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Abstract

Background: Emerging evidence identifies ambient particulate matter with an aerodynamic
diameter < 2.5um (PMa5) as a modifiable risk factor for dementia, but the potential health

benefits gained by enacting regulations that reduce PM2s remain unclear.

Objectives: Our aim was to estimate the total effects of hypothetical ambient PM. s
interventions starting in late life on the risk of dementia in a cohort using the parametric g-

formula.

Methods: We used data from 291,495 participants in the UK Biobank cohort who were free of
dementia and aged = 55 years at baseline (2010). We estimated the total effects of hypothetical
ambient PM_ s interventions (achieving annual average standards of 12 ug/m?, 10 ug/m3, and 9
ug/m?3) from 2010 to 2019 on the risk of dementia by calculating the difference between the
estimated 10-year risk of dementia under a specified hypothetical intervention and the risk

under no intervention using the parametric g-formula.

Results: Compared with no intervention, the estimated 10-year risk difference of dementia was
-0.54 per 1000 population (95%ClI: -1.00, -0.10), -1.36 per 1000 population (95%Cl: -2.44, -
0.25), -1.92 per 1000 population (95%Cl: -3.39, -0.33), with PM2 s interventions achieving

annual average standards of 12 ug/m?3, 10 ug/m?, and 9 ug/m?, respectively.

Discussion: The estimated 10-year risk of dementia decreased if the individual ambient PM2 5
exposure was reduced due to more stringent PM. s standards in late life compared to the natural
course without intervention on ambient PM25 exposure. Our findings, obtained using the
parametric g-formula — a causal inference method that can directly evaluate the impact of
hypothetical interventions — suggest that policies reducing ambient PMz s pollution may lower
the risk of dementia among UK Biobank participants who would experience more stringent

ambient PM_ s standards in late life.
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Introduction

Results of epidemiological’ and toxicological studies suggest that particulate matter with an
aerodynamic diameter less than or equal to 2.5um (PMa5) is a potentially modifiable risk factor
for dementia, with evidence of oxidative stress,? inflammation,® elevated Alzheimer's disease-

related biomarkers,*” and neurodegeneration® associated with PM. s exposure.

Ambient PM. s levels have decreased over time in many regions due to air pollution
regulations.®'" As policymakers debate implementing policies to further reduce PM_s
concentrations, weighing the cost of PM2 s reduction against the associated health benefits is
crucial. However, the effect of ambient PM; s intervention on dementia risk still requires

assessment.

The parametric g-formula is a causal method that can be applied to time-varying exposures and
confounders. Compared with the traditional health impact assessment using the exposure-
response relationships estimated from Cox regression and simplified assumptions on the
uniformed change in exposure levels for the entire study population, the parametric g-formula
directly evaluates the effects of hypothetical regulatory intervention on health outcomes and can
estimate the absolute risk reduction (risk difference).'? Although widely used in occupational'-®
and nutritional'® "7 epidemiology, it was only recently introduced in environmental epidemiology

to quantify the effects of hypothetical ambient air pollution interventions on the risk of mortality.'®

19

The UK Biobank is a cohort with a large participant base, multiple sources of health records,
and residential address history. Several studies have leveraged this cohort and found
associations between long-term PM. s exposure and dementia.?>?> However, these studies
typically relied on the time-fixed PM..s exposure, overlooking the time-varying nature of the long-

term PM2.s exposure. Additionally, the contrast of cause-specific cumulative incidence provides
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a clearer causal interpretation than the cause-specific hazard ratio from Cox model, as it
compares outcome distributions between groups that would be exchangeable under different
interventions.?® Thus, we used the parametric g-formula to estimate the total effects of
hypothetical ambient PM s threshold interventions in late life on the 10-year risk of dementia in

the UK Biobank cohort from 2010 to 2019.

Method
Study Population

This study used data from the UK Biobank — a prospective cohort that recruited more than
500,000 participants between 2006 to 2010 in the United Kingdom. The participants, aged 37 to
73 years at recruitment, were from various socioeconomic backgrounds.?* All participants
provided consent to the linkage of their electronic medical health records. The UK Biobank
received ethical approval as a Research Tissue Bank from the North West Multi-Centre

Research Ethics Committee (21/NW/0157).

To assess the effect of hypothetical ambient PM2 s intervention from 2010 to 2019 on the 10-
year risk of dementia, participants were excluded from the study if they were diagnosed with
dementia (all-cause), dead, lost to follow-up, or less than 55 years old at the baseline year
2010. We further excluded participants who were missing residential address history for the
derivation of environmental exposure and neighborhood-level sociodemographic status for the
years 2001 to 2009 (Figure S1, Table S1). Participants were followed until the earliest
occurrence of diagnosis of all-cause dementia, death, loss to follow-up, or end of follow-up on

December 313, 2019.
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Historical Residential Location

The UK Biobank Team derived data on participants’ residential location change history, (i.e., the
date of each location change and the corresponding coordinates of the latest location) at a 1km
grid resolution in the year 2017, using detailed residential address from various sources
including General Practitioner (GP) systems, current address provided by participants during UK
Biobank assessment center visits, and address changes directly reported to the UK Biobank by
participants.?®> We expanded location history data by incorporating the information on “Length of
time at current address” (data-field 669) obtained during each assessment center visit, and we
assumed that the residential address remained unchanged from the beginning of the year 2001

to the earliest record date for individuals whose earliest record date falls within the year 2001.

PM.s Assessment

We derived ambient PM.s exposure (in pg/m?®) from a newly developed model of monthly
average PM,s concentrations at a 1x1 km? spatial resolution.?® The model used the light
gradient-boosting machine (LightGBM) framework to capture reliable long-term PM..5
spatiotemporal associations in the UK, incorporating multi-source geographical predictors. The
model shows robust performance with a by-year cross-validation (CV) coefficient of
determination (R?) of 0.82 at the monthly level and a root mean square error (RMSE) of 2.13
ug/m3.26 We obtained individual-level monthly exposure by bilinear interpolation from the values
of the four nearest grids of each residential address location (Figure $2). We obtained the time-

varying annual mean exposure by averaging the monthly exposure values.

Covariates
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We obtained year and month of birth, sex (female or male), educational attainment (categorized
as with or without a college degree, or unknown, where the category of “unknown” comprises
individuals who selected “prefer not to answer” or had missing data), average total household
income before tax (categorized as less than 18,000£, 18,000£ to 30,999£, 31,000£ to 51,999£,
52,000£ to 100,000£, greater than 100,000£, don’t know, or as unknown, which includes
individuals who selected “prefer not to answer” or had missing data) from questionnaire data
collected at the first visit to assessment centers. The modeled annual average exposure to
nitrogen dioxide and nitrogen oxides for the year 2010 was developed by the European Study of
Cohorts for Air Pollution Effects (ESCAPE) using a Land Use Regression model.?” These
modeled exposures to nitrogen dioxide and nitrogen oxides were then linked to the residential
addresses of each participant. For the time-varying confounders, we calculated the annual
mean ambient temperature in Celsius based on ERA5 monthly mean data at a spatial resolution
of 0.25° x 0.25°.2% The individual-level temperature was extracted from the grid cell containing
the residential location. We obtained the annual Gross disposable household income (GDHI)
per head as indices at International Territorial Levels 3 (ITL3), from the Office for National
Statistics (ONS) 1997 to 2021 edition of the regional gross disposable household income
dataset. GDHI per head is an indicator of economic welfare that allows for regional
comparisons.?® GDHI per head index is calculated as 100 times the ratio of an area’s GDHI per
head to the UK average. Annual population density at ITL3 was calculated as the proportion of
mid-year residential population, obtained from ONS, to the corresponding regional area. We
also adjusted the pre-baseline value of the aforementioned time-varying confounders measured
as the 9-year average from 2001 to 2009. We chose these covariates as the confounders based
on substantive knowledge of the relationship between long-term exposure to PM; 5 and

dementia from the literature.30-32
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Outcome Assessment

The earliest date of diagnosis with all-cause dementia was identified from primary care records
and primary or secondary diagnoses in hospitalization data. While hospitalization data are
linked for all participants, primary care data are currently available for approximately 45% of
participants. All-cause dementia diagnoses were classified using the Read codes (Table S2)
and the International Classification of Diseases 9" Revision (ICD-9) codes 290.2, 290.3, 290.4,
294.1, 331.0, 331.1, 331.2, 331.5 in older Scottish hospital records and ICD-10 codes A81.0,
167.3, FOO, FO1, FO2, FO3, F05.1, G30, G31.0, G31.1 and G31.8. Since death is a semi-
competing event for dementia,*® we obtained the date of death from linked death registry data.
In a validation study of approximately 17,000 Scottish participants, the positive predictive value
(PPV) for all-cause dementia was estimated to be 86.8% (95% CI: 78.8%, 92.6%) using primary

care data, and 87.3% (95% Cl: 75.5%, 94.7%) using hospital admission data.®*

Hypothetical PM.s Interventions

We estimated the 10-year risk of dementia under three hypothetical ambient PM. s interventions
assigned to all eligible participants starting in 2010. These hypothetical interventions are
threshold interventions, where individual-level ambient PM.s exposures are reduced to the
threshold value if they exceed this limit during a follow-up interval, otherwise, they remain
unchanged.® The hypothetical interventions were compared with no intervention on PM,s. We
considered three thresholds: (1) England's 2028 interim target of an annual average of 12
ug/m?3;¢ (2) England's 2040 and Scotland’s 2020 targets of an annual average of 10 pg/m3;%
and (3) the primary annual standard by U.S. Environmental Protection Agency of an annual

average of 9 ug/m?3.%"
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Statistical Analysis

The total effect of PM.s intervention was used as the counterfactual estimand in this study with
death as the competing event.® We estimated the risk of dementia that would have been
observed if all participants had been assigned to a specified PM. s threshold, without eliminating
the competing event. The risk difference (RD) between the risk under a specified PM2s
intervention and the risk under no intervention represents the total effect of PM2s intervention on
the risk of dementia through all pathways including the potential indirect pathway mediated by
increased survival. This is different from the risk of dementia under elimination of the competing
event, which is the risk of dementia under a hypothetical intervention that eliminates death. The
corresponding RD represents the direct effect of a specified PM; s intervention on the risk of
dementia not mediated by prolonged survival. Since the occurrence of the competing event (i.e.,
death) precludes the event of dementia,?® we also estimated the effects of the same

hypothetical PM2 s interventions on the risk of all-cause mortality using the parametric g-formula.

These risks can be estimated by the parametric g-formula under the assumptions of no
unmeasured confounding, positivity, and consistency.® The details of the parametric g-formula
algorithm can be found in a paper by McGrath et al.>® The outline of the steps are as follows.
First, we fitted linear regression models for each time-varying covariates separately(i.e., in the
order of annual mean temperature, annual population density, annual GDHI per head index, and
annual PM. s exposure), which were conditional on the time-fixed confounders (i.e., age, sex
[female or male], and educational attainment [with or without a college degree, or unknown], the
pre-baseline values of mean temperature, population density, GDHI per head index, and PMzs
exposure measured as the 9-year average from 2001 to 2009), the previous-year values of the
time-varying covariates (i.e., annual mean temperature, annual population density, annual GDHI
per head index, and annual PM. s exposure), the same-year values of time-varying covariates

set to occur before the covariate of interest, and the categorical time interval index. Second, we
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fitted one logistic regression model to estimate the hazard of dementia conditional on the time-
fixed confounders (i.e., age, sex [female or male], and educational attainment [with or without a
college degree, or unknown], the pre-baseline values of mean temperature, population density,
GDHI per head index, and PM.s exposure measured as the 9-year average from 2001 to 2009),
the previous-year and same-year values of the time-varying covariates (i.e., annual mean
temperature, annual population density, annual GDHI per head index, and annual PM;s
exposure), and the categorical time interval index, and another logistic regression model to
estimate the hazard of mortality (the competing event) conditional on the time-fixed confounders
(i.e., age, sex [female or male], and educational attainment [with or without a college degree, or
unknown], the pre-baseline values of mean temperature, population density, GDHI per head
index, and PM. s exposure measured as the 9-year average from 2001 to 2009), the same-year
and previous one to four years' values of the time-varying covariates (i.e., annual mean
temperature, annual population density, annual GDHI per head index, and annual PM; 5
exposure), the interaction terms between the categorical time interval index and time-varying
covariates from previous one to four years, and the categorical time interval index (detailed
specification in Table S3). Third, we used Monte Carlo simulation with 500,000 generated
participants where the values of baseline covariates were resampled with replacement from
those of the original eligible participants and the PM; s value was set to the specified PMa 5
threshold. The values of the time-varying covariates at the next time point were simulated
iteratively from the models for the time-varying covariates estimated in the first step. The hazard
of dementia and the hazard of death at each follow-up time were estimated based on the
outcome model and the competing event model, with the respective covariate values simulated
in the previous steps. At each time point, the risk of dementia for each participant was
calculated as the cumulative sum of the product of the hazard of dementia and the probability of
surviving without dementia at all previous time points. The standardized risk of dementia under

a specified PM_s intervention at each follow-up time was obtained by calculating the average
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risk of dementia among all participants in the simulation. The 95% confidence intervals used
were the 2.5th and 97.5th percentiles of a nonparametric bootstrap distribution generated from
200 bootstrap samples. Similarly, we conducted another parametric g-formula analysis to
estimate the risk of mortality under hypothetical PM. s interventions. The linear regression
models for the time-varying covariates and the logistic regression model to estimate the hazard
of mortality are the same as those used in the above parametric g-formula analysis with
dementia as the outcome. The standardized risk of mortality was obtained by calculating the
average of the risk of mortality (the cumulative sum of the product of the hazard of mortality and
the probability of surviving at all previous time points) for each participant, in a 500,000-
participant Monte Carlo simulation. The parametric g-formula method was implemented using
the “gfoRmula” package in R version 4.3.2.3° Next we conducted subgroup analysis by sex and
by age at the baseline year 2010 (= 65 years or < 65 years), to estimate modification of the

association between PM; s and dementia by sex and age.*°

We conducted several sensitivity analyses to test the robustness of our findings. To assess the
sensitivity of the estimates to residual confounding, we 1) adjusted for the 10-year average of
time-varying covariates from the pre-baseline value of 2000 to 2009 instead of the 9-year
average (2001-2009); 2) adjusted for annual cold season (December to February) and warm
season (June to August) mean temperature instead of the annual mean temperature; 3)
additionally adjusted for the average total household income before tax; and 4) additionally
adjusted for the modeled annual average exposure to nitrogen dioxide and nitrogen oxides for
the year 2010. To assess the validity of model specifications, we 1) tested a different order of

time-varying confounders (i.e., in the order of “annual GDHI per head index”, “annual mean

” o«

temperature”, “annual population density” instead of the order of “annual mean temperature”,

“annual population density”, “annual GDHI per head index”) in the models fitted for confounders;

2) used PM; s exposures in a log-transformed scale instead of the original scale; and 3)

10
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compared observed and parametric g-formula estimated values under no intervention for
covariate means and risks.*! To assess the sensitivity of the estimates regarding the exclusion
of participants with missing data due to the earliest residential address record after the year
2001, we assumed the residential address remained unchanged from the beginning of the year
2001 to the earliest record date for these participants. To be comparable with previous studies,
we also applied the conventional Cox model method with age as the time scale to assess the
association between the time-varying 5-year moving average of PM. s and all-cause dementia,
adjusting for sex, educational attainment, and time-varying variables of 5-year moving average
of mean temperature, annual population density, and annual GDHI per head index. The Cox
model was implemented using the “survival” R package.*? All two-sided P-values < 0.05 were

considered statistically significant.

Results

Of 502,356 participants in the UK Biobank, we followed 291,495 eligible participants who met
the criteria of being age = 55 years, without the diagnosis of dementia, and without missing data
for confounders on Jan 1%, 2010 (Figure S1, Table S1). During the 10-year follow-up, 4,700
participants had the event of dementia, and 19,417 died without any dementia diagnosis from
primary care or hospitalization records. Table 1 shows the characteristics of eligible participants
in the baseline year 2010. The average age was 63.2 (25t — 75th percentiles: 59.8, 66.7) years,
54% of participants were female, 93% of participants were of white race/ethnicity, and the pre-
baseline 9-year moving average of PM2s concentration from 2001 to 2009 was 12.12 (25th —

75t percentiles: 10.64, 13.41) pug/m?.

Table 2 shows the estimated 10-year risk of dementia under different hypothetical ambient

PM2 s interventions. Compared with no intervention, the estimated 10-year risk difference was -

11
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0.54 per 1000 population (95%Cl: -1.00, -0.10) with the threshold of 12 ug/m3, -1.36 per 1000
population (95%Cl: -2.44, -0.25) with the threshold of 10 ug/m3, and -1.92 per 1000 population
(95%Cl: -3.39, -0.33) with the threshold of 9 ug/m3. The average proportion of participants who
would have experienced a change in the ambient PM2s exposure at each interval to reach the

threshold of 12 ug/m?3, 10 pg/m?, and 9 pug/m?®is 17.50%, 39.86%, and 53.22%, respectively.

The magnitude of the estimated 10-year risk difference of dementia, comparing no intervention
and one with a threshold of 10 ug/m?, is larger among those who are older (aged = 65 years at
baseline) compared to those with baseline age below 65 years and in males compared to
females, although the differences between the subgroups were not statistically significant (p >
0.05) (Table 3). The estimates did not vary substantially in the sensitivity analyses (Figure 1,
numeric results in Table S4), with the magnitude of the point estimates in the sensitivity
analyses being similar to or slightly larger than those in the main analysis. The hazard ratio
obtained from the Cox model for the association between per 1 ug/m?® time-varying 5-year
moving average PM2s concentrations and dementia was 1.05 (95% CI: 1.03, 1.07). The
estimated 10-year risk difference of mortality was -2.66 per 1000 population (95%Cl: -4.52, -
0.42) with the threshold of 12 ug/m?3, -5.31 per 1000 population (95%Cl: -9.56, -0.36) with the
threshold of 10 ug/m?3, and -6.57 per 1000 population (95%Cl: -12.39, 0.15) with the threshold of

9 ug/m3, when comparing with no intervention on PM s (Table S5).

Discussion

We found that hypothetical threshold interventions on ambient PMs levels in late life reduced
the 10-year risk of dementia among the UK Biobank participants from 2010 to 2019. Compared
with no intervention, the decrease in the estimated 10-year risk difference was -1.36 per 1000

population (95%Cl: -2.44, -0.25) under the hypothetical ambient PM. s interventions with the

12
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threshold of 10 pg/m?® (England’s 2040 and Scotland’s 2020 targets). The magnitude of the
estimated 10-year risk difference was larger among those aged = 65 years than those aged 55
to 64 years at baseline, and among males compared to females, although the differences
between the subgroups were not statistically significant. Although we found that hypothetical
interventions of ambient PM. s could also reduce the estimated risk of all-cause mortality, which
was a competing event for dementia, the total effect, encompassing both the direct effect of an
intervention on the risk of dementia and the indirect effects mediated by increased survival,

remained a decreased risk of dementia.

Long-term exposure to PMzs has been significantly associated with dementia in large cohorts. A
3.2 yg/m? increase in the 5-year moving average of PM. s was found to be associated with a
hazard ratio (HR) of 1.060 [95% CI: 1.054, 1.066] for incident dementia in a national cohort of
12 million population aged = 65 years in the United States,*? and in a cohort of 2 million
population aged 2 55 years in Ontario, Canada a HR of 1.04 [95% Cl: 1.03, 1.05] per 4.8 ug/m?®
increase.*® The UK Biobank cohort has been used recently to examine the association between
long-term PM.s exposure and dementia. However, due to the limited availability of PM. s data,
only time-fixed PM2 s exposure at baseline was used in the analyses, which assumes that PM. s
levels in the UK remained constant over the study periods.?’ 2" We used the Cox model in the
sensitivity analysis to assess the association between time-varying 5-year moving average
PM_ s concentrations and dementia (HR = 1.05 [95% CI: 1.03, 1.07] per 1 ug/m?3 increase),

which is consistent with adverse association found in the aforementioned large cohort studies.

The Cox proportional hazard model, used in the previous studies, is a conventional method
used to assess the associations between long-term PM2 s exposure and dementia, with hazard
ratio as the measure of association. From the perspective of public policy decisions, the risk
difference calculated by the parametric g-formula is more intuitive than the Cox hazard ratio.

First, the parametric g-formula is grounded in the potential outcome framework,* which allows

13
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for the direct evaluation of the effects of hypothetical policies.’? In comparison, the cause-
specific hazard ratio derived from the Cox model represents the instantaneous probability of
dementia conditional on those who are alive and free of dementia. This built-in selection bias of
hazard can lead to bias in terms of causal inference.® Second, the risk difference provides an
absolute measure of the effect of regulatory intervention, while the Cox hazard ratio is a relative
measure. When the Cox hazard ratio is used as a substitute for relative risk in the calculation of
attributable fraction, it requires the rare disease assumption. However, even when this
assumption holds, the approximation may falter because the magnitude of the Cox hazard ratio
is affected by the censoring proportion, whereas the risk difference remains essentially

unchanged.*5 46
Strengths and Limitations

This study has substantial strengths. First, by using the parametric g-formula, we provide a
more direct measurement of the effect of hypothetical PM2 s regulations on the risk of dementia,
which may be more useful for policymaking. Second, we used a counterfactual estimand (the
total effect) within a causal framework to estimate the effect of an intervention on the risk of
dementia through all pathways (including the pathway mediated by death), which is not often
considered in dementia research.?* 47 This study also has limitations. First, we should cautiously
interpret the estimates, since the validity of the findings as causal effects using the parametric g-
formula method relies on several assumptions, including correct model specification, no
unmeasured confounding, no measurement error, and consistency. Similar to conventional
regression models, the model misspecification can compromise the validity of the estimates. We
evaluated the model specification in the parametric g-formula by comparing the observed risk
and covariate means with those estimated by the parametric g-formula under no intervention
(natural course). The observed and natural-course estimates showed no large discrepancy,

which is a necessary but not sufficient condition for no model misspecification (Figure S$3).*’

14
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The assumption of no unmeasured confounders is untestable.** The potential confounding
introduced by individual physiologic and behavioral factors (e.g., body mass index and smoking
habits) is of less concern since we used ambient PM; s concentrations instead of personal
exposure as the exposure of interest, and we adjusted for time-varying neighborhood-level
sociodemographic covariates.®' The consistency assumption (i.e., the versions of treatment are
well-defined) may not hold, given that PM;s from some sources (e.g., traffic, fossil fuels,
agriculture, and wildfires) are found to primarily contribute to the association between PM. s and
dementia.*® *° We used PM.s mass as the exposure of interest, but the chemical components of
PM:s in this study might vary over time and space. Thus, the exposure definition may be
unclear as both the concentration and components of PM. s could affect the risk of dementia. As
there are currently no consistent findings regarding which sources of PM. s contribute to
dementia,*® ° further studies are warranted to explore the effects of different PM..s sources on
dementia, which can support the implementation of source-targeted measures to reduce
pollution. Second, the residential address records collected in the UK Biobank are subjected to
some degree of inaccuracy. The modeled ambient PM. s has high performance (R? = 0.82) at a
fine resolution of 1x1 km?, and we used residential address change history to assess the time-
varying exposure, which mitigates measurement error of exposure. Third, the passive case
ascertainment of dementia using electronic health records could increase the possibility of
outcome misclassification, which may result in more conservative estimates compared to active
case ascertainment.®® Fourth, the estimates of this study may not be generalizable to the
general UK population. Only around 5.5% of the invitees participated in the baseline survey of
the UK Biobank. The estimates are standardized by the conditional distribution of confounders,
while the distribution of confounders in the general population may differ from that of our sample
population. For example, the responders were more likely to be female and to live in less

socioeconomically deprived areas than the nonresponders.®'

15
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Conclusions

The application of parametric g-formula offers a direct measurement of the health effects of
regulatory policies. Although the estimates might not have a causal interpretation given the
potential non-fulfilment of the underlying assumptions, our results suggest that policies reducing
ambient PM2s concentrations may benefit health by lowering the risk of dementia among UK

Biobank participants who would experience the PMz s intervention in late life.
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Table 1. Baseline characteristics of eligible participants in the UK Biobank at enroliment, 2006-
2010.

Characteristic n = 291,495
Age in the year 2010, mean (25t — 75th percentiles), y 63.2 (59.8,
66.7)

Sex, No. (%)
Female
Male
Educational attainment, No. (%)
College degree
Without college degree
Unknown?
Race/Ethnicity, No. (%)
White
Mixed
Asian or Asian British
Black or Black British
Chinese
Other ethnic group
Missing

9-year (2001-2009) moving average of annual mean temperature, mean (25t —
75t percentiles), °C

9-year (2001-2009) moving average of GDHI per head index, mean (25t — 75th
percentiles)

9-year (2001-2009) moving average of population density, mean (25t — 75t
percentiles), person/m?

9-year (2001-2009) moving average of PM2s concentration, mean (25th — 75th
percentiles), pg/m?

9-year (2001-2009) moving average of warm season (June to August) mean
temperature, mean (25t — 75th percentiles), °C

9-year (2001-2009) moving average of cold season (December to February)
mean temperature, mean (25% — 75t percentiles), °C

156,929 (54%)
134,566 (46%)

83,764 (29%)
201,596 (69%)
6,135 (2.1%)

269,936 (93%)
8,734 (3.0%)
7,923 (2.7%)
1,016 (0.4%)

586 (0.2%)
1,547 (0.5%)
1,753

10.11 (9.58,
10.65)

98 (82, 107)
0.19 (0.05,
0.22)

12.12 (10.64,
13.41)

15.75 (15.15,
16.30)

4.77 (4.44,
5.12)
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Characteristic n = 291,495

Modeled annual average exposure to nitrogen dioxide for the year 2010, mean 26 (21, 31)
(25th — 75th percentiles), ug/m? P

Missing 3,376

Modeled annual average exposure to nitrogen oxides for the year 2010, mean 43 (34, 50)
(25th — 75t percentiles), ug/m? P

Missing 3,376

Average total household income before tax, No. (%) ®

Less than 18,000£ 66,227 (23%)
18,000£ to 30,999£ 71,295 (25%)
31,000£ to 51,999¢£ 57,437 (20%)
52,000£ to 100,000£ 36,154 (13%)
Greater than 100,000£ 8,714 (3.0%)
Don't know 14,223 (4.9%)
Unknown? 37,445 (13%)

Abbreviations: GDHI, gross disposable household income; PM2s, particulate matter with an
aerodynamic diameter less than or equal to 2.5um

aThe "Unknown" category comprises individuals who either selected "prefer not to answer" or had
missing data.

b The modeled annual average exposure to nitrogen dioxide and nitrogen oxides for the year 2010, and
the average total household income before tax, were additionally adjusted in the sensitivity analyses. In
the sensitivity analysis that included additional adjustments for modeled nitrogen dioxide and nitrogen
oxides, participants with missing data for these variables were excluded from the analysis.
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Table 2. Estimated 10-year risk (95% CI) of dementia under hypothetical ambient PM2 .5
interventions (achieving annual average standards of 12 ug/m?3, 10 ug/m?3, and 9 yg/m?3) among
eligible participants (n = 291,495) in the UK Biobank, 2010-2019. The risk difference is the
absolute difference in the 10-year risk when comparing the hypothetical PM. s intervention with
no intervention on PM_s.

Hypothetical 10-year risk (95% Risk difference (95% Average % intervened
intervention Cl), %o Cl), %o on?
No intervention 16.49 (15.79, 16.90) O (reference) —
Threshold
<12 ug/m? 15.95 (15.08, 16.55)  -0.54 (-1.00, -0.10) 17.50
<10 pyg/m?® 15.13 (13.86, 16.36)  -1.36 (-2.44, -0.25) 39.86
<9 ug/m? 14.57 (12.93, 16.16)  -1.92 (-3.39, -0.33) 53.22

Note: We used the parametric g-formula to estimate the 10-year risk of dementia adjusting for
baseline covariates: sex, baseline age, educational attainment, 9-year moving average (2001-
2009) of annual mean temperature (°C), 9-year moving average (2001-2009) of population
density (person/m?), 9-year moving average (2001-2009) of GDHI per head index, and 9-year
moving average (2001-2009) of PM.s (ug/m?3); and time-varying covariates: annual mean
temperature (°C), annual population density (person/m?), annual GDHI per head index, and
annual mean PMas (pg/m3).

@ Average proportion of individuals who experienced intervention on ambient PM2 s in each time
period to adhere to the hypothetical PM s intervention.

Abbreviations: GDHI, gross disposable household income; PM2s, particulate matter with an aerodynamic
diameter less than or equal to 2.5um; %o, per mille.
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Table 3. Estimated 10-year risk of dementia (95% CI) under no intervention, and a hypothetical

ambient PM_ s intervention (threshold value of 10 pg/m?), by subgroups among eligible

participants in the UK Biobank, 2010-2019 (n = 291,495). The risk difference is the absolute
difference in the 10-year risk when comparing the hypothetical PM. s intervention with no
intervention on PMzs.

- i o 0 -
10-year risk (95% ClI), %o Risk difference P-value for
Subgroup (95% Cl), %o subgroup
No intervention <10 pg/m? ’ difference
Female (n =
156,929) 14.91 (13.78, 15.48) 14.42 (12.24, 16.18) -0.50 (-2.14, 1.23)
0.13
Male (n = 134,566) 18.46 (17.71, 19.20) 16.04 (14.10, 17.94) -2.41 (-4.05, -0.49)
Age 55-64 years at
baseline (n = 7.35(6.92,7.71) 6.53 (5.60, 7.37) -0.82 (-1.69, 0.14)
183,659)
Age = 65 years at 0.26
baseline (n = 31.14 (30.10, 32.27) 28.75 (26.08, 31.48) -2.40 (-5.06, 0.71)
107,836)

Note: We used the parametric g-formula to estimate the 10-year risk of dementia adjusting for
baseline covariates: sex (for subgroup by age), baseline age, educational attainment, 9-year
moving average (2001-2009) of annual mean temperature (°C), 9-year moving average (2001-
2009) of population density (person/m?), 9-year moving average (2001-2009) of GDHI per head
index, and 9-year moving average (2001-2009) of PM.s (ug/m?); and time-varying covariates:
annual mean temperature (°C), annual population density (person/m?), annual GDHI per head

index, and annual mean PMzs (ug/m3).

Abbreviations: GDHI, gross disposable household income; PMzs, particulate matter with an aerodynamic
diameter less than or equal to 2.5um; %o, per mille.
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Figure 1. Estimated 10-year risk difference (95% Cl) of dementia between different threshold
interventions on ambient PM25 and no intervention for the main analysis and sensitivity
analyses. The risk difference is the absolute difference in the 10-year risk when comparing the
hypothetical PM2 s intervention with no intervention on PM_s.

Notes: In the main analysis, we used the parametric g-formula to estimate the 10-year risk of
dementia adjusting for baseline covariates: sex, baseline age, educational attainment, 9-year
moving average (2001-2009) of annual mean temperature (°C), 9-year moving average (2001-
2009) of population density (person/m?), 9-year moving average (2001-2009) of GDHI per head
index, and 9-year moving average (2001-2009) of PM. s (ug/m?); and time-varying covariates:
annual mean temperature (°C), annual population density (person/m?), annual GDHI per head
index, and annual mean PM25 (ug/m?). The sensitivity analyses are shown in green below the
main analyses, with differing factors described in the figure. Numeric results presented in Table

S4.

Abbreviations: GDHI, gross disposable household income; PMzs, particulate matter with an aerodynamic
diameter less than or equal to 2.5um.
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