting that further mitigation of air pollution can

be beneficial on cognitive grounds alone. Moreover, because I find no evidence of differential effects

across genetic predispositions, this cognitive cost appears to be a broadly shared burden rather

than one concentrated among a specific subgroup: the cognitive benefits of cleaner air are likely to

be distributed relatively evenly across the population, rather than accruing disproportionately to

individuals with a particular genetic endowment.

The remainder of the paper is structured as follows. Section 2 provides a background to how air

pollution can negatively affect cognitive performance and polygenic scores. Section 3 describes the

dataset used in this research. Section 4 and 5 provides the estimation strategy and results. Section

6 concludes.

2 Background

2.1 Cognitive performance and air pollution

Cognitive functioning encompasses a broad set of mental processes, including attention, memory,

processing speed, executive function, and reasoning. Among these, higher-order cognitive abilities

such as reasoning and problem solving are central components of human capital because they shape

schooling, productivity, and labor-market performance.

Increasingly, empirical evidence in economics and epidemiology points to a negative link between

air pollution and cognitive performance. Air pollution refers to multiple toxic components such

as carbon monoxide (CO), sulphur dioxide (SO2), and particulate matter (PM). While the exact

mechanisms by which air pollutant affects cognitive performance remains a topic of ongoing research,

it is generally thought that air pollution causes an inflammatory response in the body through two

possible pathways. The first pathway proposes that particulate matter physically enters brain tissue,

either via the olfactory nerve or by crossing into the bloodstream through the lungs and reaching

the brain directly, where it triggers local neuroinflammation. The second pathway does not require

pollutant particles to reach the brain. Instead, it posits that particles deposited in the lung can

trigger pulmonary inflammation, and the resulting inflammatory signals spread through systemic

circulation to activate neuroinflammatory processes in the brain (Block and Calderón-Garcidueñas,

2009).

Existing research shows that reasoning skills are particularly vulnerable to brain injuries. Wool-
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gar et al. (2010) shows that performance on a fluid intelligence test was predicted by damage in the

frontal and parietal cortex. While medical studies have traditionally associated changes in chronic

air pollution exposure to brain structure, recent evidence indicates that air pollutants can already

lead to changes in brain activity in a relatively short time. In a randomized study, Gawryluk et al.

(2023) shows that same-day exposure to diesel exhaust reduced the coordination between differ-

ent brain regions, a function that enables the brain to flexibly utilizes its network of connections

to handle novel problems (Barbey, 2018; de Souza et al., 2023; Lombardo and Kaufmann, 2023).

These changes in the brain can map to functional changes. In a randomized experiment, Faherty

et al. (2025) exposes subjects in the treatment group to higher levels of PM2.5 and found that these

individuals perform significantly worse on reasoning tests performed four hours after the exposure

compared to the control group. While the sample size of this study was limited by what was fea-

sible for an interventional human study, it provides some of the first experimental evidence that

reasoning performance can decline within hours of a single elevated PM2.5 exposure. In addition

to these two pathways, pollution-induced physical discomfort, e.g., respiratory irritation, could also

reduce performance on cognitive tests through reduced effort or attention, independent of any direct

neurological effect.

This pollution-cognition link identified in medical research parallels a growing economics lit-

erature showing that transitory, same-day pollution exposure impairs performance on high-stakes

cognitive tasks. Ebenstein et al. (2016) find that Israeli students exposed to elevated PM2.5 on their

exam day scored worse, with effects persisting into lower postsecondary attainment and earnings

a decade later. Similarly, Archsmith et al. (2018) find that baseball umpires make more incorrect

calls on high-pollution days, Künn et al. (2023) find that chess players make more and larger er-

rors as indoor PM2.5 rises, and Chang et al. (2019) find that call-center workers complete fewer

calls and make more mistakes with higher daily pollution. Zhang et al. (2017) similarly document

that same-day pollution exposure increases depressive symptoms and reduces hedonic happiness.

This literature establishes two facts that motivate our analysis: real-world tasks demanding judg-

ment and sustained attention are vulnerable to acute pollution exposure, even though the coarse,

task-specific outcomes used in these studies cannot pin down which underlying cognitive capacity

is responsible; and such short-lived shocks can nonetheless translate into lasting economic conse-

quences, as the exam and productivity settings above make clear. Taken together, these findings

underscore both the breadth of pollution’s cognitive costs and the need for a more precise account

of the specific mental processes involved.

2.2 Genetic endowment and air pollution

Cognitive performance is shaped by both environmental conditions and individual endowments.

A growing literature in economics and social-science genetics emphasizes that these forces may
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interact (Almond et al., 2018; Baker et al., 2024; Barcellos et al., 2018; Muslimova et al., 2026;

Pereira et al., 2020). In the context of air pollution, there are several reasons to expect such

heterogeneity. Air pollution can impair cognitive performance through physiological channels such

as inflammation, oxidative stress, vascular stress, and neurological disruption. If individuals differ in

cognitive reserve, health endowments, or biological vulnerability to these insults, the same pollution

shock may translate into different cognitive effects.

These differences can be interpreted more broadly as variation in underlying human-capital

endowments. Genetic predispositions provide one measurable component of such endowments, cap-

turing differences in cognitive potential, learning ability, and resilience to environmental stressors.

From this perspective, air pollution may not only reduce cognitive performance on average but also

alter the distribution of outcomes across individuals. If pollution is more harmful for individuals

with lower endowments, it may amplify existing inequalities; if it disproportionately affects individ-

uals with higher endowments, it may compress them. Understanding this heterogeneity is therefore

central to assessing the distributional consequences of pollution.

An individual’s genetic predisposition towards a certain phenotype, for example educational

attainment, can be quantified using a polygenic score (PGS). Specifically, a polygenic score adds

up all the relevant genetic variants within an individual, weighting each variant by the strength of

its association with the phenotype as found through a genome-wide association study. Formally, a

PGS for an individual i is as follows:

PGSi =
J∑

j=1

wjaij

where wj is the weight found through a GWAS, aij ∈ 0, 1, 2 is the number of variants that a

SNP j takes on, and J is the total number of SNPs used to construct the PGS.

Polygenic scores reflect the fact that most complex behavioral and cognitive traits are polygenic,

meaning that they are influenced by many genetic variants, each of which has only a very small

association with the phenotype. The resulting polygenic score should be interpreted as summary

measure of genetic propensity for a trait and not a deterministic measure of ability. In addition

to capturing direct biological effect of genetic variants, PGS may also capture gene–environment

correlation, including active and evocative processes through which individuals select into or elicit

environments, as well as passive genetic nurture, whereby parental genetics shape the environment

in which a child grows up. PGS estimates may also reflect dynastic effects and population stratifi-

cation if genetic ancestry is correlated with social, geographic, or environmental conditions (Biroli

et al., 2026). As such, my heterogeneity analysis should be interpreted as documenting systematic

differences in the association between pollution exposure and cognitive performance across indi-

viduals with different genetic predispositions, rather than as identifying a purely causal biological

interaction between genes and environmental shocks.
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In this paper, I use the polygenic score for educational attainment as the preferred measure

of genetic predisposition. Although a polygenic score for cognitive performance may appear more

directly aligned with the fluid intelligence outcome, there are good reasons to prefer the educational-

attainment polygenic score. First, educational attainment has been measured in much larger

genome-wide association studies, which improves the precision of the estimated genetic variant

weights and the predictive power of the resulting score. Second, educational attainment is closely

related to cognitive performance and human-capital accumulation, which makes it substantively rel-

evant for a study of pollution and cognition. The educational-attainment PGS (PGS EA) explains

substantial variation not only in education, but also in cognitive performance. Lee et al. (2018),

for example, construct an educational-attainment PGS from a GWAS of approximately 1.1 million

individuals and show that it explains 11–13 percent of the variance in educational attainment and

7–10 percent of the variance in cognitive performance.

Epidemiological studies have begun to document gene-by-pollution interactions in cognitive out-

comes. For instance, Franz et al. (2023) found that PM2.5 and NO2 exposure are more strongly

associated with declines in executive function and episodic memory among APOE ε4 carriers than

non-carriers. However, these studies rely on residential or modeled ambient pollution exposure

rather than exogenous variation, leaving estimates vulnerable to confounding from neighborhood

sorting, socioeconomic status, and other unobserved factors correlated with both pollution exposure

and cognitive outcomes. Economics research, by contrast, has used genuinely exogenous sources

of pollution variation to study gene-environment interaction, but has so far focused exclusively on

long-run outcomes measured decades after exposure: von Hinke and Sørensen (2023) exploit the

1952 London smog to study its effects on cognition and health in later adulthood, and Fukushima

et al. (2024) similarly study the long-term human capital and health impacts of a historical pollution

reduction program. Neither literature therefore speaks directly to whether genetic predisposition

moderates the contemporaneous cognitive effects of pollution — the immediate, same-day physio-

logical response that this paper is designed to isolate.

3 Data

3.1 Cognitive assessment and genetics data

I obtain data on cognitive performance and genetics from the UK Biobank. The UK Biobank

collects data on 503,325 individuals aged 40-69 between 2006 and 2010 throughout the UK (Sudlow

et al., 2015). At the baseline, participants provided data on socioeconomic and family backgrounds,

as well as health outcomes and behaviors through questionnaires, interviews, and measurements

taken by nurses. Participants also provided samples of blood, urine, and saliva, from which their

DNA are extracted and genotyped (Bycroft et al., 2018).
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During the baseline, participants were also asked to complete a battery of cognitive tests. These

include a reaction time test, a visual memory test, a numeric memory test, a prospective memory

test, and a fluid intelligence test. While I focus on fluid intelligence as the primary outcome, which

most directly captures one’s reasoning and problem-solving performance, I also present reaction and

memory outcomes as secondary results. A thorough description of how these tests are implemented

in the UK Biobank is detailed in section B.2 of the appendix.

Fluid intelligence scores in the UK Biobank were derived from a 13-item test administered to

participants during the baseline assessment interview. The test includes tasks such as pattern recog-

nition, abstract reasoning, and logical problem solving, which require participants to manipulate

information in real-time without relying on prior knowledge. Section B.1 of the appendix lists all 13

items in this test. The FI score is then based on the number of correct answers participants provide.

Importantly, the fluid intelligence section of the baseline assessment was only introduced towards

the end of the baseline and is not mandatory, i.e., participants can choose whether or not they do

this test. This could complicate the interpretation of the estimated effect of air pollution on fluid

intelligence scores, specifically if air pollution also affects the probability of taking the test. About

one third of the baseline participants were presented with this test module. The vast majority of

these participants chose to participate in this test. In section 5.2, I show that air pollution does

not predict whether someone participates in the test.

Genetic data in the UK Biobank were obtained from biological samples collected at the baseline

assessment visit, from which DNA was extracted and genotyped. Standard quality control proce-

dures were applied by the UK Biobank prior to data release. Using this genetic dataset, Muslimova,

Dias Pereira, et al. (2023) constructed polygenic scores (PGS) that summarize participants’ genetic

predispoition toward edcational attainment based on the EA3 GWAS from Lee et al. (2018).

Figure 1 shows the distribution of fluid intelligence scores stratified by whether individuals fall

below or above the median of the PGS EA distribution. There exists substantial variation in the FI

scores within both groups, with most individuals answering five to nine out of 13 questions correctly.

However, individuals in the top half of the PGS EA distribution also score substantially higher on

average, which shows that genetics-related differences drive differences in cognitive performance.

This paper studies whether air pollution mitigates or exacerbates this inequality.
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Figure 1: Fluid intelligence distribution by EA polygenic score group.

In addition to cognitive and genetics data, the UK Biobank also provides information on partici-

pants’ residential locations through geocoded home address data collected at the time of assessment.

Since air pollution is defined at the assessment center - date level, I infer the assessment center that

each participant goes to by matching each participant’s home address with the nearest assessment

center. The vast majority of participants are matched to a center within 40km of their home ad-

dress, as intended by the UK Biobank. About 8,000 participants reported to live further than 40km

to the nearest assessment center. Since I cannot be sure of the assessment center these participants

went to, I exclude them in the main analysis. The results, however, are robust to the inclusion of

these participants1 Furthermore, since the UK Biobank sample exhibits volunteer bias, which can

hinder the external validity of the results, I also include inverse probability weights, as computed

by van Alten et al. (2024), in all of my analysis to make the sample more representative of the

targeted UK Biobank sample.

3.2 Weather data

I collected weather data from the Copernicus Climate Change Service (C3S) (Copernicus Climate

Change Service, 2018a, 2018b). C3S contains reanalysis data that combines observational data with

physics model to produce an estimate of the atmosphere (Auffhammer et al., 2013). The resulting

dataset records a wide array of meteorological variables hourly, at both the surface and 37 pressure

levels, on a 0.25 × 0.25-degree grid. The data collected for this study spans the entirety of the

1The results for the non-restricted sample are presented in tables A5 to figure A15 in the appendix.
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United Kingdom and includes temperature (surface and across different pressure levels), as well as

surface pressure, dew temperature, precipitation, cloud coverage, wind speed, and wind direction.

I downloaded hourly data at 12AM, 6AM, 12PM, and 6PM for each day from 2006 to 2010.

For each hour of every day, I created a thermal inversion indicator by determining whether the

temperature at the pressure level immediately above the surface exceeds the ground temperature,

in which case I set the indicator to one. Once the hourly thermal inversion indicator was created for

all cell grids, at all hours, I aggregated the indicator to the daily level. The daily thermal inversion

indicator was one if there was any thermal inversion during one of the four hours I observed in the

day. For all weather variables other than thermal inversions, I aggregated the hourly data to the

daily level by calculating the average of the four hourly observations within each day.

Figure 2: Inversion occurrence across UK Biobank assessment centers, averaged over all assessment
days.

Notes: The map shows the average frequency of daily inversion occurrence across 22 UK Biobank assessment centers.
For each assessment center, the average is computed based on all available dates in the dataset. That is, dates in
which at least one participant attended that assessment center. Thus, the dates used to calculate the average for
one assessment center are not necessarily the same dates used to calculate the average of another assessment center.
The background map of the United Kingdom is taken from the Office for National Statistics (2024).
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I assign daily thermal inversion and weather data to each UK Biobank assessment center by

calculating the weighted average of all data points within a 60 km radius of the center. Each data

point is weighted by the inverse of its distance to the center, so that closer data points receive higher

weights in the calculation. For robustness, I conduct an additional analysis using a narrower 20 km

radius. The results are largely consistent across both radii; however, the 20 km radius leads to a

significant reduction in the number of observations due to the sparsity of air pollution data points.

Figure 2 displays the frequency of thermal inversion occurrences across UK Biobank assessment

centers, averaged over all available assessment days for each center. The map highlights substantial

geographic heterogeneity in inversion frequency, with higher occurrences in parts of southern and

eastern England, and notably lower frequencies in northern England and Scotland. This spatial

pattern is consistent with meteorological conditions conducive to thermal inversions. Inversions are

more frequent in areas characterized by stable atmospheric conditions, such as inland, low-lying

regions with weaker wind speeds, which are more prevalent in southern and eastern England. In

contrast, areas with stronger winds, such as those near coasts or with more complex topography,

like Scotland and parts of Wales, show significantly lower inversion frequencies.

3.3 Air pollution data

I use hourly air pollution data from version 4 of the European Air Quality (EAC4) dataset provided

by the Copernicus Atmosphere Monitoring Service (CAMS), covering the period from 2006 to 2010

in the United Kingdom (Inness et al., 2019). EAC4 is a gridded dataset that provides global

estimates of atmospheric pollutant on a 0.75 × 0.75 degree grid. The data includes information on

key particulate matter pollutants, including PM2.5, PM1, and PM10. The data is derived from a

combination of satellite observations and ground-based measurements, processed using atmospheric

models, which provide high spatial and temporal resolution.

For each grid point, I compute the daily average using all hourly observations within the day. I

assign air pollution levels to each UK Biobank assessment center by computing the average of all

grid points within a 60 km radius of the center, weighted by the inverse of each grid point’s distance

to the center.

Figure 3 illustrates the mean daily PM2.5 concentrations across all UK Biobank centers, av-

eraged over all assessment days available for each center. The map reveals a pronounced spatial

gradient, with higher average PM2.5 concentrations concentrated in southern and eastern England,

particularly in and around major urban and industrial areas, and lower concentrations observed in

northern England, Scotland, Wales. This pattern closely aligns with well-documented sources of

particulate pollution, including population density, traffic intensity, and industrial activity, which

are more prevalent in the South East and Midlands.
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Figure 3: Mean PM2.5 across UK Biobank assessment centers, averaged over all assessment days.

Notes: The map shows the average daily PM2.5 concentration (in µg/m3) across 22 UK Biobank assessment centers.
For each assessment center, the average is computed based on all available dates in the dataset. That is, dates in
which at least one participant attended that assessment center. Thus, the dates used to calculate the average for
one assessment center are not necessarily the same dates used to calculate the average of another assessment center.
The background map of the United Kingdom is taken from the Office for National Statistics (2024).

4 Estimation strategy

4.1 Fixed-effects approach

I first employ a fixed effects technique, controlling for time-invariant characteristics of district, month

fixed effects, year fixed effects, and day-of-week fixed effects. This approach captures unobserved

heterogeneity across districts, as well as common time-specific heterogeneity that may influence

both pollution exposure and cognitive performance. My estimation equation is thus as follows:

FIict = α+ βPM2.5ct + γc + λm + τy + θw + µ′Wct + ϵict (1)
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Where FIict denotes the fluid intelligence scores of participant i who attended center c on day t.

PM2.5ct is the average daily ambient PM2.5 concentration around assessment center c on day t.

γc, λm, τy, θw are center, month, year, and day-of-week fixed effects, and W is a vector of weather

controls, which includes ground temperature, dew temperature, cloud coverage, precipitation, wind

speed, and wind direction, as well as their squared and cubed terms. While the fixed-effects approach

controls for a wide range of confounding factors, it may not fully address the potential endogeneity

of pollution exposure. Specifically, β may still be biased if there are unobservable, time-varying

differences across participants who attended different assessment centers that also correlate with

air pollution. Participant may have also selected into different assessment days based on air quality

conditions. If such behavioral avoidance leads to systematic differences in who attended assessment

centers on days with high air pollution, estimated effects may also capture selective attendance

rather than the causal impact of air pollution on cognitive performance. Moreover, since the PM2.5

grid cells are relatively large, the air pollution level assigned to each district may be subject to some

measurement error. Given that fixed effects models are sensitive to classical measurement error,

my estimates may be biased downward.

4.2 Instrumental variable approach

I thus consider an instrumental variable approach, which will mitigate bias from both endogene-

ity and classical measurement error. I specifically utilize a meteorological phenomenon known as

thermal inversion. Under a normal temperature gradient in which the air temperature falls with

increasing altitude, the air vertically circulates as warm, thin air rises and cool, dense air sinks.

When pollutant particles are present in the air, this vertical circulation carries some of these pollu-

tants upwards into the upper troposphere. Thermal inversions occur when this normal temperature

gradient is inverted, i.e., there is a layer of warm air on top of a layer of cool air, thus preventing

the air layers from mixing vertically and trapping pollutants on the ground (Jacobson, 2002). In

conjunction with industrial, residential, and vehicle emissions, thermal inversion episodes therefore

exacerbate the concentration of air pollutant on the ground (Robinson, 1971).

Thermal inversions result from specific meteorological and geographical conditions, which include

temperature, humidity, wind speed, cloud coverage, and precipitation. Ex-post, thermal inversions

can be understood deterministically if we have complete information on these variables and their

complex interactions with one another. Since these meteorological and geographical variables may

separately affect health and education outcomes, I flexibly control for linear and higher-ordered

terms of each variable, as well as for geographical fixed effects in my estimation. Therefore, my

variation for thermal inversions come from the interactions between the weather variables relevant

for weather inversion formation. It is unlikely that participants would select into different assess-

ment days based on these unpredictable interactions. Since thermal inversions arguably only affect
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individuals through their effects on increasing air pollution concentration, they have often been

used as instruments for pollution exposure to examine health and non-health outcomes (e.g., Arceo

et al., 2016; S. Chen et al., 2022; Jans et al., 2018; Molina, 2021). My 1st-stage and 2nd-stage

equations for the effects of PM2.5 on fluid intelligence scores are as follows:

PM2.5ct = α+ βInvct + γc + λm + τy + θw + µ′Wct + ϵict (2)

FIict = α+ β ̂PM2.5ct + γc + λm + τy + θw + µ′Wct + ϵict (3)

Invct is an indicator for whether inversion occurs on day t around assessment center c. ̂PM2.5ct is

the average daily concentration of PM2.5 as instrumented by thermal inversion. All other variables

are defined like in equation 1.

While my primary measure of air pollution is PM2.5, it is important to note that thermal

inversions likely trap a wide range of air pollutants, not just PM2.5. These inversions exacerbate

the concentration of various pollutants, including PM1, PM10, and other gaseous pollutants like

nitrogen dioxide (NO2) and sulfur dioxide (SO2), all of which can have significant health and

cognitive effects. Given this, it is likely that the 2SLS estimates of PM2.5 is biased upwards, as

they also capture the effects of other related air pollutants that are trapped during inversions, such

as NO2 and SO2, which could also influence cognitive outcomes. Therefore, in addition to presenting

the 2SLS estimates using PM2.5 as the endogenous variable, I also provide reduced-form estimates.

The reduced-form results are particularly useful as they capture the total effect of thermal inversions

on fluid intelligence, encompassing the broader impact of all air pollutants that are trapped during

inversion episodes. My equation for the reduced form is as follows:

FIict = α+ βInvct + γc + λm + τy + θw + µ′Wct + ϵict (4)

4.3 Heterogeneity by polygenic scores

To examine whether the effect of air pollution on cognitive performance varies by genetic predispo-

sition, I extend the specification in equation 3 and 4 to allow for heterogeneity by polygenic scores

(PGS) for educational attainment:

FIict =α + β ̂PM2.5ct + ηPGSi + κ( ̂PM2.5ct × PGSi)+

γc + λm + τy + θw + µ′Wct + ϕPCi + ϵict
(5)
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FIict =α + βInvct + ηPGSi + κ(Invct × PGSi)+

γc + λm + τy + θw + µ′Wct + ϕPCi + ϵict
(6)

PGSi is the polygenic scores for educational attainment and is standardized to have mean zero and

unit standard deviation. PCi is a vector of 40 genetic principal components, and the remaining

terms are defined as in the previous specifications. The principal components summarize genome-

wide ancestry differences and are standard in analyses using UK Biobank genetic data. Their inclu-

sion serves to control for population stratification, i.e., systematic differences in allele frequencies

across ancestry groups that may be correlated with environmental exposures, geographic location,

or socio-economic characteristics. Conditioning on a rich set of genetic principal components there-

fore helps ensure that the estimated associations involving PGS are not driven by ancestry-related

confounding (Biroli et al., 2026).

Importantly, as mentioned in section 2.2, while the main effect of air pollution is identified

using exogenous variation from thermal inversions, the interaction term between pollution/inversion

and PGS may capture more than just a direct causal gene–environment interaction. Although

genetic variation is predetermined and fixed at conception, the interaction coefficient κ may reflect

a combination of channels, including direct biological moderation of pollution effects by genetic

predisposition, but also indirect and non-causal pathways. As such, the interaction term should

be interpreted as describing heterogeneity in the pollution effect across individuals with different

genetic predispositions, rather than as isolating a purely biological mechanism.

5 Results

Figure 4 visualizes the relationship between raw fluid intelligence (FI) scores and the average con-

centration of PM2.5 on the assessment day in a scatter binned plot, without any controls applied.

The figure suggests a positive relationship between PM2.5 and fluid scores. However, given that

no controls or fixed effects were applied, this likely reflects selection into locations, whereby indi-

viduals with higher fluid intelligence scores are more likely to reside in more polluted areas. The

remainder of this section therefore moves beyond raw correlations by introducing fixed effects and

an instrumental-variables design, allowing us to distinguish selection-driven associations from the

causal impact of air pollution on fluid intelligence.
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Figure 4: Binned scatter plot for fluid intelligence (FI) scores and average PM2.5 concentration
during the assessment day.

5.1 Pollution fixed effects

Table 1 summarizes the results from estimating equation 1. Column (1) includes center, month, year,

and weekday fixed effects, exploiting within-center and within-time variation in pollution exposure.

The estimated coefficient on PM2.5 is small and statistically insignificant. Column (2) additionally

controls for a rich set of weather variables, including temperature, dew point temperature, wind

speed, wind direction, and total cloud cover, along with their squared and cubed terms. The

inclusion of these controls does not materially affect the magnitude or precision of the estimate,

which remains close to zero.

The absence of a detectable association in these fixed-effects specifications does not necessarily

imply the absence of a causal effect. Since the original grid of air pollution data is quite sparse,

inferred air pollution at each assessment center likely contains some measurement error. Moreover,

air pollution levels may be correlated with unobserved, time-varying factors even after conditioning

on fixed effects and weather controls, which may mask the causal effects of air pollution on cognitive

performance. These considerations motivate the use of an instrumental-variables approach in the

next section, which leverages exogenous variation in air pollution induced by thermal inversions to

isolate the causal effect of air pollution on fluid intelligence.
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Table 1: Fixed effects estimates

Fluid intelligence scores
(1) (2)

PM2.5 -0.0004 -0.0001
(0.0009) (0.0009)

R2 0.01218 0.01275
Observations 125,224 125,224
Weather controls ✓

Notes: The dependent variable is the fluid intelligence score, standardized to have mean zero and standard
deviation one. PM2.5 is the average daily concentration of PM2.5 and is in µg/m3. Robust standard errors
clustered at the assessment center level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

5.2 Instrumental variables

The validity of my instrument relies on whether the instrument sufficiently predicts air pollution

concentration (relevance), that the instrument is as good as randomly assigned (exogeneity), and

that it only affects the outcome through air pollution (exclusion restriction). Figure 5 plots the

relationship between inversion occurrence and PM2.5, before including any controls. There is a

strong and positive relationship between PM2.5 concentration and whether inversion occurs dur-

ing the day. To formalize this relationship, table 2 reports the first-stage estimates of equation 2,

where I regress the average concentration of PM2.5 during the assessment day on the occurrence of

thermal inversions. The estimated coefficient is positive and statistically significant. An inversion

occurrence raises the average concentration of PM2.5 by 2.5 µg/m3, or about a third of its stan-

dard deviation (Table A1 in the appendix). This aligns with the theoretical understanding of the

pollutant-trapping effects of thermal inversions and shows that inversions are a strong predictor of

air pollution concentration on the ground.
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Figure 5: Binned scatter plot between inversion occurrence and PM2.5

Table 2: First-stage estimates

PM2.5
(1)

Inversion occurrence 2.532∗∗∗

(0.2888)

R2 0.65775
Observations 125,224
Weather controls ✓
Fixed effects ✓

Notes: Inversion occurrence is equal to 1 if inversion has occurred during the day, and 0 otherwise. PM2.5 is the
average daily concentration of PM2.5 and is in µg/m3. Robust standard errors clustered at the assessment center
level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

To gauge the exogeneity of my thermal instrument, I conduct two exercises. First, I regress

a host of pre-determined variables, including polygenic scores for education (PGS EA), sex, body

mass index (BMI), birth year, household size, and educational attainment on my instrument. Since

these variables are pre-determined prior to the assessment and/or should not be affected over the

time span of my data, any statistically significant relationship between these variables and thermal

inversions would suggest that the variation in inversions, even after controlling for the weather

and my set of fixed effects, are not entirely random. Table A6 show that the estimated effects
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of inversion occurrences on these pre-determined variables are small and close to zero, indicating

that there is no relationship between these variables and inversion occurrences. In table A2 of the

appendix, I additionally regress predetermined objective health variables, including prior diagnoses

of respiratory and cardiovascular diseases, on thermal inversions and similarly did not find any

effects of thermal inversions on these outcomes.

Second, as a falsification check, I regress fluid intelligence scores on the one-day lead of thermal

inversion occurrence. If my set of weather controls and fixed effects manage to tease out the

exogenous variation in contemporaneous inversions, I should not observe any relationship between

fluid intelligence scores done on the assessment day and inversion occurrence on the day after. Table

4 indeed shows that there is no relationship between FI scores and the lead of thermal inversion

occurrence.

The third assumption relates to the exclusion restriction underlying the thermal inversion in-

strument. Thermal inversions affect air quality by trapping pollutants close to the ground, but

this mechanism is not specific to PM2.5 alone. Inversion events simultaneously increase concen-

trations of multiple co-emitted pollutants, such as NO2 and other fine particulates. As a result,

the exclusion restriction that thermal inversions affect cognitive performance solely through PM2.5

may be violated if these other pollutants independently influence fluid intelligence. For this reason,

while I present two-stage least squares estimates that instrument PM2.5 using thermal inversions

to facilitate comparison with the existing literature, I do not interpret these estimates as isolating

the effect of PM2.5 alone. Moreover, I also present reduced-form estimates that relate thermal

inversion occurrence directly to fluid intelligence outcomes. These reduced-form results capture the

aggregate cognitive effect of air pollution induced by inversion events without assumptions on the

specific contribution of individual pollutants.
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Table 3: Exogeneity assessment

PGS EA Sex BMI Birth year HH size Education years
(1) (2) (3) (4) (5) (6)

Inversion -0.0335 0.0102 0.0377 0.1921 -0.0204 -0.0580
occurrence (0.0236) (0.0076) (0.0963) (0.1095) (0.0128) (0.0372)

R2 0.01485 0.00116 0.01018 0.01946 0.00590 0.02664
Observations 125,224 125,224 124,762 125,224 125,224 125,224
Weather controls ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather
controls include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total
precipitation, as well as their squared and cubed terms. Inversion occurrence is 1 if inversion has occurred during
the day, and 0 otherwise. Robust standard errors clustered at the assessment center level are reported in
parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Table 4: Falsification test

Fluid intelligence scores
(1)

Inversion occurrence 0.0134
lead (0.0116)

R2 0.01277
Observations 125,217
Weather controls ✓
Fixed effects ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather
controls include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total
precipitation, as well as their squared and cubed terms. The dependent variable is the fluid intelligence score,
standardized to have mean zero and standard deviation one. Inversion occurrence lead is equal to 1 if inversion has
occurred during the day after the assessment day, and 0 if inversion has not occurred. Robust standard errors
clustered at the assessment center level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

A remaining concern is that participation in the fluid intelligence module is voluntary, i.e,

participants can skip this module and move on to the next section during the UK Biobank baseline

assessment. If thermal inversions induce selective participation into this module, the reduced-form

estimate may partly reflect changes in the composition of test takers rather than the effect of thermal

inversions on cognition. To examine whether this is the case, I regress whether a participant takes

the fluid intelligence test on thermal inversion and present the results in table 5. The coefficient is
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positive but not statistically significant at conventional levels. I therefore do not find evidence that

thermal inversions induce selective participation into the fluid intelligence test.

Table 5: Effects of thermal inversion on test taking

Takes FI test
(1)

Inversion 0.0275
occurrence (0.0177)

R2 0.63005
Observations 150,787
Weather controls ✓
Fixed effects ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather controls
include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total precipitation,
as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has occurred during the
day, and 0 otherwise. The outcome is 1 if participant decided to take the fluid intelligence test, and 0 if they did
not. The sample is restricted to only participants who were offered the fluid intelligence test. Robust standard
errors clustered at the assessment center level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

5.3 Main results

Table 6 presents the estimated effects of air pollution and thermal inversion occurrence on fluid intel-

ligence scores. Column (1) reports two-stage least squares estimates in which PM2.5 is instrumented

using thermal inversion occurrence. The coefficient on PM2.5 is negative and statistically signifi-

cant, indicating that higher pollution exposure reduces fluid intelligence performance. Specifically,

a one-point increase in the average daily PM2.5 concentration decreases fluid intelligence scores by

about 0.01 standard deviation. Column (2) reports the reduced-form relationship between thermal

inversion occurrence and fluid intelligence. The estimate is also negative and statistically signif-

icant, implying that inversion events themselves are associated with lower cognitive performance.

As discussed previously, the reduced-form estimates likely capture the aggregate cognitive effect of

inversion-induced deterioration in air quality.
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Table 6: Effects of air pollution/thermal inversion on FI scores

Fluid intelligence scores
(1) (2)

PM2.5 -0.0098∗∗

(0.0040)
Inversion occurrence -0.0248∗∗

(0.0108)

R2 0.01152 0.01281
Observations 125,224 125,224
Weather controls ✓ ✓
Fixed effects ✓ ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather controls
include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total precipitation,
as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has occurred during the
day, and 0 otherwise. PM2.5 is the average daily concentration of PM2.5 and is in µg/m3. The dependent variable
is the fluid intelligence score, standardized to have mean zero and standard deviation one. Robust standard errors
clustered at the assessment center level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Table 7 shows the 2SLS (column 1) and reduced-form estimates (column 2) for the effects of

air pollution on fluid intelligence, including their interactions with PGS for educational attainment.

The main effects of PM2.5 and inversion occurrence remains negative and statistically significant.

These effects, however, do not seem to differ between individuals with low PGS EA versus those

with high PGS EA. The interaction terms in both columns are insignificant and close to zero.

Ex-ante, it would be plausible to expect that individuals with higher polygenic scores exhibit

different resilience to the immediate cognitive impairments caused by air pollution. However, my

results do not provide support for this hypothesis, as the interaction terms are both small in

magnitude and statistically insignificant. Previous findings have indicated that air pollution can

alter the returns to endowments over time. von Hinke and Sørensen (2023), for example, shows

that those with higher PGS EA are more negatively affected by air pollution in later life by early

childhood exposure to air pollution than their counterparts. Our paper shows that, at least in the

short term, air pollution affects everyone across different genetic predispositions similarly.

Likewise, previous findings have indicated that those with lower cognitive ability tend to suffer

more from air pollution (Carneiro et al., 2021; La Nauze and Severnini, 2025). That we found no

differential effects across endowments suggest that this additional vulnerability to air pollution is

not an inherent feature of their endowments. Instead, it suggests that the heightened sensitivity

observed in lower-ability populations may be a product of the environment they were exposed to,

rather than a fixed endowment determined at the point of conception.
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Table 7: Effects of air pollution/thermal inversions on FI scores
Heterogeneity by PGS EA

Fluid intelligence scores
(1) (2)

PM2.5 -0.0071∗

(0.0039)
PM2.5 × PGS EA 0.0003

(0.0009)
Inversion occurrence -0.0199∗

(0.0103)
Inversion occurrence × PGS EA 0.0018

(0.0063)

R2 0.04982 0.05627
Observations 125,224 125,224
Weather controls ✓ ✓
Fixed effects ✓ ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather
controls include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total
precipitation, as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has occurred
during the day, and 0 otherwise. PM2.5 is the average daily concentration of PM2.5 and is in µg/m3. The
dependent variable is the fluid intelligence score, standardized to have mean zero and standard deviation one. PGS
EA is standardized at 0 with standard deviation 1. Robust standard errors clustered at the assessment center level
are reported in parentheses.

5.4 Heterogeneity by demographic and health characteristics

The first four rows in figure 6 shows whether the reduced-form effect of thermal inversions on

standardized fluid intelligence varies across demographic characteristics. Overall, more educated

individuals are more resilient to acute pollution shocks - for each year of additional education,

the effects of inversions on fluid intelligence is attenuated by 0.009 standard deviation (see table

A3 in the appendix). In contrast, the effects of air pollution remains consistent regardless of

age, sex, and BMI. To the extent that educational attainment relates to test-taking performance

and cognitive ability, this result echoes those of Carneiro et al. (2021) and La Nauze and Severnini

(2025), which found that individuals with lower ability saw larger air pollution-induced performance

losses in exams and brain training tasks. Combined with the evidence in section 5.3 on the limited

moderating effects of PGS EA, my results here suggests that this ability-gradient in vulnerability

to air pollution likely operates through acquired human capital rather than predetermined genetic

endowment.

The last four rows in figure 6 present the interaction terms between exposure to inversion and
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health characteristics. Interestingly, the effect of air pollution on cognitive performance seems to be

less pronounced among those who were hospitalized with a respiratory and/or cardiovascular diag-

nosis, although we are underpowered to detect these interactions at a statistically significant level.

Similarly, the interaction terms on subjective health and chronic conditions are not significantly

different from zero.

Figure 6: Heterogeneity by demographic and health characteristics

The figure plots the coefficient point estimate and the 95% confidence interval of the interaction term between
inversion occurrence and each demographic/health variable. All estimations include weather controls and year,
month, and day-of-week fixed effects. Respiratory diagnosis is equal to 1 if a participant has ever been hospitalized
for a respiratory disease. Cardiovascular diagnosis is equal to 1 if a participant has ever been hospitalized for a
cardiovascular disease. Health rating is the subjective health rating participants gave during the baseline, and range
from 1 to 4, with 1 being excellent health and 4 being poor health. Long term illness is equal to 1 if a participant
has a long term illness. Inversion occurrence is equal to 1 if inversion has occurred during the day, and 0 otherwise.
Inversion occurrence is equal to 1 if inversion has occurred during the day, and 0 otherwise. The dependent variable
is the fluid intelligence score, standardized to have mean zero and standard deviation one. Robust standard errors
clustered at the assessment center level.

5.5 Effects on specific cognitive domain

Having established that air pollution negatively affects fluid intelligence, I next examine whether

this effect extends to other cognitive outcomes measured in the UK Biobank, namely memory and

reaction. In the UK Biobank, memory and reaction tests capture cognitive domains distinct from

those in the fluid intelligence module and thus provide complementary evidence on whether air
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pollution affects cognitive performance more broadly, or whether the effects are concentrated in

reasoning-related performance.

Table 8: Effects of thermal inversion on other cognitive domains

Visual memory Prospective memory Numeric memory Reaction time
(1) (2) (3) (4)

Inversion -0.0038 0.0025 -0.0670∗∗∗ -0.5379
occurrence (0.0032) (0.0036) (0.0232) (0.5867)

R2 0.00246 0.00639 0.00910 0.00761
Observations 391,064 127,635 40,381 388,795
Weather controls ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather
controls include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total
precipitation, as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has
occurred during the day, and 0 otherwise. Add in description of what the outcomes are (time to/number of
matches correct/..) and whether larger is better. Also need to standardize outcomes. Robust standard errors
clustered at the location level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Table 8 reports reduced-form estimates of the effect of thermal inversion occurrence on the

memory and reaction time tests in the UK Biobank. The estimates provide mixed evidence that

inversion-induced pollution affects cognitive domains beyond fluid intelligence. I find no statistically

significant effect on visual memory, prospective memory, or reaction time. In contrast, inversion

occurrence significantly reduces numeric memory performance by change with std coef here 0.067

points. This pattern suggests that the cognitive costs of short-run pollution exposure are not

uniform across all measured domains. add in size (ONLY SIZE) comparison to other papers here.

See notion site for papers

5.6 Sensitivity analyses

Empirical estimates of the causal effects of air pollution are often sensitive to modeling choices,

including the definition of exposure, the choice of instrument, the set of control variables, and the

spatial and temporal aggregation of data. Given the high dimensionality of plausible specifications in

this setting, reporting results from a single preferred model risks overstating precision and masking

the extent to which findings depend on particular researcher decisions. To address this concern, I

conduct a comprehensive specification-curve analysis following the approach proposed by Simonsohn

et al. (2020). Specifically, I consider possible combinations of reasonable sets of weather controls

(5 choices), fixed effects (4 choices), inversion variables (4 choices), air pollution types (3 choices),
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and spatial aggregation methods (3 choices), resulting in 660 unique specifications for estimating

the effects of air pollution on cognitive performance2. I briefly explain the possible choices in each

set below.

Controls

Weather controls are necessary since the weather, e.g., temperature, may also affect cognitive per-

formance independent of air pollution. Prior studies have incorporated weather controls flexibly,

including high-order terms, as well as bins, to capture non-linear effects of the weather. However,

since thermal inversion by itself is also a meteorological phenomenon driven by the weather, very

flexible weather controls may also lead to useful exogenous variation being absorbed, leaving the

thermal inversion variable to mostly capture noise and its standard error highly inflated. Therefore,

besides controlling for linear and higher-order terms of the weather variables (the chosen specifi-

cation), I also estimated regressions in which I only include (1) only temperature controls, with

linear, quadratic, and cubic terms, (2) temperature controls with linear and higher-order terms,

and dew temperature, cloud coverage, total precipitation, wind speed, wind direction, only in linear

terms, (3) temperature with linear and high-order terms and other weather controls, only with

linear and quadratic terms (no cubic term). These choices represent less saturated weather spec-

ifications. Ex-ante, they may result in more precise estimates, but potentially at a cost of higher

bias. The specification curve therefore is useful to decipher the trade-offs associated with the choice

of weather controls. Additionally, I included specifications without any weather control to examine

how estimates behave without controlling for weather confounders.

Fixed Effects

The choice of fixed effects affect the source of identifying variation. My preferred specification consist

of year, month, weekday, and center fixed effects. However, stricter fixed effects can be specified, for

example, by interacting month and year fixed effects (year-month), or even day, month, and year

(day-month-year). While this eliminates potential remaining biases due to common unobserved

shocks across time, it may also dramatically shrink effective variation and attenuate estimates if

pollution shocks are highly spatially correlated, since it restricts identification to cross-location

differences within the same calendar day. One can also interact center fixed effects with month-year

fixed effects to control for local weather patterns, which can substantially decrease potential biases

from time-varying heterogeneity across locations. However, identification here would only come

from short-run local fluctuations, which may be very noisy. Given these trade-offs, I included four

different sets of fixed effects to examine the robustness of the results to these choices.

Thermal inversion operationalization

2There are fewer specifications than 720, which represents the total number of possible combinations, since some
combination of these choices result in specifications that cannot be estimated. For example, inverse distance weighting
with a maximum radius of 20km results in a substantial sample size reduction, making models with very fine fixed
effects difficult to estimate.
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I include different operationalizations of thermal inversions that have been used so far in the litera-

ture. While my preferred specification uses inversion occurrence, which is equal to one if inversion

occurs during the day, other papers have also used the number of inversions in a day, or inversion

strength, which is the temperature difference between ground temperature and temperature. I thus

include these operationalizations in my robustness check.

Air pollution measure

I estimate models using alternative particulate measures (PM1, PM2.5, and PM10) to examine

whether results depend on the specific operationalization of particulate exposure. Given the high

correlation across particle size fractions and the fact that meteorological shocks typically shift them

jointly, similar estimates across measures should be interpreted as reflecting the common component

of ambient particulate variation rather than distinct size-specific causal effects.

Spatial Aggregation

I consider alternative spatial matching procedures to assign air pollution and weather exposures to

assessment centers, comparing inverse distance weighting (IDW) with a 60 km maximum radius,

IDW with a 20 km maximum radius, and a nearest-neighbor (NN) approach within a 60 km radius.

Using IDW with a 60 km radius smooths local measurement error by averaging across multiple

grid points and reduces sensitivity to idiosyncratic grid point noise; however, it may attenuate

spatial heterogeneity by incorporating observations from relatively distant locations, potentially

introducing exposure misclassification if pollution gradients are steep. Restricting the IDW radius

to 20 km increases spatial precision and better captures local variation, but at the cost of greater

sensitivity to measurement error and missingness. The nearest-neighbor approach increases local

specificity and avoids spatial smoothing, yet it is again highly sensitive to individual grid point

noise.

Figure 7 shows the specification curves for 2SLS estimates of air pollution on fluid intelligence

scores. Each point in Panel A of figure 7 corresponds to a two-stage least squares estimate obtained

from a distinct combination of reasonable modeling and data choices mentioned above. The esti-

mates are ordered from left to right by magnitude, from the most negative to the most positive.

Panel B displays the underlying specification choices associated with each estimate, making explicit

how changes in modeling decisions map into variation in the estimated coefficients. The specification

curves thus aims to characterize the robustness of the findings across defensible specifications.
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Figure 7: Specification cuves for 2SLS estimates of air pollution on fluid intelligence scores

Significant point estimates at the 95% level are colored in red. Results presented in this specification curves are
filtered for F-statistics larger or equal to 10. Regressions in this figure are estimated without polygenic scores
or its interactions. In the Controls set, Temperature (all) denotes linear, quadratic, and cubic terms for ground
temperature. Others (all) denotes linear, quadratic, and cubic terms for all other weather controls, which are dew
temperature, cloud coverage, total precipitation, wind speed, and wind direction. None refers to specification without
any weather controls, and is included to examine how estimates behave without controlling for weather confounders.
In the Inv. variables set, N inversions denote the number of inversions per day; Day has inversion denotes whether
at least an inversion has occurred during the day; Avg. temp diff. denotes the difference between temperature at the
upper layer and the ground temperature (where a positive difference implies a thermal inversion), and Avg. inversion
strength is the same as Avg. temp diff., except that all negative differences are truncated at 0. In the Spatial agg.
set, NN refers to the nearest neighbor method for assigning air pollution concentration to assessment centers, and
IDW refers to the inverse distance weighted matching scheme.

Across the vast majority of specifications satisfying the first-stage strength criterion (F ≥ 10),
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the estimated effect of air pollution is negative and statistically significant, with point estimates

clustered within a relatively narrow range. The negative association is robust to alternative sets

of weather controls, including flexible temperature polynomials and comprehensive meteorological

adjustments. Results are also stable across alternative fixed-effects structures, although the most

restrictive specifications (e.g., day-month-year fixed effects) yield somewhat attenuated and less pre-

cisely estimated coefficients, consistent with the reduced identifying variation under those designs.

With respect to the instrument definition, estimates remain broadly similar whether thermal inver-

sions are captured through counts, binary indicators, temperature differences, or inversion strength,

indicating that findings are not driven by a particular operationalization of the first stage. Likewise,

the choice of particulate measure (PM1, PM2.5, PM10) produces highly comparable estimates. Fi-

nally, alternative spatial aggregation procedures (nearest neighbor versus inverse distance weighting

with different radii) yield qualitatively consistent effects, though the smaller radius produces slightly

more dispersed estimates, reflecting the trade-off between spatial precision and measurement noise.

Overall, the specification curve indicates that the negative effect of particulate exposure on cognitive

performance is robust across a wide range of defensible modeling choices, with variation in magni-

tude primarily reflecting differences in identifying variation and precision rather than reversals in

sign.

In the appendix, I present additional specification curves for the reduced form estimates, F-

statistics, and estimates for the interaction term. Overall, the qualitative results remain the same

to those produced by my preferred specification presented in the main results, across different

specification and data choices.

6 Conclusion

This paper studies the short-run effects of air pollution on cognitive performance and examines

whether these effects differ systematically by genetic endowments. Using high-frequency environ-

mental data from Copernicus merged with the UK Biobank, I find that acute exposure to fine

particulate matter (PM2.5) significantly impairs fluid intelligence performance on the day of test-

ing. Even in the relatively low-pollution setting of the United Kingdom, these results suggest that

air pollution acts as a contemporaneous tax on the cognitive inputs that drive modern economic

productivity.

A central challenge in this literature is the potential endogeneity of ambient pollution measures.

While standard fixed-effects specifications yield small and statistically insignificant estimates, lever-

aging exogenous variation in pollution induced by thermal inversions reveals clear negative effects.

These findings align with a growing body of causal evidence documenting immediate cognitive

impairments from short-term exposure, underscoring that even modest, transient increases in air

pollution have measurable consequences for human capital performance.
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To address concerns about specification sensitivity, I implement a comprehensive specification-

curve analysis that systematically varies modeling choices, including pollution measures, instru-

ments, fixed effects, weather controls, and spatial aggregation methods. Across this broad set of

plausible specifications, the vast majority of estimates indicate a negative relationship between

air pollution and cognitive performance. While statistical significance varies with precision, the

direction of the effect is remarkably stable, reinforcing confidence in the robustness of the main

findings.

A key contribution of this study is the exploration of whether air pollution widens or compresses

existing cognitive inequalities, for example, by disproportionately penalizing those with lower en-

dowment. Interestingly, I find no evidence of such heterogeneity; the interaction between pollution

shocks and genetic predispositions is small and statistically insignificant. This absence of differ-

ential effects suggests that the cognitive penalty of PM2.5 is a universal burden. Regardless of

one’s genetic ”starting kit” or latent potential for scholastic achievement, the immediate impact on

cognition appears remarkably uniform.

Taken together, these results provide a strong argument for air pollution mitigation even in

high-income countries with moderate air quality. The welfare benefits of cleaner air extend beyond

traditional health metrics and include gains in cognitive performance and thus productivity. A

productive avenue for future research is to investigate whether differential effects across genetic

endowments emerge when looking at longer-run outcomes, and if so, at what stage of exposure

or development such heterogeneity arises. This would not only help inform policies aimed at mit-

igating the long-term consequences of environmental exposure, but also, combined with the null

contemporaneous interaction documented in this paper, help clarify the conditions under which

gene-environment interactions in cognitive production emerge over time.
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Appendix

A Tables and figures

Table A1: Summary statistics

Mean SD Min Max N

Fluid intelligence scores 6.18 2.10 0.00 13.00 125224.00
Avg. PM2.5 concentration during the day 15.31 6.30 3.92 44.88 125224.00
Avg. PM1 concentration during the day 11.43 6.11 1.80 38.63 125224.00
Avg. PM10 concentration during the day 22.60 8.61 5.57 63.33 125224.00
Whether inversion occurs during the day 0.40 0.43 0.00 1.00 125224.00
Avg. ground temperature 10.76 5.20 -5.21 22.02 125224.00
Avg. dew temperature 280.48 4.71 266.68 290.99 125224.00
Avg. cloud coverage 0.72 0.23 0.00 1.00 125224.00
Avg. wind speed 4.14 1.73 0.77 10.99 125224.00
Avg. wind direction 3.36 1.31 0.30 5.88 125224.00
Avg. total precipitation 0.00 0.00 0.00 0.00 125224.00
PGS EA 0.01 1.00 -4.12 4.36 125224.00

Notes: The table presents summary statistics for fluid intelligence scores, air pollution, inversion occurrence,
weather controls, and polygenic scores for educational attainment. The sample has been restricted to that used in
the analysis. Average total precipitation has a mean of 0.00008 and a standard deviation of .0002094, with the
minimum being 0 and maximum being .003731.
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Figure A1: Histogram for residualized inversion occurrence

Inversion occurrence are residualized from a regression of inversion occurrence on center, month, year, and day-of-
week fixed effects.
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Figure A2: Histogram for residualized PM2.5

PM2.5 are residualized from a regression of inversion occurrence on center, month, year, and day-of-week fixed effects.

Figure A3: Binned scatter plot for fluid intelligence (FI) scores and raw thermal inversion occurrence
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Figure A4: Binned scatter plot for fluid intelligence (FI) scores and residualized thermal inversion
occurrence

Inversion occurrences are residualized from a regression of inversion occurrence on center, month, year, and day-of-
week fixed effects.

Figure A5: Binned scatter plot for fluid intelligence (FI) scores and residualized thermal inversion
occurrence, by PGS EA

Inversion occurrences are residualized from a regression of inversion occurrence on center, month, year, and day-of-
week fixed effects. PGS EA are divided at the median.
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Table A2: Exogeneity assessment - health outcomes

Respiratory Cardiovascular Long-term illness
(1) (2) (3)

Inversion occurrence 0.0037 -0.0015 0.0008
(0.0043) (0.0033) (0.0070)

R2 0.00344 0.00595 0.00970
Observations 125,032 125,048 122,549
Weather controls ✓ ✓ ✓
Fixed effects ✓ ✓ ✓

Notes: Respiratory (column 1) is equal to 1 if a participant has ever been hospitalized for a respiratory disease.
Cardiovascular (column 2) is equal to 1 if a participant has ever been hospitalized for a cardiovascular disease.
Long − term illness (column 3) is equal to 1 if a participant has a long term illness. Inversion occurrence is equal
to 1 if inversion has occurred during the day, and 0 otherwise. Robust standard errors clustered at the location
level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Figure A6: Specification curves for 1st stage estimates - effects of inversion occurrence on air
pollution

Significant point estimates at the 95% level are colored in red. Regressions in this figure are estimated without
polygenic scores or its interactions.
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Figure A7: Specification curves for 1st stage estimates - effects of inversion occurrence on air
pollution (specifications with PGS EA)

Significant point estimates at the 95% level are colored in red. Regressions in this figure are estimated with polygenic
scores or its interactions.
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Figure A8: Specification curves for 2SLS estimates of air pollution on fluid intelligence scores
(specifications with polygenic scores)

Significant point estimates at the 95% level are colored in red. Results presented in this specification curves are
filtered for F-statistics larger or equal to 10. Regressions in this figure are estimated with polygenic scores or its
interactions.
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Figure A9: Specification curves for 2SLS estimates of the interaction between air pollution and
PGS EA

Significant point estimates at the 95% level are colored in red. Results presented in this specification curves are
filtered for F-statistics larger or equal to 10.
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Figure A10: Specification curves for reduced-form estimates of air pollution on fluid intelligence
scores

Significant point estimates at the 95% level are colored in red. Regressions in this figure are estimated without
polygenic scores or its interactions.
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Figure A11: Specification curves for reduced-form estimates of air pollution on fluid intelligence
scores (specifications with polygenic scores)

Significant point estimates at the 95% level are colored in red. Regressions in this figure are estimated wit polygenic
scores or its interactions.
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Figure A12: Specification curves for reduced-form estimates of the interaction between air pollution
and PGS EA

Significant point estimates at the 95% level are colored in red.
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Figure A13: Specification curves for F-stats in 2SLS estimates of air pollution on fluid intelligence
scores

F-statistics above 10 are presented in blue.
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Figure A14: Specification curves for F-stats in 2SLS estimates of air pollution on fluid intelligence
scores

F-statistics above 10 are presented in blue.
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Table A3: Heterogeneity by demographic characteristics

Fluid intelligence scores
(1) (2) (3) (4)

Inversion occurrence -0.1237∗∗∗ -0.0371 -0.0315∗∗ -0.0580
(0.0287) (0.0377) (0.0106) (0.0499)

Inversion × Educ. years 0.0086∗∗∗

(0.0022)
Inversion × Age 0.0002

(0.0007)
Inversion × Sex 0.0105

(0.0166)
Inversion × BMI 0.0012

(0.0018)

R2 0.20825 0.02006 0.01873 0.01634
Observations 125,224 125,224 125,224 124,762
Weather controls ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather
controls include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total
precipitation, as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has occurred
during the day, and 0 otherwise. The dependent variable is the fluid intelligence score, standardized to have mean
zero and standard deviation one. Robust standard errors clustered at the assessment center level are reported in
parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table A4: Heterogeneity by health characteristics

Fluid intelligence scores
(1) (2) (3) (4)

Inversion occurrence -0.0272∗∗ -0.0270∗∗ -0.0417 -0.0251∗

(0.0119) (0.0114) (0.0285) (0.0116)
Inversion × Respiratory 0.0365∗

(0.0197)
Inversion × Cardiovascular 0.0115

(0.0204)
Inversion × Health rating 0.0065

(0.0100)
Inversion × Long-term illness -0.0066

(0.0142)

R2 0.01884 0.01898 0.03782 0.01916
Observations 125,032 125,048 125,224 122,549
Weather controls ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓

Notes: The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather
controls include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total
precipitation, as well as their squared and cubed terms. Respiratory is equal to 1 if a participant has ever been
hospitalized for a respiratory disease. Cardiovascular is equal to 1 if a participant has ever been hospitalized for a
cardiovascular disease. Health rating is the subjective health rating participants gave during the baseline, and
range from 1 to 4. Long-term illness is equal to 1 if a participant has a long term illness. Inversion occurrence is
equal to 1 if inversion has occurred during the day, and 0 otherwise. The dependent variable is the fluid intelligence
score, standardized to have mean zero and standard deviation one. Robust standard errors clustered at the
assessment center level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table A5: First-stage estimates - no home distance restriction

PM2.5
(1)

Inversion occurrence 2.531∗∗∗

(0.2884)

R2 0.65758
Observations 126,135
Weather controls ✓
Fixed effects ✓

Notes: The sample additionally includes respondents living more than 40km from a UK Biobank assessment center.
Inversion occurrence is equal to 1 if inversion has occurred during the day, and 0 otherwise. PM2.5 is the average
daily concentration of PM2.5 and is in µg/m3. Robust standard errors clustered at the assessment center level are
reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Table A6: Exogeneity assessment for demographic outcomes - no home distance restriction

PGS EA Sex BMI Birth year HH size Education years
(1) (2) (3) (4) (5) (6)

Inversion -0.0304 0.0093 0.0389 0.2011∗ -0.0212 -0.0561
occurrence (0.0229) (0.0072) (0.0962) (0.1067) (0.0122) (0.0361)

R2 0.01459 0.00117 0.01001 0.01913 0.00584 0.02600
Observations 126,135 126,135 125,668 126,135 126,135 126,135
Weather controls ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓

Notes: The sample additionally includes respondents living more than 40km from a UK Biobank assessment center.
The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather controls
include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total precipitation,
as well as their squared and cubed terms. Inversion occurrence is 1 if inversion has occurred during the day, and 0
otherwise. Robust standard errors clustered at the assessment center level are reported in parentheses. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10.
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Table A7: Falsification test - no home distance restriction

Fluid intelligence scores
(1)

Inversion occurrence 0.0118
lead (0.0111)

R2 0.01240
Observations 126,128
Weather controls ✓
Fixed effects ✓

Notes: The sample additionally includes respondents living more than 40km from a UK Biobank assessment center.
Fluid intelligence scores is a raw score that goes from 0 to 13. Inversion occurrence lead is equal to 1 if inversion
has occurred during the day after the assessment day, and 0 if inversion has not occurred. Robust standard errors
clustered at the location level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Table A8: Exogeneity assessment for health outcomes - no home distance restriction

Respiratory Cardiovascular Long-term illness
(1) (2) (3)

Inversion occurrence 0.0029 -0.0013 0.0003
(0.0046) (0.0032) (0.0071)

R2 0.00347 0.00585 0.00962
Observations 125,941 125,957 123,441
Weather controls ✓ ✓ ✓
Fixed effects ✓ ✓ ✓

Notes: The sample additionally includes respondents living more than 40km from a UK Biobank assessment center.
Respiratory (column 1) is equal to 1 if a participant has ever been hospitalized for a respiratory disease.
Cardiovascular (column 2) is equal to 1 if a participant has ever been hospitalized for a cardiovascular disease.
Long − term illness (column 3) is equal to 1 if a participant has a long term illness. Inversion occurrence is equal
to 1 if inversion has occurred during the day, and 0 otherwise. Robust standard errors clustered at the location
level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table A9: Effects of thermal inversion on test taking
no home distance restriction

Takes FI test
(1)

Inversion 0.0271
occurrence (0.0176)

R2 0.62881
Observations 151,831
Weather controls ✓
Fixed effects ✓

Notes: The sample additionally includes respondents living more than 40km from a UK Biobank assessment center.
The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather controls
include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total precipitation,
as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has occurred during the
day, and 0 otherwise. The outcome is 1 if participant decided to take the fluid intelligence test, and 0 if they did
not. The sample is restricted to only participants who were offered the fluid intelligence test. Robust standard
errors clustered at the assessment center level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Table A10: Effects of air pollution/thermal inversion on FI scores
no home distance restriction

Fluid intelligence scores
(1) (2)

PM2.5 -0.0098∗∗

(0.0039)
Inversion occurrence -0.0249∗∗

(0.0103)

R2 0.01114 0.01244
Observations 126,135 126,135
Weather controls ✓ ✓
Fixed effects ✓ ✓

Notes: The sample additionally includes respondents living more than 40km from a UK Biobank assessment center.
The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather controls
include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total precipitation,
as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has occurred during the
day, and 0 otherwise. PM2.5 is the average daily concentration of PM2.5 and is in µg/m3. The dependent variable
is the fluid intelligence score, standardized to have mean zero and standard deviation one. Robust standard errors
clustered at the assessment center level are reported in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table A11: Effects on FI scores - no home distance restriction
Heterogeneity by PGS EA

Fluid intelligence scores
(1) (2)

PM2.5 -0.0074∗

(0.0039)
PM2.5 × PGS EA 0.0002

(0.0009)
Inversion occurrence -0.0207∗

(0.0104)
Inversion occurrence × PGS EA 0.0015

(0.0068)

R2 0.04914 0.05562
Observations 126,135 126,135
Weather controls ✓ ✓
Fixed effects ✓ ✓

Notes: The sample additionally includes respondents living more than 40km from a UK Biobank assessment center.
The set of fixed effects include center, month, year, and day-of-week fixed effects. The set of weather controls
include ground temperature, dew temperature, wind speed, wind direction, cloud coverage, and total precipitation,
as well as their squared and cubed terms. Inversion occurrence is equal to 1 if inversion has occurred during the
day, and 0 otherwise. PM2.5 is the average daily concentration of PM2.5 and is in µg/m3. The dependent variable
is the fluid intelligence score, standardized to have mean zero and standard deviation one. PGS EA is standardized
at 0 with standard deviation 1. Robust standard errors clustered at the assessment center level are reported in
parentheses.
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Figure A15: Heterogeneity by demographic and health characteristics - no home distance restriction

The figure plots the coefficient point estimate and the 95% confidence interval of the interaction term between
inversion occurrence and each demographic/health variable. The sample additionally includes respondents living more
than 40km from a UK Biobank assessment center. All estimations include weather controls and year, month, and day-
of-week fixed effects. Respiratory diagnosis is equal to 1 if a participant has ever been hospitalized for a respiratory
disease. Cardiovascular diagnosis is equal to 1 if a participant has ever been hospitalized for a cardiovascular disease.
Health rating is the subjective health rating participants gave during the baseline, and range from 1 to 4, with 1
being excellent health and 4 being poor health. Long term illness is equal to 1 if a participant has a long term
illness. Inversion occurrence is equal to 1 if inversion has occurred during the day, and 0 otherwise. Inversion
occurrence is equal to 1 if inversion has occurred during the day, and 0 otherwise. The dependent variable is the fluid
intelligence score, standardized to have mean zero and standard deviation one. Robust standard errors clustered at
the assessment center level.

B Cognitive tests

B.1 Questions in the fluid intelligence test

The UK Biobank fluid intelligence test measures participants’ capacity to solve problems requiring

logic and reasoning, independent of acquired knowledge. Participants were given a maximum of

two minutes to answer as many questions as possible. The test consisted of 13 questions, covering

numerical reasoning, verbal reasoning, logic, and pattern completion. Participants could skip ques-

tions if they wished. The fluid intelligence score is constructed as the number of questions answered

correctly.



57

Table B12: UK Biobank fluid intelligence test questions and answer choices

Question Answer choices

1. Add the following numbers together: 1, 2, 3,

4, 5. Is the answer?
1. 13

2. 14

3. 15

4. 16

5. 17

6. Do not know

7. Prefer not to answer

2. Which number is the largest?
1. 642

2. 308

3. 987

4. 714

5. 253

6. Do not know

7. Prefer not to answer

3. Bud is to flower as child is to?
1. Grow

2. Develop

3. Improve

4. Adult

5. Old

6. Do not know

7. Prefer not to answer

4. 11, 12, 13, 14, 15, 16, 17, 18. Divide the sixth

number to the right of twelve by three. Is the

answer?

1. 5

2. 6

3. 7

4. 8

5. Do not know

6. Prefer not to answer

Continued on next page
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Question Answer choices

5. If Truda’s mother’s brother is Tim’s sister’s

father, what relation is Truda to Tim?
1. Aunt

2. Sister

3. Niece

4. Cousin

5. No relation

6. Do not know

7. Prefer not to answer

6. If sixty is more than half of seventy-five, mul-

tiply twenty-three by three. If not, subtract 15

from eighty-five. Is the answer?

1. 68

2. 69

3. 70

4. 71

5. 72

6. Do not know

7. Prefer not to answer

7. Stop means the same as?
1. Pause

2. Close

3. Cease

4. Break

5. Rest

6. Do not know

7. Prefer not to answer

8. If David is twenty-one and Owen is nineteen

and Daniel is nine years younger than David,

what is half their combined age?

1. 25

2. 26

3. 27

4. 28

5. 29

6. Do not know

7. Prefer not to answer

Continued on next page
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Question Answer choices

9. Age is to years as height is to?
1. Long

2. Deep

3. Top

4. Metres

5. Tall

6. Do not know

7. Prefer not to answer

10. 150, 137, 125, 114, 104. What comes next?
1. 96

2. 95

3. 94

4. 93

5. 92

6. Do not know

7. Prefer not to answer

11. Relaxed means the opposite of?
1. Calm

2. Anxious

3. Cool

4. Worried

5. Tense

6. Do not know

7. Prefer not to answer

12. 100, 99, 95, 86, 70. What comes next?
1. 50

2. 49

3. 48

4. 47

5. 46

6. 45

7. Do not know

8. Prefer not to answer

Continued on next page



60

Question Answer choices

13. If some flinks are plinks and some plinks are

stinks, then some flinks are definitely stinks.
1. False

2. True

3. Neither true nor false

4. Not sure

5. Do not know

6. Prefer not to answer

B.2 Description of secondary cognitive tests

Visual Memory Test

Participants were told that they would play two games of “Pairs,” in which they would first see a

set of picture cards and should try to remember as many as possible. In the first round, participants

were shown three pairs of matching symbol cards arranged in a random pattern for three seconds,

as illustrated in B16a. The cards were then turned face down, as shown in B16b, and participants

were asked to identify the matching pairs by touching the cards on the screen. The goal was to find

all pairs in as few attempts as possible.

After the three-pair round, the task was repeated with six pairs of cards. In this second round,

participants were shown twelve cards for five seconds before the cards were turned over.

In each round, the layout of cards was randomly generated in each round, and there was no time

limit: participants could continue matching or mismatching cards until all pairs had been found,

unless they chose to abandon the task. UK Biobank records the number of rows and columns used

in each round, the number of correct matches, the number of incorrect matches, and the time taken

to complete each round.

Prospective Memory Test

The UK Biobank prospective memory test is designed to measure whether participants remember

to carry out a delayed intention. At the beginning of the cognitive testing section, participants were

told that at the end of the games they would be shown four colored shapes and asked to touch the

blue square, but that they should instead remember to touch the orange circle, as shown in B17a.

After the participant presses “Next,” a hidden timer starts, and participants proceed through the

Pairs matching test, the fluid intelligence test, and the reaction-time test before the prospective

memory task is resumed.

At the end of the cognitive testing sequence, participants are shown a screen with four colored

shapes as shown in B17b. The on-screen instruction asks them to touch the blue square and then
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(a) Pairs of matching cards are displayed (b) Cards turned upside down

Figure B16: Example display of the visual memory test

press “Next.” Correct performance therefore requires participants to inhibit the immediate on-

screen instruction and instead remember the earlier delayed instruction to select the orange circle.

If the participant selects the blue square, they are prompted to remember the earlier instruction;

otherwise, the program accepts the selected answer and the test ends. The UK Biobank stores the

participant’s initial and final answer, whether the final answer was correct, the history and number

of attempts, whether the test was completed or abandoned, and timing information.

(a) Display showed prior to the battery of cognitive
tests

(b) Display showed at the end of the battery of
cognitive tests

Figure B17: Prospective memory test
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Numeric Memory Test

The UK Biobank numeric memory test is a touch-screen measure of short-term memory and digit

span. Unlike the main cognitive tests used in the baseline assessment, this task was administered

only during the pilot phase of recruitment and is therefore available for a substantially smaller subset

of participants. The task asked participants to remember increasingly long numbers. Participants

were first told that they would be shown a number, that the number would disappear after a

short delay, and that they would then have to reproduce the number in reverse order using an

on-screen number pad. The first number contained two digits. The number was displayed for

2,000 milliseconds plus 500 milliseconds for each digit in the sequence; for example, a two-digit

number was shown for 3,000 milliseconds. After the number disappeared, participants waited 3,000

milliseconds before entering the remembered number on the activated screen.

The test became progressively more difficult. It started with a two-digit sequence and increased

by one digit each time the participant answered correctly, up to a maximum sequence length of

12 digits. To avoid especially memorable or repetitive sequences, no digit was allowed to be the

same as either the immediately preceding digit or the digit before that. The test ended after

five successive incorrect answers for two-digit numbers, or after two successive incorrect answers for

numbers of three or more digits. UK Biobank records the number of digits shown in each round, the

number displayed, the participant’s entered response, whether each round was answered correctly,

the number of rounds completed, the maximum number of digits remembered, response timing,

total completion time, and whether the test was completed, stopped, or abandoned.

Reaction Time Test

The UK Biobank reaction time test is designed to measure simple processing speed. Participants

completed the test using their dominant hand, which they held ready over a button box placed at

the touch-screen station. Figure B18a shows the button box used in the task. The task presented

participants with two cards at a time on the screen. Participants were instructed to press the button

as quickly as possible whenever the two cards displayed matching symbols. The task therefore

captures the speed with which participants detect a simple visual match and translate that detection

into a motor response.

The main version of the test consisted of 12 pairs of cards and did not include an abandon

button. UK Biobank records the identity of the two cards shown in each round, the number of

times the response button was pressed, the time taken to first press the button in each round,

and the derived mean time taken to correctly identify matching pairs. Following the pilot phase of

recruitment in 2006, the number of rounds was reduced from 20 to 12 to remove redundancy and

shorten the task while retaining the key information from the test. UK Biobank therefore presents

pilot and main baseline data separately. The first five rounds are treated as training rounds and
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are not included in the derived mean reaction-time measure.

(a) Participant tap on the button upon seeing
matching cards

(b) Participants compare two cards shown on the
screen

Figure B18: Example set-up and display of the reaction test
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