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Dementia has been considered a major global public health priority (WHO, 2012). It is
very common in older adults (Alzheimer’s Association, 2015b; Seshadri & Wolf, 2007; Weuve
et al., 2014) and characterized by the progressive and irreversible loss of memory and mental
abilities (Alzheimer’s Association, 2008). Those affected often experience other comorbidities,
disability and early death (Alzheimer’s Association, 2019; Arrighi et al., 2010). No cure
currently exists for progressive dementias, and the associated healthcare costs exceed those of
other age-related conditions (Alzheimer’s Association, 2015a).

Recently, animal and human studies have begun reporting on air pollution neurotoxicity

(J. L. Allen et al., 2017), including dementia (Carey et al., 2018; Chang et al., 2014; Chen,



Kwong, Copes, Hystad, et al., 2017; Chen, Kwong, Copes, Tu, et al., 2017; Kilian & Kitazawa,
2018; Oudin et al., 2016; Power et al., 2016). Traffic-related air pollutants (TRAP) such as
nitrogen dioxide (NO>), ultrafine particulates (UFP) and black carbon (BC) are important
components of community air pollution that can vary substantially over space and time (Fujita et
al., 2014; Liu et al., 2018). TRAP exposure has been shown to be associated with neurotoxicity
(Block & Calderon-Garciduenas, 2009; Calderon-Garciduenas et al., 2002, 2003; Calderdn-
Garciduefias, Mora-Tiscarefio, et al., 2008; Calderon-Garciduenias, Solt, et al., 2008) and
pathologies such as Alzheimer’s Disease (AD) in animals (Yan et al., 2015, 2016) as well as
cognitive deficits, including late-life dementia, though the evidence has been stronger for some
pollutants than others (Carey et al., 2018; Chang et al., 2014; Chen, Kwong, Copes, Hystad, et
al., 2017; Chen, Kwong, Copes, Tu, et al., 2017; Kilian & Kitazawa, 2018; Oudin et al., 2016;
Power et al., 2011, 2016; X. Yu et al., 2020). In particular, research indicates that UFPs may play
an important role in the adverse health effects associated with particulate matter (Brown et al.,
2001; Donaldson, 2001; N. Li et al., 2003; Lundborg et al., 2001; Manigrasso et al., 2017;
Oberdorster et al., 1994; Seaton et al., 1995; Stone et al., 2000). Still, epidemiologic studies
investigating dementia and long-term TRAP exposure are limited due to the absence of models
that appropriately capture long-term human exposure to TRAP (Rivera et al., 2012). This study
addresses this gap in the literature through three specific aims:

In Aim 1, we use fine-scale, long-term NO> exposure as well as road proximity to assess
the association between TRAP and late-life all-cause and AD dementia incidence in a
community-based prospective cohort study. This study was conducted using the Adult Changes
in Thought (ACT) cohort, a well-characterized, Seattle-based, prospective cohort study of aging

and the brain among elderly individuals (65+ years) that has been ongoing since 1994 (Kukull et



al., 2002; L. Wang et al., 2006). Participants were assigned long-term NO, exposure based on a
spatiotemporal model that incorporates decades of local air quality monitoring data based on
residential history. Our primary analyses indicated that for every additional 5 ppb increase in 10-
year average NO» exposure, the hazard of all-cause and AD dementia is estimated to be 1% (HR:
1.01, 95% CI: 0.91, 1.11) and 2% (HR: 1.02, 95% CI: 0.91, 1.13) greater, respectively, after
adjusting for important potential confounders. Sensitivity and secondary analyses investigating
the impact of different exposure windows, model adjustments, exposure quality and more were
in agreement, supporting the robustness of our results. These findings are in line with the
literature and a recent meta-analysis indicating that there is no evidence of an association
between NO; and dementia incidence.

In Aim 2, we leverage a highly innovative mobile monitoring campaign specifically
designed to assess spatially-granular, long-term TRAP exposure for the ACT cohort (Blanco et
al., 2019; Stanley, 2019) to characterize otherwise unavailable annual-average UFP and BC
exposure. We calculate weighted UFP and BC averages from repeated short-term monitoring
samples and use these to build universal kriging models with partial least squares regression to
summarize hundreds of geographic covariate predictors. The hold-out model validation results
indicated low model bias and high precision (RMSE: 933 pt UFP/cm?, 58 ng BC/m?; R?: 0.87 for
UFP, 0.85 for BC). Predicted annual average UFP and BC exposure for ACT cohort locations
had a median (IQR) of 6,782 (1,788) pt/cm? and 525 (134) ng/m?, respectively. Similar to past
studies, predicted concentration were highest near the downtown, industrial and airport areas as
well as along major highways. Sensitivity analyses taking different approaches for dealing with
extreme observations, calculating annual averages and building models all resulted in very

similar results, strengthening the robustness of these exposure models. These findings support



the use of these prediction models for future epidemiologic investigations of TRAP exposure in
the ACT cohort.

Aim 3 extends the exposure surfaces developed in Aim 2 for 2019 back to 1995 in order
to characterize otherwise unavailable, spatially granular, long-term BC and UFP exposure for the
ACT cohort. We use time-varying values of emission indicators (highway emissions) and
surrogates (population density and green space; hereafter referred to jointly as “indicators”™)
known to be strongly associated with TRAP along with observations of air pollution trends over
time to extrapolate model predictions back in time. We validate models against historical
observations at air monitoring sites. Results from these models showed that annual average BC
and UFP exposure estimates for the ACT cohort were generally higher and more variable for
earlier years. Locations near Seattle and along major roadways saw the sharpest drops in BC
levels, while locations near the Sea-Tac Airport saw the sharpest drops in UFP levels over time.
Models captured overall spatial and temporal pollution trends, though they were conservative
and underpredicted observed concentrations at AQS sites. These models provide an
understanding of how these otherwise poorly characterized pollutants may have changed over
time in the Puget Sound, an important gap in the field.

Until now, investigations of TRAP exposure have been largely limited to short-term
human exposure and animal studies despite the growing body of evidence linking some TRAPs
to brain health. In one of the first truly long-term epidemiologic studies of TRAP exposure, we
found no evidence that elevated levels of long-term NO; exposure is associated with an increased
risk of late-life dementia incidence. Furthermore, we are one of the first to build annual-average
UFP and BC exposure models from a novel and extensive mobile monitoring campaign

specifically designed to assess exposure in a long-standing, community-based, prospective



cohort study of aging and the brain. These models can be used to further advance the field and
support epidemiologic investigations of dementia incidence and long-term TRAP exposure,

including UFPs and pollutant mixtures.
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Introduction

Dementia

Dementia has been considered a major public health priority and has received significant
global attention (WHO, 2012). Dementia is very common in older adults (Alzheimer’s
Association, 2015b; Seshadri & Wolf, 2007; Weuve et al., 2014) and characterized by the
progressive and irreversible loss of memory and mental abilities that affect daily life
(Alzheimer’s Association, 2008). Those affected may experience more memory loss, difficulty
finding words, confusion and disorientation, along with other comorbidities such as depression,
anxiety, paranoia and hallucinations (Mayo Clinic, 2019). In addition to poor health, it is often
associated with disability, oftentimes requiring individuals to live in a nursing home (Arrighi et
al., 2010). Those affected are at higher risk of death, with people age 65 or older, for example,
living an average of four to eight years after an Alzheimer’s Disease (AD) diagnosis
(Alzheimer’s Association, 2019). No cure currently exists for progressive dementias, and the
associated healthcare costs exceed those of other age-related conditions (Alzheimer’s
Association, 2015a). In 2019, dementias cost the United States about $290 billion in health care,
long-term care, and hospice (Alzheimer’s Association, 2019).

There are several risk factors for dementia (Alzheimer’s Association, 2019, 2020). Age is
the largest risk factor, with those over age 65 being at higher risk. The risk of AD, for example,
doubles every five years after age 65 until almost one-third of individuals are affected by 85
years of age or older. Those with a family history of dementia and genetic carriers of the
apolipoprotein E (APOE) €4 allele are more likely to develop dementia. Heart health has been
linked to brain health since it is responsible for pumping large quantities of blood to the brain
through complex blood vessel networks. Conditions that damage this network (e.g., heart
disease, diabetes, stroke, high blood pressure and high cholesterol) may thus increase the risk of
cognitive decline. Healthy aging has been linked to brain health, including greater cognitive
reserve and resilience (Alzheimer’s Association, 2020). Having a poor diet, a lack of exercising,
being overweight, consuming tobacco and excess alcohol may increase the risk of dementia.

Gender, education and socioeconomic status (SES) have also been associated with a higher risk



of dementia incidence, with females, those with lower education and lower SES being at higher
risk.

Dementia typically progresses slowly and can take decades to develop (Howell et al.,
2017; Matthews et al., 2019; Weuve et al., 2018). It is often the result of multiple
neurodegenerative disorders including AD, vascular contributions, frontotemporal disorders,
Lewy body dementia, and others (Brenowitz et al., 2017; Jack et al., 2018). AD is involved in
most dementia cases and has been most widely investigated. The Amyloid Cascade Hypothesis is
the most prominent theory attempting to explain the pathogenesis of AD (Alzheimer’s
Queensland, 2014). An initiating event is hypothesized to occur while individuals are still
cognitively unimpaired and involves the abnormal processing of B-amyloid (ARB) peptide. This
leads to the formation of AB plaques in the brain and, after some period, neurodegeneration is
initiated. This process is marked by increased cerebrospinal fluid (CSF) tau and cerebral atrophy
(the loss of neurons). Years later, cognitive impairment is finally detected in individuals, first as
mild cognitive impairment, followed by dementia. As such, the etiologically relevant exposure
periods of interest may occur years or decades before the first signs of cognitive deficits are
detected in individuals.

By 2030, the number of older Americans age 65 or older is projected to reach 74 million,
or 20% of the total U.S. population (Alzheimer’s Association, 2019). Given the tremendous
burden that dementia places on individuals and the healthcare system, governments have become
increasingly concerned about the likely increase in dementia cases (Wu et al., 2016).

Scientific recommendations currently highlight the importance of primary (reduce the
risk and increase cognitive reserve), secondary (early detection) and tertiary (after dementia is
present) interventions, with primary interventions being the most effective (Wu et al., 2016).
Some work, for example, has indicated that the incidence of dementia in high-income countries
may have declined over time, and that this could be explained by rising education levels along
with improved controls for adverse cardiovascular health outcomes (Alzheimer’s Association,
2019). This suggests that societal changes resulting from primary prevention efforts may

effectively reduce the incidence of dementia.



Traffic-Related Air Pollution and its Effects on the Brain

Traffic-related air pollution (TRAP) is a complex mixture of gases and particulate matter
(PM) that greatly contributes to overall air pollution (AP). Nitrogen oxides (Chen, Kwong,
Copes, Tu, et al., 2017; Clifford et al., 2016; Karner et al., 2010; Oudin et al., 2016; Power et al.,
2016; Ranft et al., 2009; Tzivian et al., 2014) (NOx, composed of nitrogen monoxide [NO] and
nitrogen dioxide [NO-]), ultrafine particulates (UFP or PMy.1) and black carbon (BC) (Clifford et
al., 2016; HEI, 2010; Power et al., 2016) have been identified as important TRAPs. NO is a gas
that is emitted from tailpipe emissions that quickly reacts with oxygen in the atmosphere to form
NO: (Sternberg, 2015). BC is a significant component of the PM that is emitted from gas and, in
particular, diesel engines as a result of the incomplete combustion of fuel (US EPA, 2019¢).
Particles are considered UFPs if they are less than 100 nm (0.1 um) in diameter. Many vehicle
emissions are in this size range (Hatzopoulou et al., 2013; Weichenthal et al., 2015), with diesel
engines emitting higher levels of UFPs than gasoline engines (US EPA, 2018b).

While extensive documentation has linked AP to adverse cardiovascular and pulmonary
outcomes (J. L. Allen et al., 2017), studies have also begun to report on TRAP’s neurotoxicity.
Epidemiological investigations have linked elevated exposure levels of NOx, NO», BC, UFPs
and other traffic pollutants (Babadjouni et al., 2017; Brunekreef & Holgate, 2002; Carey et al.,
2018; Chang et al., 2014; Chen, Kwong, Copes, Hystad, et al., 2017; Chen, Kwong, Copes, Tu,
et al., 2017; Clifford et al., 2016; de Prado Bert et al., 2018; Heusinkveld et al., 2016; Howard,
2009; Kilian & Kitazawa, 2018; Killin et al., 2016; Kulick et al., 2020; Oudin et al., 2016; Power
etal., 2011, 2016; Seaton et al., 1995; US EPA, 2018b; Weichenthal et al., 2020; Yuchi et al.,
2020), to an increased risk of late-life dementia incidence, worse cognitive performance and
other neurological effects. Studies have reported hazard ratios (HR) for dementia incidence
ranging from about 0.97-1.20 for a 5 ppb increment of NO2 or NOx exposure in areas with
exposure levels similar to the Puget Sound region (Carey et al., 2018; Chen, Kwong, Copes,
Hystad, et al., 2017; Chen, Kwong, Copes, Tu, et al., 2017; Kilian & Kitazawa, 2018; Oudin et
al., 2016; Power et al., 2016).

There are two proposed pathways for how particles reach the brain (Block & Calderén-
Garcidueiias, 2009; Calderon-Garcidueias, Solt, et al., 2008; Gonzalez-Maciel et al., 2017;
Kilian & Kitazawa, 2018). The first is an indirect pathway where small particles (e.g., BC and



UFPs) are inhaled deep into the lung, enter the blood stream and eventually target other organs
including the brain. The second is a direct pathway where very small particles (e.g., UFPs) pass
through the olfactory epithelium in the nose and are directly deposited into the brain.
Mechanisms of particle-induced neurotoxicity include oxidative stress, metal homeostasis,
protein homeostasis, neuroinflammation, 3-amyloid deposition, disruption of the blood brain
barrier and activated microglia (Block & Calderén-Garciduenias, 2009; Calderon-Garciduenas et
al., 2002, 2003; Calderon-Garciduefias, Mora-Tiscarefio, et al., 2008; Calderén-Garciduefias,
Solt, et al., 2008; Heusinkveld et al., 2016). Given their small size, UFPs may thus play an
especially important role in the adverse health effects associated with PM (Manigrasso et al.,
2017). Compared to larger particles, UFPs can additionally adsorb other toxic substances (e.g.,
polycyclic aromatic hydrocarbons), are less effectively phagocytized and cleared by alveolar
macrophages, may induce more oxidative stress and mitochondrial damage, and can cause a
greater inflammatory response (Brown et al., 2001; Donaldson, 2001; N. Li et al., 2003;
Lundborg et al., 2001; Oberdorster et al., 1994; Seaton et al., 1995; Stone et al., 2000).

As for NOx, the NO» fraction has been the most strongly associated with adverse health
effects (US EPA, 2016). While the exact neurological mechanisms are unclear, animal studies
have shown that NO; inhalation negatively affects spatial learning and memory, increases
amyloid P42 accumulation, promotes AD-like pathologies (Yan et al., 2016), and induces
morphological and energy metabolism changes in brain mitochondria (including decreased ATP-
production and increased reactive oxygen species) that may induce neurological disorders (Yan

etal., 2015).

Limitations of Epidemiologic Investigations of Dementia

Epidemiologic investigations of long-term TRAP exposure and dementia incidence have
been significantly limited by a lack of historical, spatially-granular TRAP data or exposure
models (Power et al., 2016; Rivera et al., 2012). Traditionally, air pollution studies have largely
relied on the EPA’s AQS regional air monitors and/or study specific monitoring campaigns to
collect air pollution data and aid in their assessment of human exposure. AQS monitors have
generally collected pollutant concentrations for decades, but they are spatially sparse and

measure few traffic-related pollutants that do not include UFPs (Ozkaynak et al., 2013). On the



other hand, study-specific monitoring campaigns tend to be spatially denser and collect a wider
array of pollutants, but they are generally short-term.

Because TRAP can vary substantially between microenvironments and over time
(Enayati Ahangar et al., 2017; Fujita et al., 2014; Karner et al., 2010; Liu et al., 2018), studies
that utilize traditional regional monitoring methods may misclassify exposure. This is
particularly true for UFPs, BC and NOx because their concentrations can quickly decay with
increasing distance from a source due to chemical reactions and dispersion (Karner et al., 2010;
Patton, Perkins, et al., 2014; Riley et al., 2014). In particular, UFPs tend to be more unstable than
other pollutants (Karner et al., 2010). After being produced, small particles routinely undergo
chemical transformations, adsorb to surfaces, evaporate, coagulate (stick to each other) and
undergo condensation, often times growing out of the ultrafine size range (Zhu et al., 2002).
Locations roughly 300-1,000 m downwind of sources may thus have similar concentrations to
background levels (US EPA, 2018b; Zhu et al., 2002). As for NO; and BC, recent work has
indicated that concentrations may vary by a factor of 2-8 within neighborhoods and individual
blocks (Apte et al., 2017).

Similarly, many long-term exposure studies have not fully accounted for temporal trends
in TRAP, using limited sampling designs (e.g., business hours) and/or short-term exposure
estimates (e.g., one year) as surrogates for long-term exposure, which may lead to exposure
misclassification (Power et al., 2016). Sampling during limited time periods may produce biased
long-term averages since samples may not capture the diurnal, seasonal, and longer-term TRAP
exposure trends. Exposure, for example, can change in the short-term over the course of a day
and between seasons, following meteorological cycles and vehicle activity. Exposures can also
change in the long-term as a result of the progressively lower TRAP levels and due to new
residential addresses. TRAP levels, for example, began to decrease more sharply after the
signing of the 1990 Clean Air Act amendments and after 2007 when new heavy-duty diesel
highway engine requirements were placed in order to reduce PM an NOx emissions (Khalek et
al., 2015; Ruehl et al., 2015; US EPA, 2017b, 2018d, 2018a).

Furthermore, the use of broader diagnostic criteria, the increased likelihood of patients
receiving medical attention and changes in education levels have likely changed dementia
incidence and diagnoses over time (Wu et al., 2016). Most studies, however, have assessed

dementia incidence based on medical records rather than regular, in-person visits, which may



introduce a substantial amount of outcome misclassification given that dementia tends to be
underdiagnosed (National Institute of Aging, 2014). This may result in numerous false positive
and false negatives (Power et al., 2016). Furthermore, while medical record studies can allow for
larger sample sizes, these may be less practical and generalizable in areas without universal
health care access such as the United States. Given that socioeconomic status is associated with
both air pollution exposure and a dementia diagnosis through healthcare access, this may also
result in biased estimates.

A 2016 review by Power et al. identified a number of studies that have investigated
“long-term” air pollution exposure (1+ years) and dementia incidence or poor cognition (Power
et al., 2016). They reviewed 18 published articles from around the globe published through 2015,
most of which found adverse dementia-related outcomes in humans associated with air pollution.
Specifically, there were three studies that had investigated long-term TRAP exposure and
dementia incidence. These studies reported an increased risk in dementia or AD incidence
associated with higher long-term NO», CO (Chang et al., 2014), ozone (C. R. Jung et al., 2015)
and NOx (Oudin et al., 2016) exposure. The designs of these studies highlight common exposure
assessment approaches in the field and stress the need for truly long-term, spatially granular
exposure assessment in epidemiologic investigations of dementia. Chang et al. (2014), for
example, assessed participant exposure for a duration of up to 12 years, but participants were
assigned a fixed exposure based on their entire follow-up duration (i.e., the averaging period was
longer for participants who were followed longer; and future exposure was used to characterize
risk at earlier times). Moreover, exposure based on a sparse network of regulatory monitors. Jung
et al. 2015 similarly assigned participants a fixed exposure, this time at baseline, despite the fact
that participants were followed for up to 10 years. Exposure was based on three regulatory
monitors within 25 km and a participant’s postal code. Oudin et al. (2016) also assigned
participants a fixed exposure, this time based on a participant’s last year of follow-up. Only
Oudin et al. (2016) assessed dementia incidence based on regular (every five years), in-person
assessments of cognition rather than medical records.

Recently, Yu et al. (2020) published a meta-analysis of NO2, NOx and dementia
incidence based on a slightly larger set of longitudinal cohort studies (X. Yu et al., 2020). They
reported a positive pooled relative ratio (RR) of 1.02 (95% CI: 0.99, 1.04) for a 5 ppb increase in

NO:> or NOx, though confidence intervals were consistent with both positive and negative



effects. Larger, (though not necessarily better designed studies in terms of exposure and outcome
assessment) received a larger weight in the pooled RR. As such, this analysis was again limited

to the designs of the existing studies in the field.

Mobile Monitoring Campaigns

In an effort to address the exposure assessment limitations of many of past studies, study-
specific mobile monitoring campaigns have become more widely used in cities throughout the
world (Apte et al., 2017; Hatzopoulou et al., 2017; Kerckhoffs et al., 2016; Patton, Perkins, et al.,
2014; Van den Bossche et al., 2015; Xie et al., 2017). Typically, a vehicle is equipped with air
monitors capable of measuring pollutants with high spatial and temporal resolution, and short-
term sampling repeatedly occurs at predefined locations. By collecting short-term samples over
extended periods of time, campaigns can capture the temporal variability of a location and
calculate unbiased long-term averages without the need for continuous fixed site monitoring
(Apte et al., 2017; Hatzopoulou et al., 2017).

Mobile monitoring campaigns have several advantages over traditional fixed site
monitoring. For one, they can sample locations that may be more complex and representative of
human exposure (e.g., near intersections). Moreover, mobile monitoring campaigns can be more
efficient than fixed site monitoring since they can sample many locations within a relatively
short period of time using a single monitoring platform. This has allowed campaigns to use high
quality instrumentation to measure various pollutants simultaneously.

Campaigns have conducted short-term stationary monitoring where the platform collects
samples while stopped, and/or short-term mobile monitoring where the platform collects samples
while in motion. Most short-term stationary campaigns have collected 15-60 minutes of samples
during 1-3 days per location, while short-term mobile campaigns have generally collected 1-300
seconds of measurements per road segment and used these to estimate long term averages (Apte
et al., 2017; Saha, Li, et al., 2019). Campaigns have generally lasted anywhere from a few weeks
to a few months. Campaigns generally calculate site means or medians as a measure of that site’s
long-term central tendency.

A few studies have investigated how many sampling locations and repeat samples should

be collected to improve the robustness of long-term average prediction models (Hatzopoulou et



al., 2017; Messier et al., 2018). Messier et al. (2018) found that daytime annual averages in
Oakland, CA could be accurately estimated with only a fraction of all roads within a domain
(~30%) as long as these were representative of the area as a whole (Messier et al., 2018). They
further concluded that as few as four driving days could accurately estimate the daytime annual
average, with increasing drives resulting in diminishing returns in terms of model performance.
Hatzopoulou et al. (2017) found that about 150-200 locations, each with about 10-12 visits was
sufficient to produce robust LUR models for Montreal, Canada (Hatzopoulou et al., 2017). These
studies suggest that robust annual average estimates can be calculated from mobile monitoring
campaigns as long as: a) the sampling locations are representative of the study area, and b)
sampling locations are visited roughly 4-12 times.

While mobile monitoring has shown promise in better characterizing the spatial
variability of TRAP when compared to traditional monitoring methods, the existing campaigns
may not be appropriate for epidemiologic investigation. For one, many campaigns have solely
measured from the center of roadways while in motion where concentrations may be much
higher than residential dwellings meters away (Alexeeff et al., 2018; Kerckhoffs et al., 2016).
Some evidence has suggested that on-road samples are associated with residential exposure and
adverse health outcomes, though this research is limited (Simon et al., 2017). Moreover,
campaigns have sampled either high concentration areas or locations that are representative of a
city’s geography (e.g., highways, industrial and commercial areas), which are likely not
representative of where the majority of people spend most of their time. Some work, for
example, has indicated that pollution levels differ substantially among major road classes, with
median BC, NO and NO> concentrations being roughly 2-5 times higher on highways than
residential streets (Apte et al., 2017). Third, most studies have conveniently only conducted
sampling during weekday business hours since a technician is required to operate the platform.
These sampling methodologies may result in biased results since TRAP levels may be
significantly different at night and on weekends due to changes in meteorology and traffic
patterns (Batterman et al., 2015). UFP concentrations, for example, have been shown to be
higher during morning and afternoon hours than midnight hours (Saha, Li, et al., 2019).
Weekends also tend to have lower TRAP concentrations from reduced vehicle counts. Fourth,

most campaigns have sampled over the course of a few weeks or months (Hoek et al., 2008; Xie



et al., 2017). This is likely to result in biased and imprecise long-term estimates, limiting the

application of these campaigns for long-term exposure studies.

Land Use Regression for Exposure Assessment

Regardless of the method used to collect air pollution samples, epidemiologic studies in
the field most often use land use regression (LUR), the use of geographic covariate
(geocovariate) predictors such as land use and population density in linear regression, to assign
participants a predicted exposure level (Hatzopoulou et al., 2017; Minet et al., 2017;
Weichenthal, Ryswyk, et al., 2016). LUR models have been used to successfully predict the
spatial variability of many TRAPs (including UFPs, BC and NO) in cities throughout the world
(Bellander et al., 2001; Hystad et al., 2012; Kerckhoffs et al., 2016, 2017; Lane et al., 2016;
Minet et al., 2018; Montagne et al., 2015; Patton et al., 2015; Patton, Collins, et al., 2014; Simon
et al., 2018; Xie et al., 2017; C. H. Yu et al., 2016; Zwack et al., 2011). Advantages of LUR
models include their ability to capture the variation of air pollutants at fine spatial scales, and the
ability to easily build these given a set of geocovariates (Hystad et al., 2012; Jerrett et al., 2005;
Lindhjem et al., 2012; Patton et al., 2017; Sharma et al., 2004).

Various studies have used pollutant emission estimates from models such as the US
EPA’s Motor Vehicle Emissions Simulator (MOVES) (Koupal et al., 2011; US EPA, 2018c) as
predictors in LUR models. MOVES is regularly used by regulatory agencies to estimate roadway
emission factors (EF, g/vehicle-mile) for specific years and counties based on important
predictors of vehicle emissions including vehicle type and age, road type and speed, fuel
composition, meteorological conditions and other factors (US EPA, 2017a; WSDOE, 2018).
These emission factors are combined with the number of vehicles on roadways to calculate total
emissions. Validation studies have shown good model accuracy (US EPA, 2012), suggesting that
MOVES may appropriately capture long-term temporal patterns in vehicle emissions when other
local monitoring data are not available.

There are four common approaches have been used to extrapolate exposure surfaces
backwards or forwards in time in order to develop spatiotemporal models (Bellander et al., 2001;
Hystad et al., 2012; S. Y. Kim et al., 2017; Levy et al., 2015; Meng et al., 2019; Molter et al.,
2010b; Montagne et al., 2015; R. Wang et al., 2013). These approaches have been used either on



their own or in combination. The first involves fitting a LUR model with a set of covariate
predictors and afterwards using earlier or later values of a given covariate to extrapolate model
predictions to a different time. An advantage to this approach is that it can account for changing
spatial contrasts over time (e.g., population density may change to different degrees at different
locations over time) such that different sites receive their own local temporal adjustment. This
approach, however, assumes that the same covariate-outcome relationship holds true over time.
For example, that for every additional 1,000 people within a given radius, TRAP levels increase
by X amount. The second approach for extrapolating model predictions over time involves
adjusting model predictions using a global temporal trend adjustment, such that an entire
exposure surface is moved up or down. This approach assumes that the spatial contrasts of an
original exposure surface remain constant over time. Some studies, for example, have applied a
temporal trend to a current exposure knowing that TRAP concentrations have steadily dropped
over time to better estimate what past exposure levels may have been. The third approach for
extrapolating LUR predictions involves fitting separate models for an earlier and a later time,
each with time-relevant independent variables (e.g., TRAP observations for a specific year) and
possibly covariate predictors (e.g., that year’s population density). Independent variables can be
interpolated from the original sampling times, and new, year-specific models can be refit in order
to obtain recalibrated coefficients. Like the first approach, an advantage of this method is that
prediction sites can each receive their own trend adjustment rather than a global adjustment
(approach two). Finally, the fourth approach for extrapolating model predictions involves using
air pollution concentrations for the same site but a different time period as a covariate predictor.
This approach takes advantage of serial correlation. A disadvantage of the latter two approaches
is that air pollution observations are needed for each site from two distinct periods, limiting these

approaches, for example, to studies using long-term regulatory monitoring.
Preliminary Work

Given the critical importance of cognition in an aging population and the need to improve
long-term air pollution exposure assessment in epidemiologic studies, our team has made several
contributions to the field. For one, we are collaborators on the Adult Changes in Thought (ACT)

study, a long-standing, Seattle-based prospective cohort study of aging and the brain. Second, we
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have developed a spatiotemporal model for predicting long-term air pollution levels with high
spatial resolution at exact participant residences (Cohen et al., 2009; Keller et al., 2015;
Lindstrom et al., 2014; Sampson et al., 2011; Szpiro et al., 2010). Finally, we recently completed
an extensive mobile monitoring campaign specifically designed to characterize annual average
TRAP concentrations for epidemiologic application, with a specific focus on the ACT cohort

(Blanco et al., 2019). The remainder of this section further describes these efforts.

The Adult Changes in Thought Study

The ACT Study is Seattle-based prospective cohort study of aging and the brain. ACT
enrolled its first cohort between 1994-1996 from Kaiser Permanente enrollees and since then has
continued to add participants through expansion (2000-2002) and replacement (2004+) cohorts
(Kukull et al., 2002; L. Wang et al., 2006). Over 5,000 participants have enrolled to date, with
roughly 2,000 active participants at risk during any given year. ACT has used the same
methodologies and diagnostic criteria since the inception of the first cohort to identify cases
through in-person visits. Cognitively unimpaired, elderly individuals (65+ years) are enrolled
and assessed every two years for the incidence of dementia. Participants are administered the
Cognitive Abilities Screening Instrument (CASI), which combines common screening tests
including the Mini-Mental State Examination (MMSSE) and the Hasegawa Dementia Rating
Scale to quantitatively assess attention, concentration, orientation, short- and long-term memory,
language abilities and judgement, among other functions (Dublin et al., 2011). Participants with
CASI scores lower than 86/100 or those for whom there is clinical concern trigger a full
dementia diagnosis evaluation that includes a physical and neurological examination with
laboratory testing, imaging and a battery of neuropsychological tests (Teng et al., 2004).
Standard clinical criteria based on the Diagnostic and Statistical Manual of Mental Disorders
(DSM) — 1V are used to diagnose dementia (American Psychiatric Association, 1994; McKhann
et al., 1984). Those who do not meet the criteria for dementia or AD continue to be followed
biennially as dementia-free patients. Those who meet the criteria for dementia or AD are
considered incident cases and tested the following year to verify clinical diagnosis. The final
case status reflects this final annual test (i.e., initial cases can be corrected to be non-cases again).

Cases are given a diagnosis date associated with their last biennial visit and an onset date
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halfway between their last two biennial visits. Cases are no longer followed biennially. ACT

additionally collects other relevant health information from participants such as genetic

susceptibilities and lifestyle factors. To date, ACT has enrolled over 5,500 individuals.

Spatiotemporal Models

Our team has developed various air pollution prediction models that have been

extensively used for predicting long-term air pollution levels at participant residences, including

the ACT cohort (Cohen et al., 2009; Keller et al., 2015; Lindstrom et al., 2014; Sampson et al.,

2011; Szpiro et al., 2010). Models can use regional air quality data, measurements taken at

participant homes, data from “snapshot” campaigns that measure local near-field TRAP

gradients, and hundreds of geocovariates such as indicators of traffic, population density and

land-use (Table 1) (MESA Air, 2019). We have recently developed a highly spatially-resolved,

spatiotemporal NO: exposure prediction model for ACT cohort locations in the spatiotemporal

modeling area (Figure 1).

Table 1. Geocovariates Available from the MESA Air Geodatabase

Covariate Source Years Collected Description
Airports National Emissions | 2000 * meters to airport
Inventory Database * meters to large airport
Coastline TeleAtlas 2000 * meters to coast
Railroads, railyards | TeleAtlas 2000 * meters to railroad
* meters to railyard
Roads TeleAtlas 1990, 2000, 2010 * meters to Al, A2, A3 road
* length of A1, A2, A3 roads
within a buffer (50 m — 5 km)
Intersections TeleAtlas 2010 * meters to <type> intersection

* number <type> intersection

within buffer (500 m — 3 km)
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Population US Census Bureau | 1990, 2000, 2010 * population count within
radius (500 m - 15 km)
Land use, MRL National 2006 *meters to commercial and
commercial land Landcover Dataset services land use
use *land use <type> (e.g.,
commercial, residential, urban,
cropland, mixed forest,
streams, beaches) within radius
(50 m — 15 km)
Ports National Geospatial | 2002 * meters to small, medium,
Intelligence Agency large port
Emission sources National Emissions | 2002 * short and tall stack pollutant
Inventory Database emissions (NOx, SO, PM; s,
PM;o, CO) within radius (3-30
km)
Truck routes Bureau of 2009 * meters to truck route
Transportation * length of truck route within
Statistics radius (50 m — 15 km)
Impervious surface | National Landcover | 2006 * percent of an area covered
Dataset with an impervious surface
(e.g., pavement, concrete)
within radius (50 m — 5 km)
Elevation National Elevation * elevation (m)
Dataset * elevation within radius (1-5
km)
Normalized University of 2006 * NDVI (percentile: 25, 50, 75;
Difference Maryland seasonal: summer, winter)

Vegetation Index

(NDVI)

within a radius (250 m — 10
km)

See MESA Air Data Organization and Operations Procedures document Section 1.11

(geocovariates) and Table 10 for more details (MESA Air, 2019).
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Area
ST model

Figure 1. The spatiotemporal modeling area in the Puget Sound

Mobile Monitoring Campaign

Given that we do not have prediction models for many traffic-related pollutants, we
designed an extensive mobile monitoring campaign to characterize the 2019 annual average
TRAP exposure levels of the ACT cohort (Blanco et al., 2019). The campaign consisted of 309
stop locations off the side of the road, 5 of which were AQS sites (Figure 2). Stop sites in our
monitoring area were visited an average of 27 times, each time for two minutes, between March
2019 — March 2020 (about 280 drive days) between the hours of 5 AM and 12 AM. Our goal was
to sample each site during each season, time of week and time of day, though in the end not all
sites were sampled during each time combination due to the logistical considerations of a mobile

monitoring campaign. Results from a mobile monitoring simulation study using California AQS
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site data indicated that both our planned and realized measurement approaches should have

resulted in unbiased annual averages (Blanco et al., 2021).

| J 1 iy [4 ; 1 !
Figure 2. ACT-AP TRAP Mobile Monitoring stop locations (colored dots) within the monitoring (gray) and

study area (pink).

Our mobile monitoring platform was equipped with high-quality instrumentation that
measured various pollutants, including UFPs and BC, every 1-60 seconds (Table 1 - Table 2).
UFPs were sampled using various instruments including PTRAK 8525 (20-1000 nm particles).
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BC was collected from aethalometers (microAeth MA 200, Aethlabs) collecting measurements at

an 880 nm wavelength (AethLabs, 2018; X. Wang et al., 2016).

Table 2. Air pollutants and other parameters measured using mobile monitoring. Bolded instruments

indicate which were used in this work.

Measurement Limit of Time
Parameter Instrument  Manufacturer
Range Quantification Resolution
Particles?
UFP
10-420nm  NanoScan TSI 102-10% pt/cm® 10 pt/ cm? 60 sec
(13-bin PSD) 3910
10-700nm  DiSCmini Testo 103-10% pt/cm®  500-2,000 1 sec
pt/cm3®
20-1,000 nm PTRAK 8525 TSI 0-5x10° 1 pt/cm? 1 sec
pt/cm?
50-1,000nm PTRAK 8525, TSI 0-5x10° 1 pt/cm? 1 sec
with diffusion pt/cm?
screen
BC microAeth AethLabs 0-1 mg BC/m* 30 ng BC/m3¢ 10 sec
MA200
Light scattering  M903 Radiance 0->1km! 106 m! 10 sec
(PM25) Research
Gases
Aerodyne
NO2 CAPS NO» 0-2,000 ppb 2 ppbv 1 sec
Research, Inc.
SenseAir CO2
0-5,000 ppm
CO2 K-30-FS CO2Meter.com 100 ppmv 1 sec
(vol)
sensor
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CcoO CO Monitor L I 0-200 0.1 1
angan, Inc. - m .1 ppm sec
TI5N g pp pp
Other
Onset UX100- -4-158°F
Temperature HOBO 1 sec
011
Relative Onset UX100-
HOBO 0-95% 1 sec
humidity 011
Positioning &
0-515 m/sec
real-time DG-500 US GlobalSat 25m 1 sec
. speed
tracking

aPSD: particle size distribution; pt: particles
bestimate; detection limit is dependent on particle size

°for a 5 min time base, 150 ml/min flow rate

Study Aims

Our expertise in the field of long-term air pollution exposure assessment and late-life
dementia positions us well to address important gaps in the field. In general, few studies have
investigated long-term TRAP exposure and dementia. Among those that have, most have been
significantly limited by a lack of sufficiently granular spatiotemporal TRAP data to appropriately
characterize TRAP exposure. This body of work addresses these gaps twofold. First, we are one
of the first to use fine-scale, truly long-term NO; exposure to assess the association between
TRAP and dementia incidence. We hypothesized that elevated NO; exposure would be
associated with a greater risk of dementia. Second, we characterize otherwise unavailable, fine-
scale, long-term UFP and BC exposures for the ACT cohort by leveraging observations from our
innovative mobile monitoring campaign and historical TRAP emissions data. The specific aims

of this study are:

Aim 1: Investigate the relationship between individual-level, long-term TRAP exposure, using

NO: as a surrogate, and the incidence of late-life dementia in the ACT cohort.
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Aim 2: Characterize the fine-scale spatial variability of annual-average UFP and BC exposure

levels for the ACT cohort by utilizing mobile monitoring observations.

Aim 3: Characterize the long-term temporal trend of UFP and BC exposure levels for the ACT

cohort by utilizing historical TRAP emission indicators.

Both the incidence of dementia and population exposures to TRAP are predicted to
increase in the near future (Alzheimer’s Association, 2019; Sperling, 2018; Wortmann, 2013).
Given that relatively few studies that have investigated the association between dementia and

long-term TRAP exposure, this work is a significant contribution to the field.
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Aim 1: Long-term NO; exposure and late-life dementia incidence

Methods

Baseline & Outcome Measures

We extracted participant baseline characteristics from ACT study records, including:
birthday, enrollment and end of follow-up dates, APOEe4 gene allele status, gender, race,
educational attainment, smoking status, physical activity habits, ACT cohort (original, expansion
or replacement), vascular health indicators (e.g., atherosclerosis, hypercholesterolemia, diabetes,
hypertension, stroke history), heart disease summary (e.g., myocardial infarction), body mass
index (BMI) and CASI score (adjusted for accuracy using Item Response Theory). Appendix A
Figure 57 shows the directed acyclic graph (DAG) used to guide our models.

We collected the neighborhood-level median household income from 2,000 US Census
tracts based on the longest-lived address at or prior to baseline.

All-cause dementia (our primary outcome) and AD dementia (our secondary outcome)
outcomes were assigned based on the most recent follow-up visit as of September 30, 2018 based
on standard DSM — IV criteria (dementia) and the National Institute of Neurological and
Communicative Disorders and Stroke (NINCDS) (probable or possible AD) (American
Psychiatric Association, 1994; McKhann et al., 1984). Participants were assigned follow-up time
based on their most recent biennial visit. Cases were those who were diagnosed with all-cause
dementia at or shorty after their most recent visit. Non-cases were those without a diagnosis of
all-cause dementia by the most recent visit because they had left the study, died or had not yet
had their next biennial visit. Individuals with only baseline observations were excluded from this

analysis (795/5,546 = 14%).

Residential Histories & Exposure Estimates

We assigned participants space- and time-varying long-term NO- exposure based on our

spatiotemporal air pollution prediction model. This model is similar to our previous work, which
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combines land use regression (LUR) and geostatistical smoothing. The model was built using
observations collected between 1995 and 2019 from ten regulatory monitoring sites (two sites
were used to characterize the long-term trend), low-cost sensors at 112 community and ACT
participant homes (2017-04-15 to 2019-05-25), 110 locations from three, seasonal snapshot
campaigns (2018-04-28 to 2019-03-02) and over 200 other local research sites (1999-2019). The
model used partial least squares (PLS) scores that summarize hundreds of geographic covariate
predictors (e.g., road proximity, truck route length, normalized difference vegetation index
[NDVI], population density within an X-meter radius, land use type, etc.) to three PLS
components, one smoothed time-trend estimated from a singular value decomposition (SVD) of
the regulatory monitoring data with eight degrees of freedom per year, and geostatistical
smoothing for the spatially varying long-term mean and time trend. Summarizing the average of
all measurements at each location, the model had a cross-validated R? and root mean square error
(RMSE) of 0.68 and 3.91 ppb at the ten regulatory monitoring locations and 0.64 and 3.06 ppb at
community and ACT participant homes. Predictions from 1995 were projected back in time to
estimate long-term exposures starting prior to 1995. We assessed the impact of this extrapolation
assumption in sensitivity analyses by restricting our ten-year exposure analyses to 2005 or later.
Of note, these are preliminary predictions that will have minor modifications in the near future.

Person-years within the spatiotemporal modeling region (Figure 1) were included in our
analysis. We calculated time-varying, ten-year average NO exposure estimates from two-week
spatiotemporal model predictions for individuals based on their residential histories. Residential
gaps were imputed in two ways in order to assign individuals exposure estimates at any given
time as long as they lived within the spatiotemporal modeling region. First, since information
about the earliest residential histories varied for different people, a participant’s first available
address was extended back if we otherwise had insufficient residential time to estimate their
long-term exposure. This was typically done for participants who enrolled early on in the study
(~1994) since address histories were available starting in 1989 for most people (6/10 desired
years), though some had histories dating back to the 1970s or earlier. Second, residential gaps
after a first known address were imputed by assuming that individuals moved halfway through
the gap.

We characterized the address imputation quality as being high if the imputation: a) was

based on the first address on record and only extended backwards by a duration equal to or less

20



than the amount of time lived at that location, up to 10 years (e.g., if a person lived at their
earliest recorded residence for five years and we imputed their address another five years back);
or b) a residential gap after a first known address was less than two years. The address
imputation quality was characterized as being low if these criteria were not met (e.g., an address
gap greater than two years was imputed). Exposure estimates with high address imputation

quality were analyzed in a sensitivity analysis.

Descriptive Analyses

In descriptive analyses, we summarized baseline participant characteristics overall as

well as characterized NO; (and PM; 5) exposure predictions by calendar time and participant age.

Survival Analysis

We used Cox proportional hazards regression models to investigate the association
between time-varying, ten-year average NO; exposure and age of late-onset, all-cause dementia.
We stratified the baseline hazard functions in these models by APOEe4 (1+ allele) since carriers
may have a higher hazard of dementia incidence as they age, and adjusted for potential
confounding by gender, baseline SES indicators (education, median Census tract household
income, race) and calendar year. Gender and SES have been shown to be associated with both air
pollution exposure and dementia incidence (L. P. Clark et al., 2014; Gouveia & Fletcher, 2000;
Howell et al., 2017; Matthews et al., 2019; Weuve et al., 2018). Calendar time was included to
adjust for changes that have occurred in both air pollution and dementia incidence over time. For
example, individuals born earlier may have been exposed to higher TRAP concentrations over
their lifetimes and they may have had lower education levels (associated with a higher dementia
incidence). Each variable’s reference category was selected based on the category with the

largest sample size to improve model precision. Our model was:

h(age) = ho(agelAPOE)eﬁlxNoz(age)+ﬁzlgender"'ﬁSIedu+ﬁ4Iincome+lerace+ﬁ6lyear (1.1)

where:
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e h(age) is the hazard of the outcome with age as the time axis.

o hy(age|APOE) is the baseline hazard with age as the time axis and stratified by APOE
status (yes/no).

* Xyo,(age) is the time-varying NO> exposure on the age axis as a continuous variable.
Ten-year individual exposure at any given age is assigned based a range of calendar year
predictions from our spatiotemporal model. Long-term, rolling exposure averages are
calculated every year.

oIg

ender 1S @ binary indicator variable for gender: female (reference), male

e 1,4, 1s a vector of indicator variables for education at baseline: less than high school,
high school or GED (reference), Bachelor’s Degree, Master’s Degree, Doctoral Degree,
Other

o I;.come 18 a vector of indicator variables for Census tract annual income at baseline: [$0 -
$35K], ($35k - 50k], ($50k - $75k] (reference), > $75k

e [, 1s a binary indicator variable for race: white (reference), not white

e I, is a vector of indicator variables for calendar year, binned into 2-year categories

except three years for 2016-2018 (2004 as the reference)

We accounted for delayed entry, right censoring, used the Efron approximation analysis method
to handle any event ties (122 ties), and used robust standard errors in case the model was
misspecified (Kleinbaum & Klein, 2012).

We used inverse probability weighting (IPW) to address possible selection bias since
approximately 12% of participants had missing APOEe4 values. [IPW assumes that observations
are missing at random and works by upweighting observations that are more likely to have a
missing covariate (APOEe4 in this case) and downweighting observations less likely to have a
missing covariate. Since other covariates had small degrees of missingness (each between 0.1%
and 2.1% of the time), we assigned missing covariate values based on each covariate’s mean (for
continuous variables, e.g., CASI) or mode (for categorical variables, e.g., race) prior to
calculating model weights. We calculated participant weights using Lasso logistic regression to
build a model for APOE availability based on the strongest predictors in our data and taking the
inverse. Weights were stabilized to reduce their variability by multiplying them by the
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probability of APOE availability given gender status. The final dataset included IPW weights for

each person and recoding for other missing covariate values.

Sensitivity Analyses

We performed several sensitivity analyses to better understand the robustness of our
results (Table 3). All sensitivity models used the same adjustment covariates as our primary
model (“Model 2”°) and a 10-year exposure window unless otherwise specified. Separate models
were run for all-cause and AD dementia.

We ran reduced and extended models to further adjust for potential confounders and
mediators. A reduced model (Model 1) stratified by APOEe4 status and included time-varying
NO:> exposure but did not adjust for any additional covariates found in our primary model
(Model 2). An extended model (Model 3a) built on our primary model and further adjusted for
potential confounding by smoking status (never, former or current) and regular exercise activity
(at least 15 minutes 3 times per week). A second extended model (Model 3b) built on Model 3a
by further adjusting for ACT cohort (original, expansion or replacement). An extended and
mediation model (Model 4) built on model 3a and further adjusted for potential mediating factors
including baseline: vascular health indicators (past occurrence of stroke, transient ischemic
attack or carotid endarterectomy), heart disease indicators (myocardial infarction, angina,
coronary artery bypass grafting or angioplasty). Extended models (Models 3-4) used baseline
covariate values (e.g., vascular health) since adjusting for these as time-varying covariates could
dampen the observed NO; effect given that some of these may have also been along the causal
pathway. These models thus assume that these covariates are constant over time. A co-pollutant
model (Model 5) based on our primary model additionally adjusted for potential confounding by
time-varying PMa s exposure. A model stratified by all of the confounders in our primary model
other than calendar time (which resulted in small strata combination bins of size one) to ensure
that potential confounders were sufficiently controlled for (M6). Appendix A Figure 63 shows
cumulative hazard curves for each covariate in this model. See Table 3 for additional details.

We looked at the impact of adjusting for time differently through various models. First,
we ran a model using onset age (halfway between the last two study visits for cases and the last

visit for non-cases) rather than diagnosis age (last study visit for both cases and non-cases) as the
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event time, since this was similar what past ACT studies had done (Kukull et al., 2002). This
may introduce some bias, however, since follow-up time for non-cases is about one year longer
than cases. We also ran other models that adjusted for time differently by: 1) adjusting for 2- and
5-year birth cohort bins instead of 2-year calendar time, and 2) using calendar year as the time
axis while with adjustment for 2-year birth cohort.

We ran restricted analyses that investigated the impact of exposure assessment quality.
One model was restricted to 2005 and later when spatiotemporal model predictions were not
extrapolated back based on the 1995 surface. Two models only included person-time that we
believed had the best residential address quality and consequently good exposure predictions.
The “highest” address quality analysis was restricted to person-time without any address
imputation and with an exact address at least 80% of the time. The “high” address quality
analysis was less restricted by also including person-time with a high-quality imputation (e.g.,
residential gaps less than 2 years). Finally, a model assessed 10-year NO> exposure as a fixed
baseline rather than a time-varying covariate, as has been commonly done in the literature. This
analysis was thus at the person, rather than person-year level.

We ran a model not using IPW to better understand how much our results could have
been impacted by APOEe€4 missingness.

Finally, we used NO; exposure predictions from models built by the Center for Air,
Climate, & Energy Solutions (CACES) to verify the sensitivity our results given our exposure
model (S.-Y. Kim et al., 2020). Annual CACES models were fit using data from all U.S.
regulatory monitoring sites with available data between 1979-2015. The start date of the 1979
model was extended back to 1978-02-01 to match the time period of the PM: 5 spatiotemporal
model, while the end date was extended to 2019-04-02. Annual average universal kriging models
were built using PLS to summarize roughly 350 geographic predictors (from the MESA Air
geodatabase). We used predictions made at two location types within Washington State: a) the
census blocks of cohort locations, and b) exact cohort locations. A small degree of missingness
resulted at locations in blocks that had only recently been populated (only blocks with subjects as
of ~2017 had predictions) and from the fact that the formaldehyde covariate was missing for

some locations. Missingness from these models is further discussed in the results and discussion.
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Table 3. Sensitivity Analyses

Sensitivity Analysis

Description

Rationale

Reduced and extended

models?

Run the following models:

M1 (reduced):
Age (time axis), NO; (time-varying)
+ stratified(APOEe4)

M2 (primary):
M1 + gender + education + median
household income + race + calendar

time

M3a (extended confounding
adjustment 1):

M2 + smoking + physical activity

M3b (extended confounding
adjustment 2):
M3a + ACT cohort

M4 (extended and mediation 1):
M3a + vascular health + heart disease

+ BMI

MS5 (co-pollutants):
M2 + PM2 5 (time-varying)

M6 (more stratification):

M1: Stratifies by APOEe4 since
APOE¢€4 carriers may have different
hazards of dementia incidence as they
age. Does not adjust for potential

confounding.

M2: includes important potential

confounders

M3, M5 and M6: further adjust for

potential confounding

M3b: The Expansion cohort was
originally intended to have greater
demographic variability than the
Original cohort, though the resulting
cohorts were in the end similar. I thus
do not expect to see a significant
impact by ACT cohort. If differences
had been observed, however, these
could have been associated with both

exposure and outcome.

M4: adjusts non-direct effects of NO:
on dementia onset (Ahlskog et al.,
2011; HealthLine, 2016; Kivimaki et
al., 2018; Lee et al., 2014)
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M1 + stratified(gender) +
stratified(education) +
stratified(median household income)

+ stratified(race) + calendar time

M35 adjusts for correlated pollutants;

this is important for valid inferences

M6 stratifies by all of the
confounders in our primary model
except for calendar time to ensure
that potential confounders were
sufficiently controlled for while
ensuring that stratification bins have

more than one person-year.

Dementia onset age

Uses age at dementia onset rather

than age at dementia diagnosis

A dementia diagnosis occurs during
the last biennial visit while an onset
date is assigned as being halfway

between the last two biennial visits

This is the analysis followed by other
ACT studies (Kukull et al., 2002),
though it may introduce some bias
since the follow-up time for controls
is defined at their last study visit and

thus is slightly longer by about a year

Calendar year time axis

Model used calendar year as the time
axis instead of age and adjusted for 2-

year birth cohort.

Verify that model results are similar
since both adjustments should ensure
that we are comparing people who
are of similar age during the same

time period.

Birth cohort adjustment

Model adjusted for 2- or 5-year birth
cohort bins instead of 2-year calendar

time

Verify that model results are similar
since both adjustments should ensure
that we are comparing people who
are the same age during the same

general time period

No exposure model

extrapolation (2005+)

A 10-year exposure analysis that
begins in 2005 since the

spatiotemporal model begins in 1995

Investigate whether results change
when the model is extrapolated back
prior to 1995 under a fixed exposure

surface assumption
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“Highest” address quality

Analysis was restricted to person-
time without any address imputation
(e.g., no address gaps or a gap with
the same address before and after)
and with an exact address (vs. a
geocoded block-level address) at least

80% of the time

These individuals may have the most

accurate exposure estimates

“High” address quality

Analysis was restricted to person-
time with a high quality imputation
(e.g., residential gaps less than 2
years) and an exact address at least

80% of the time

These individuals may have more
accurate exposure estimates than

those not included in this analysis

Fixed exposure at study

entry

Uses fixed exposure at study entry
rather than time-varying exposure.
This is a person- rather than a person-
year -level analysis. Since we are
adjusting for exposure year (calendar
time), models will compare those

entering the cohort at similar times.

Similar to studies that assign a fixed

exposure at baseline.

No IPW

Does not reweigh observations to
adjust for missingness in the APOEe4

covariate

Investigate how not accounting for a
large degree of missing data may
result in biased estimates, as is the
case if data are not missing

completely at random

CACES exposure model
(S.-Y. Kim et al., 2020)

Use NO> exposure predictions form
the CACES model at the residence
level (similar to our primary analysis)

and at the Census block level.

Check whether our results are similar
when using a different exposure
model, and at a cruder spatial

resolution

2All model covariates are baseline values unless otherwise stated (i.e., only NO; and PM> 5 are

time-varying)
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Secondary Analyses

In secondary analyses, we investigated: a) different exposure time windows ranging from
1-20 years, including some lagged exposure windows, b) effect modification by APOE status,
gender or race (white vs non-white), and c¢) road proximity exposure rather than predicted NO>
exposure.

We used different exposure windows since the optimal exposure window for dementia
progression is unknown, though it is hypothesized to be quite long (e.g., 10-20 years). Shorter
exposure time windows reflected the common practice in the field of using short exposure
windows as surrogates of long-term exposure.

A model based on our primary model further adjusted for effect modification by APOEe4
status since carriers may have a higher hazard of dementia for any given exposure level as they
age. The purpose of this analysis was to determine whether the exposure risks are different for
APOE¢€4 carriers and non-carriers. Similarly, we were interested in seeing if the risk of dementia
was different for different genders or races.

We investigated time-varying major road proximity because we believed that this could
be a better surrogate for overall TRAP, which is a complex mixture of both gases and particles,
than NO; alone. Treating this as a time-varying analysis allowed us to incorporate multiple
addresses (movers) rather than assuming that all individuals resided at the same baseline address
the entire exposure period of interest. We censored road distances for each participant address so
that the maximum was 500 m since any locations beyond this were expected to be similarly
impacted by road emissions. We calculated a new major road proximity estimate for each
participant-year based on that participant’s residential history during the past ten years by
calculating the geometric mean distance to an A1, A2 and A3 roads, as defined by Census
Feature Class Codes (CFCC) (US Census Bureau, 2018). The purpose of calculating average ten-
year distance in this manner was to incorporate address histories while reducing the influence of
very large distances on the average. We categorized average road proximity over a ten-year
period as being near a major road if it was on average < 300 m from a primary highway with
limited access (A1 road) or < 50 m from a primary roads without limited access (A2 or A3 road),
midway to a major road if it was > 300 m from an A1l road and within 51-150 m from an A2 or

A3, and away from a major road otherwise (= 300 m from an Al and > 150 m from an A2 or A3;
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Table 4). We conducted a separate analysis investigating the impact on dementia of spending 10
years living “near” versus “far” from a major road. Others have also modeled major roadway
proximity using similar approaches (Chen, Kwong, Copes, Tu, et al., 2017; Gan et al., 2010; E.
H. Wilker et al., 2015; Elissa H Wilker et al., 2014; Yuchi et al., 2020).

Table 4. Definition of time lived near (A-D), midway (E) or far (F) from a major road (A1-A3) within the

past 10 yrs, as detailed in the methods.

A2 or A3 Al

<300 m >300 m

<=50m A D
51-150 m B E
>150 m C F

Finally, we conducted some competing risk analyses to address whether loss to follow-up
was associated with a higher risk of death prior to a dementia diagnosis. The Cox proportional
hazards model assumes independent censoring, such that losses to follow up are independent of
the outcome. However, this assumption may be violated if, for example, higher air pollution
levels are associated with a higher risk of death prior to dementia. Air pollution in this instance
may appear to be protective of dementia. This may be particularly concerning in an aging
population where death is not a rare event (Waller et al., 2020).

Various approaches have been taken to address competing risks (Waller et al., 2020). We
took a common approach, which includes building cause-specific Cox models for the potential
competing risk to determine whether the exposure interest (e.g., TRAP) is associated with the
competing risk of interest (e.g., death prior to dementia). Given the interval censoring design of
this study, we considered cases to be those who had died within two years of their last biennial
visit dementia-free. All other individuals (dementia cases, and non-dementia cases that did not
die within two years of their last biennial visit) were non-cases. We used age as the time axis (as
in our primary analysis) and age at the last biennial study visit as the follow-up time. Of note, the

assigned age at death in this analysis was slightly lower than the official age at death to allow for
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identical definitions of events and non-events, and since exposure assessment was only available
for a participant up until their last study visit. This approach thus added a small degree of
measurement error, though it is similar to that seen in the diagnosis age for cases given the
interval censoring in this study (i.e., in the primary analysis, cases were given a diagnosis at last
study visit rather than halfway between the last two visits). Models included the adjustment
covariates described for the primary analysis (M2), a co-pollutant analysis (M5) and an analysis

with additional stratification beyond APOEe4 (M6).

Results

Descriptive Analyses

The ACT cohort consisted of 5,546 people who were followed between 1994 and 2018.
After dropping 795 individuals (14%) who only having baseline observations and 6 (0.1%)
individuals who were either outside of the spatiotemporal modeling region or had missing
address histories altogether, 4,745 (86%) people remained. The final dataset used in the primary
analysis included 4,165 individuals since the APOEe4 was missing for about 12.2% of
individuals. The following results are for the primary analysis unless otherwise specified.

Table 5 describes overall baseline participant characteristics for all individuals in the
“follow-up” cohort (those with observations past baseline and a valid address within the
spatiotemporal modeling region at least some of the time) and those included in the primary
analysis. Participant characteristics were similar for both the follow-up and primary analysis
cohort. Overall, those in the primary analysis enrolled in the study at a median (interquartile
range [IQR]) age of 73 (9) and were followed for an average (standard deviation [SD]) of 10 (6)
years. About 27% and 22% of the participants developed all-cause (1,141) or AD (924)
dementia. More than half of participants were female (58%), most where white (90%). Most
participants had a high school or bachelor’s degree (62%) and lived in an area where the median
2,000 Census Tract annual income ranged from $35,000-$75,000. About half of participants had
never smoked (48%), while the other half had been former smokers (47%). Most reported
exercising regularly (at least 15 minutes three times a week, 73%). Most were overweight, 40%

had hypertension and 17% had heart disease. Over one quarter (26%) were APOEe4 carriers.
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Half (51%) of participants were enrolled in the original ACT cohort, while the rest entered
during the Expansion or Replacement phases. The stabilized weights from IPW calculated for

our Cox models had a mean (SD) of 1.0 (0.09) and ranged from 0.88-1.68.

Table 5. ACT cohort characteristics by all-cause dementia diagnosis for individuals in the entire cohort

and those included in the primary analysis (complete variable analysis with IPW).

Follow-Up Cohort* Cohort in Primary Analysis”

Participants (n, %) 4745 (100%) 4165 (88%)

Person-years (n, %) 45898 41331
Entry age, years (median, IQR) 73 (9) 73 (9)
Follow-up years (mean, SD) 10 (5) 10 (6)
10yr Avg Exposure at Entry, ppb (mean, SD) 16 (3) 16 (3)
Dementia Cases (n, %) 1266 (27%) 1137 (27%)
Alzheimer's Disease Cases (n, %) 1020 (22%) 920 (22%)
Birth Cohort (n, %)
1909 or earlier 177 (4%) 162 (4%)
1910-1914 351 (7%) 325 (8%)
1915-1919 703 (15%) 626 (15%)
1920-1924 964 (20%) 889 (21%)
1925-1929 893 (19%) 789 (19%)
1930-1934 490 (10%) 425 (10%)
1935 or later 1164 (25%) 947 (23%)
Female (n, %) 2781 (59%) 2417 (58%)
White Race (n, %) 4245 (90%) 3762 (90%)
Education (n, %)
Less than High School 404 (9%) 345 (8%)
High School or GED 1822 (38%) 1622 (39%)
Bachelor's Degree 1086 (23%) 965 (23%)
Master's Degree 717 (15%) 613 (15%)
Doctorate Degree 281 (6%) 244 (6%)
Other 432 (9%) 374 (9%)
Census Tract Income (n, %)
< $35k 437 (9%) 383 (9%)
$35-50k 1474 (31%) 1289 (31%)
$50-75k 2311 (49%) 2039 (49%)
> §75k 520 (11%) 452 (11%)
Smoker (n, %)
Never 2316 (49%) 2017 (48%)
Former 2197 (46%) 1947 (47%)
Current 229 (5%) 199 (5%)
Regular exercise (n, %) 3417 (72%) 3018 (72%)
BMI (n, %)
Underweight 41 (1%) 34 (1%)
Normal 1499 (32%) 1304 (31%)
Overweight 1988 (42%) 1763 (42%)
Obese 1214 (26%) 1062 (26%)

31



Vascular Health (n, %)

Hypertension 1946 (41%) 1680 (40%)

Diabetes 508 (11%) 434 (10%)

Cardiovascular Disease 420 (9%) 360 (9%)
Heart Disease 786 (17%) 690 (17%)
APOE carrier (n, %) 1103 (26%) 1102 (26%)
Baseline CASI (mean, SD) 0.34 (0.7) 0.35(0.7)
ACT Cohort (n, %)

Original 2324 (49%) 2132 (51%)

Expansion 741 (16%) 651 (16%)

Replacement 1677 (35%) 1380 (33%)
IPW Weight, (mean, SD) 1.01 (0.09) 1.00 (0.09)

%this group includes individuals with follow-up times post baseline and with a valid address

within the spatiotemporal modeling region at least some of the time.
bthis group includes with APOE availability

On average, ten-year exposure windows had NO; predictions from the spatiotemporal
model about 99% of the time (99% and 98% for the CACES model at block- and residential-
level, respectively), exact addresses (the highest quality) about 97% of the time, and imputed
addresses about 9% of the time. About 95% of ten-year exposure windows had either no address
imputation or imputation of the highest quality. About 38% of participants lived in one location
during their study enrollment.

Annual NO; exposure predictions for the entire study period had median (IQR)
concentration 14 (5) ppb and ranged from 3-42 ppb (Figure 3, Appendix A Table 17).
Concentrations varied within each year (based on participant location) and generally decreased
over time. The average SD and IQR for 10-year NO; exposure predictions for any given two-

year period (within calendar bin exposure variability) was 2.9 ppb and 3.1 ppb, respectively.
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Figure 3. Annual NO; exposure predictions for person-years in the primary analysis

Starting in 2005, 1- and 10- year average exposure predictions from the spatiotemporal
model were generally higher and more right skewed (had more extreme observations) than those
from the CACES model (Appendix A Figure 58 - Figure 59). Prior to 2005, spatiotemporal
model predictions were generally lower than the CACES model since we projected 1995
predictions back in time and earlier years with higher concentrations were missing from the
model. The annual IRQs were similar for all the models.

Figure 4 shows ten-year NO; exposure by participant age and calendar year for person-
years in the primary analysis (the spatiotemporal model). Each point represents a person-year,
such that participants generally have multiple points. Within a calendar year, exposure typically
remains the same for different ages. As participants age, they move to later calendar year bins

where concentrations are typically lower starting around 2005 but remain similar for earlier
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periods since the same 1995 exposure surface was used as a surrogate for earlier time periods.

See Appendix A Figure 60 - Figure 61 for comparable PM; s plots.
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Figure 4. Ten-year average NO exposure predictions by participant age and birth cohort

Survival Analyses

Our primary analyses indicated that for every additional 5 ppb increase in 10-year
average NO; exposure, the hazard of all-cause and AD dementia is estimated to be 1% (HR:
1.01, 95% CI: 0.91, 1.11) and 2% (HR: 1.02, 95% CI: 0.91, 1.13) greater, respectively, after
adjusting for APOEe4 status, gender, SES indicators (race, median neighborhood-level income
and educational attainment) and calendar year (Figure 5, Appendix A Table 18). Both of these
effects, however, were consistent with both positive and negative findings.

Our sensitivity and secondary analyses for all-cause and AD dementia were in line with
these results with some variations (Figure 5 - Figure 6, Appendix A Table 18 - Table 19). In
particular, the PM> 5 co-pollutant models (M5) produced slightly lower estimates, while the
analysis restricting to 2005 and later resulted in wider confidence intervals. Analyses using the

CACES exposure model produced wider confidence intervals. NO> interaction with APOE,
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gender or race in both the all-cause dementia and AD models was uncertain (APOE interaction
p-value: 0.42 for all-cause dementia, 0.27 for AD; gender interaction p-value: 0.06 for all-cause,
0.07 for AD; race interaction p-value: 0.75 for all-cause dementia, 0.63 for AD). The HR
confidence interval comparing participants living midway versus far from a major road was very

wide, likely due to few participants residing in the midway category.
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Figure 5. NO; (5 ppb) hazard ratios for all-cause dementia and AD from primary and sensitivity analyses
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Figure 6. NO; (5 ppb) hazard ratios for all-cause dementia and AD from secondary analyses

Figure 7 and Appendix Table 20 show the results from our competing risks analyses
looking at the association between 10-year NO> exposure and death before all-cause dementia or

AD as a competing risk. As a reminder, cases were those who left the study without a dementia
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diagnosis and died within two years after their last follow-up. NO; hazard ratios for death before

all-cause and AD dementia were compatible with both positive and negative effects.
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Figure 7. Competing risk analyses using cause-specific Cox proportional hazard models. Figure shows

hazard ratios for death before dementia or AD for a 5 ppb increase in NO; exposure.

Discussion

Novelty

This study was one of the first to investigate the association between truly long-term
TRAP exposure and late-life dementia incidence in the ACT cohort, a community-based,
prospective cohort study. We used a spatiotemporal model that leveraged regulatory and
supplemental monitoring data in the Puget Sound and excellent residential history records to
assess ten-year, time-varying NOz exposure. This type of assessment is particularly relevant for
dementia, which progresses slowly, and has been a notable limitation in the field (Power et al.,
2016). Furthermore, we assessed outcome based on regular, in-person visits using consistent
protocols over time. Most other studies have relied medical records, which have a limited ability
to capture cases (National Institute of Aging, 2014; Power et al., 2016; Wu et al., 2016). Our

extensive collection of participant covariates such as APOEe4 status, comorbidities, SES
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indicators and lifestyle factors allowed us to control for potential confounding more thoroughly
than what some other studies have been able to achieve. Finally, we conducted an extensive set
of sensitivity and secondary analyses to test many of our assumptions related to confounding,
proper temporal adjustment, exposure assessment quality and duration, interaction terms and
more. Among these was an analysis of major road proximity exposure, which, to the best of our
knowledge, is one of the first to investigate this as a time-varying exposure by incorporating
participant residential histories. Furthermore, we conducted an analysis looking at death as a
competing risk. Few other air pollution studies have reported conducting this analysis, despite
death being a particularly relevant concern in studies of with older participants (Waller et al.,

2020).

Cohort Characteristics

The demographic composition of the ACT cohort generally reflects the composition of
the greater Seattle area, and is thus generalizable (Kukull et al., 2002). The cohort is comprised
of both men and women, most of whom were former or never smokers, overweight and with
some comorbidities. In accordance with the area, however, most are also white, well-educated,
live in middle-income neighborhoods and report exercising regularly. About one quarter of
participants developed late-life, dementia, with most of these cases being attributed to AD (81%:
920 AD/1,137 all-cause). Generally, females, those with lower education levels and APOEe4
carriers were more likely to develop dementia. These characteristics are in accordance with what
others have found (Alzheimer’s Association, 2019; Chéne et al., 2015). Most cases were in the
original ACT cohort because this earlier study enrollment is associated with longer participant
follow-up times. As expected, the risk of dementia incidence increased with age (Appendix A

Figure 62).

Long-Term NO; Exposure

Almost all of the participant address histories were of exact quality (the highest quality;
rather than at the zip code level, for example), and few had residential gaps, giving us confidence
that the prediction locations were of high quality throughout our study period. This was made

possible to us through various address data sources including Kaiser Permanente billing records,
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which ensured that many participants had address histories dating back to 1989 with some
having histories dating back to the 1970s or earlier. This is a particular strength of this study
since our records indicated that most people moved at least once during the exposure periods of
interest, with some moving as many as 17 times. Most other studies, on the other hand, have
used fixed exposure at a single residence, typically at baseline.

As expected, 10-year NO; predictions varied across location within any given year and
generally decreased over time starting in the early 2000s. One thing to note is that we
extrapolated the 1995 exposure surface back in time in order to include participants enrolled in
the ACT cohort prior to 2005. Concentrations trends were thus more constant prior to 2005. This
approach assumes that the shape (rank order) of the exposure surface was the same prior to 1995.
Our additional analyses for Aim 3 indicated that this assumption may be reasonable since, at
least for of PM> 5, exposure surfaces change but remain similar over time (Appendix C).
Furthermore, this extrapolation should not have had a significant impact on our results since our
models adjusted for time. Calendar time is an important potential confounder given the ACT
cohort’s long duration of over 25 years (during which many new participants have been
enrolled), the generally decreasing trends in air pollution over time, and the potential for
dementia incidence trends to have changed over time. This has been a less important
consideration in other studies because typically a single (closed) cohort is enrolled at baseline
and exposure is fixed to a single time period. Our calendar time-adjustment should thus make our
open cohort more comparable to past studies.

Given our maximum predicted annual average concentration of around 39 ppb for earlier
years (1994-2000) and 23 ppb for more recent years (2012-2018), our predicted exposure
estimates can be generally considered low and are below the current annual average National
Ambient Air Quality Standards (NAAQS) for NO> of 53 ppb (US EPA, 2018e¢). These NO»
concentrations were similar to those reported by Beelen et al. (2010) for 36 European areas
between 2008-2011 of 7-42 ppb (Rob Beelen et al., 2013). Similarly, Larkin et al. (2017)
predicted global and North American annual average NO> concentrations from ground monitors
between 2011-2013 of around 11 ppb (Larkin et al., 2017). These reported concentrations are
slightly lower than what we observed, though this is likely a result of the low concentrations

observed outside of large metropolitan areas.
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Moreover, the average NO; concentrations used in this study were similar to other
epidemiologic studies of TRAP and dementia incidence in Sweden (~9 ppb) (Oudin et al., 2016),
London (~19 ppb) (Carey et al., 2018) and Canada (~15 and 31 ppb) (Chen, Kwong, Copes,
Hystad, et al., 2017; Chen, Kwong, Copes, Tu, et al., 2017; Yuchi et al., 2020).

Primary, Sensitivity and Secondary Analyses

We did not find any evidence of an effect of long-term NO; exposure on late-life
dementia incidence. Our sensitivity and secondary analyses were compatible with these results.
The slightly lower hazard ratio point estimate from our extended and mediation (M4) model
suggest that our primary model may have had a minor degree of confounding and/or that some of
the estimated NO; effect may have come from cardiovascular health indicators. Similarly, PM2 s
may have been responsible for part of the estimated NO> effect, as suggested by the slightly
lower NO; hazard ratio in the co-pollutant model (M5).The fact that all of our alternative time
adjustment (“time variant”) models (i.e., adjusting for birth cohort instead of calendar year; using
calendar year as the time axis; using onset age rather than diagnosis age) produced similar HRs
to those of our primary analysis reassures us that adjusting for time differently, as has been done
in the literature, would not have changed our results. Conservative analyses only looking at high
exposure quality data showed similar results. This makes sense since most of the data were of
high address quality. Additional sensitivity analyses suggest that extrapolating our exposure
model prior to 1995 was not unreasonable. The wider confidence intervals for the 2005+ only
models were likely a result of a smaller sample size. It makes sense that the model without [PW
resulted in similar findings since the participants included in these analyses (with APOE
availability) were similar to those in the follow-up cohort (which included APOE missingness),
as indicated by the tight model weight estimates near 1.0. A possible explanation for the wider
HR confidence intervals resulting from using the CACES exposure models could be due to the
reduced variability of these models when compared to the spatiotemporal model. The CACES
model relies solely on regulatory monitors, while the spatiotemporal model incorporates
additional data from supplementary monitoring campaigns including participant homes and high-
concentration areas such as near roads. This feature makes common exposure models such as the

CACES less capable of detecting small effect sizes from quickly decaying traffic pollutants.
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Given that residence- and Census block- level predictions were very similar, this suggests that
the exact prediction location may not matter. Increased exposure misclassification may be more
evident and problematic, however, in models with higher spatial resolutions or when exposure is
assessed at cruder spatial resolutions such as Census Tracts rather than blocks.

While some work indicates that dementias progress slowly and may have long exposure
periods of interest, we did not learn anything new from using shorter or longer exposure periods.
We can’t know, however, whether different exposure windows would have resulted in
meaningfully different results had we seen a clearer effect in our primary analyses.

It was unclear from our data whether APOEe4 status, gender or race modified the
association between NO: exposure and dementia incidence. It’s possible that these variables do
not act as effect modifiers in this population, though our results were unclear, and they could still
be confounders or precision variables given that they are associated with dementia. The fact that
males had a slightly higher HR than females despite generally being less likely to develop
dementia suggest that changes in TRAP exposure could impact dementia incidence in males
more so than females, although this effect size remains uncertain. Furthermore, these additional
subgroup analyses should be interpreted with caution since most of these were post hoc.

Though the results of our major road proximity analyses were uncertain, they were in line
with our primary analyses of NO» exposure. This suggests that it may be appropriate for studies
aiming to investigate overall TRAP to use these more easily obtainable road proximity covariates
rather than building a spatiotemporal model, which requires a substantial amount of work.
Furthermore, road proximity serves as a more complete surrogate of overall TRAP exposure,
something our primary and even PM 5 co-pollutant models fall short of. As a whole, these
results indicate that it may not be overall TRAP or NO: specifically that puts individuals at an
increased risk of developing dementia, though other pollutants cannot be ruled out. This is
supported by the attenuated HR estimates in our PMz 5 co-pollutant models and by a parallel
survival analysis investigating PM2 s exposure and dementia incidence in the ACT cohort. This
study found a positive HR for every additional 1 pg/m? increase in PMys of 1.16 (95% CI: 1.03,
1.31) (Shaffer et al., 2021). These findings are also in line with others in the field, including a
recent meta-analysis of cohort studies investigating PM» s exposure and dementia, which
reported a pooled relative risk per 5 pg/m? of 1.08 (95% CI: 1.03, 1.13) (X. Yu et al., 2020).

Furthermore, it’s possible that late-life cognition may be more strongly impacted by other, less-
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commonly studied traffic pollutants such as UFPs. There is some evidence that UFPs may
impact cognitive function more so than other pollutants, though much of this work has so far
been limited to short-term exposure and animal studies (US EPA, 2019¢). Analyses of UFP
exposure may be particularly relevant for the ACT cohort given its setting near the Seattle-
Tacoma International (Sea-Tac) Airport, which has been linked to increased UFP levels, even
when compared to other related pollutants like BC (Austin et al., 2019).

We did not find evidence in our data that death was a competing risk in the NO»-
dementia relationship (a violation of the Cox model assumption of independent censoring). NO»
hazard ratios for death before all-cause and AD dementia were consistent with both positive and
negative effects. As a reminder, the rationale for conducting this analysis was that if higher
TRAP exposures were causing people to leave the study due to death before dementia, those that
remained in the study would be more likely to have lower exposures, and they would also have
the opportunity to develop dementia. In turn, higher TRAP exposures could appear to be

protective of dementia.

Other Epidemiologic Studies

A recent meta-analysis of longitudinal cohort studies investigating NO2, NOx and
dementia incidence by Yu et al. (2020) reported similar findings consistent with both positive
and negative effects. Authors reported a pooled relative ratio (RR) of 1.02 (95% CI: 0.99, 1.04)
for a 5 ppb increase in NO2 or NOX, as calculated from a random effect model that used the
inverse variance and the number of participants to weight the study-specific log RRs (X. Yu et
al., 2020). These results were initially surprising given that many individual studies have
reported hazard ratios that are mostly consistent with positive effects ranging from 0.97-1.20 for
a 5 ppb increase in NO; or NOx, even in lower-concentration areas comparable to the Puget
Sound (Peters et al., 2019; X. Yu et al., 2020). This perceived positive effect reported by
individual studies may be due to publication bias, which occurs when results that are positive and
consistent with what is expected are more likely to be published (Song et al., 2013). The
following paragraphs detail these studies, highlighting some of the differences in exposure and
outcome assessment when compared to this study. Primarily, these involve using medical records

to assess outcome rather than regular follow-up visits, and assessing exposure at baseline, based
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on short-term measurements and/or crude spatial resolution models. Figure 8 and Appendix
Table 21 further summarize and compare the findings of these studies. We converted mass
concentration (ug/m*) HRs to volume mixing ratio (ppbv) HRs using a 1.88 pg/m? per 1 ppb
conversion factor, which assumes standard atmospheric conditions (I ATM pressure, 25°C) and
a molecular weight for NO> (Martine et al., 2011; X. Yu et al., 2020).

Oudin et al. (2016) investigated the association between annual average NOx exposure at
baseline and dementia incidence in the Betula study, a population-based cohort of 1,806 Swedish
residents 55+ years of age (Oudin et al., 2016). The cohort started in 1988 and is assessed every
5 years. Additional participants were added during the second follow-up period (1993-1995).
NOx exposure was assigned based on residential address between 1993-1995 from a LUR model
fit using 2009-2010 data (median ~ 9 ppb). The authors reported a HR (95% CI) for dementia
incidence of 1.05 (0.98, 1.12) for every 10 ug/m? increase in NOx.

Carey et al. (2018) investigated NO» exposure and dementia incidence from a
retrospective cohort study using the primary care data of 130,978 adults ages 50-79 from 75
practices in the Greater London area (Carey et al., 2018). Subjects were followed between 2005-
2013 for an average of 6.9 years, and NO; exposure was assigned at the postcode level based on
a 2004 dispersion model. Authors reported an increased risk of dementia of 1.16 (1.05, 1.28) for
every 7.5 ug/m? increase in NO, exposure.

Chen et al. (2017) looked at NO; exposure and dementia incidence from a population-
based cohort study using the health care data of 2,165,268 Ontario adults ages 55-85 (Chen,
Kwong, Copes, Tu, et al., 2017). Dementia-free subjects from this Ontario Population Health and
Environment Cohort (ONPHEC) were enrolled April 1, 2001 and followed through 2012. As a
sensitivity analysis, authors assessed NOz exposure at baseline from LUR-satellite models for the
years 1998-2001. Authors reported an increased risk of dementia of 1.07 (1.06, 1.08) for every
11.3 ppb increase in NO;. In a similar study using ONPHEC, Chen et al. (2017) once again
looked at NO» exposure and dementia incidence, this time using the health care data of about
2,066,639 Ontario adults ages 55+ who were followed through 2013 (Chen, Kwong, Copes,
Hystad, et al., 2017). Annual exposure predictions were assigned at the postal code level between
1994-2013. The final analysis used a time-varying NO> exposure defined as a 5-year moving
average with a 2-year lag. Authors reported an increased risk of dementia of about 1.10 (1.08,

1.12) for every 14.2 ppb increase in NO».
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Cerza et al. (2019) looked at air pollution exposure and primary or secondary
hospitalizations for dementia in 21,548 older residents (ages 65-100) living in Rome, Italy.
Those who completed a 2001 population census were enrolled and followed through either a
dementia hospitalization, the year 2013, 100 years of age, death or migration, whichever came
first. Exposure was assessed based on residential address at baseline (~2001) using NO»
measurements from 40 sites during three two-week periods in 2010 (nine years later, near the
end of the study period). Authors reported a decreased risk of dementia hospitalizations for every
additional 10 pg/m? of NO,, though the observed risk reduction was only about 3% (HR: 0.97,
95% CI: 0.96-0.99), after adjusting for sex, age, education, birthplace, marital status and census
block SES.

Ilango et al. (2019) looked at the role of cardiovascular disease (CVD) in the relationship
between air pollution and dementia among 34,391 older adult residents of Ontario, Canada.
Participants were those who had completed Canadian Community Health Surveys between 1996-
2003. Exposure was assessed at the 1 km? resolution from exposure models of annual average
concentrations for any given three-year period prior to the completion of a health survey (e.g.,
~1996). This was followed by a CVD (e.g., 1996-2001) and a dementia (e.g., 2001-2013) follow-
up period. Authors reported an association between NO- (5 ppb) and dementia incidence that
was compatible with mostly positive but some negative effects (HR: 1.10, 95% CI: 0.99, 1.19),
with about 9% of the effect of NO2 on dementia being mediated through CVD.
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Figure 8. Estimated dementia HRs for a 5 ppb increase in NO, or NOx from different studies, including this
one. Some hazard ratios were converted to volume concentrations (ppb) from mass concentrations
(ug/m3) assuming a 1.88 ug/m? per 1 ppb conversion factor. Oudin et al.’s 2016 HR is for NOx. The HRs

for all other studies are for NO..

Strengths of this Study

Looking at what point estimates fall within the range of our 95% confidence intervals,
our results are consistent with other individual studies in the field other than Carey et al. (2018)
and with a recent meta-analysis of NO2, NOx and dementia incidence (X. Yu et al., 2020). Slight
differences between our study and those of others may be attributable to different settings,
populations and study design. Specifically, strengths of this study include the use of a large,
long-standing (1994+), community-based, prospective cohort; the assessment of dementia
incidence through regular, in-person follow-ups and the use of a standardized protocol applied
consistently throughout the study period; and the assignment of long-term, time-varying

exposure estimates largely based on exact residential addresses histories.
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To date, many studies in this field have been limited to the use of more readily available
but less reliable methods of exposure assessment. These include assessing exposure at one time
point (e.g., baseline), over a short period of time (e.g., one year) and/or at a crude spatial
resolution (e.g., residential zip code) (Chang et al., 2014; C. R. Jung et al., 2015; Loop et al.,
2013; Oudin et al., 2016). A strength of this study is our use of historical NO, observations to
assign long-term, time-varying exposure predictions at exact participant residences. We expect
that this approach improves exposure assessment. Nonetheless, our secondary analyses using
shorter and longer exposure periods did not change our results. This suggests that using short-
term exposure as a surrogate for long-term exposure may be valid if the exposure surface
remains similar over time.

Furthermore, this study used a prospective cohort and regular in-person visits to assess
dementia incidence. A particular strength of the ACT cohort study is its use of similar follow-up
methods and in-depth diagnostic procedures over time along with the collection of important
potential confounder and precision variables (e.g., education, genetic susceptibilities). Many
other studies have relied on medical records to assess dementia incidence and collect adjustment
variables (Carey et al., 2018; Chang et al., 2014; Chen, Kwong, Copes, Tu, et al., 2017; Chen,
Kwong, Copes, Villeneuve, et al., 2017; X. Yu et al., 2020). The use of medical records to assess
dementia may introduce a substantial amount of outcome misclassification given that dementia
tends to be underdiagnosed (National Institute of Aging, 2014), and may result in numerous false
positive and false negatives (Power et al., 2016). Moreover, while medical record studies can
allow for larger sample sizes, these may be less practical and generalizable in areas without
universal health care access such as the United States. When time trends are also taken into
account, it’s also likely that dementia incidence and diagnoses have changed over time as a result
of broader diagnostic criteria, increases in patient medical attention and changes in education
levels (Wu et al., 2016). Since air pollution trends have also dropped over time, time can thus be

an important confounder in medical record studies.

Limitations

There are some notable features of this study that should be recognized. First, we did not

adjust for factors that impact personal exposure to TRAP other than residential outdoor levels
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such as building characteristics (e.g., floor location, air exchange and infiltration rate), indoor
sources of NO; (e.g., wood smoke, use of gas stoves), past occupational exposures or time
activity patterns including time away from home (R. Allen et al., 2003; Jarvis et al., 2010; K. H.
Jung et al., 2011; Klepeis et al., 2001; Park & Kwan, 2017; Vardoulakis et al., 2020; Zipprich et
al., 2002). This approach is commonly taken in air pollution studies because: a) outdoor air
pollution (unlike indoor air pollution) is regulated under the Clean Air Act (US EPA, 2019f), b)
outdoor air pollution often behaves in predictable ways based on the surrounding environment
(e.g., proximity to major roads), and c) characterizing outdoor air pollution infiltration and
dispersion, indoor sources and individual behavior is not practical in epidemiologic cohort
studies due to its complexity and resource requirements. Some work has shown, however, that
indoor and outdoor NO» concentrations can be quite similar in residential buildings, offices and
schools, though more variation exists in homes with major NO» sources such as gas stoves
(Blondeau et al., 2005; Hu & Zhao, 2020; Salonen et al., 2019; Shrestha et al., 2019).

As noted above, since the spatiotemporal NO> exposure model began in 1995, we
assumed that the spatial structure of the exposure surface had been the same during prior years
and extrapolated this exposure surface back in time. Our additional analyses for Aim 3 of PMa 5
(Appendix C) indicated that while the exposure surfaces likely do change over time, there is still
a positive relationship between the more recent and earlier years (2018 vs 1995-2017; i.e., low-
vs high- concentration sites are still generally distinguished). Some important features of the
spatiotemporal model predictions used in this analysis include its large reliance on regulatory
monitoring sites, particularly for earlier years when few sites and little to no study data were
available. As such, most of the model’s spatial variability comes from more recent years
(1999+), while the temporal trend is established from two regulatory monitors in Seattle. These
features of this model increase the potential for exposure misclassification for earlier years. Our
model predictions may thus be impacted by both classical- and Berkson-like measurement error,
meaning that predictions have the potential to be noisy and/or biased, which may in turn impact
the health effect parameter estimates (Szpiro et al., 2011; Szpiro & Paciorek, 2013). This is
typical, however, of many epidemiologic investigations where exposure is assessed based on
prediction models.

An advantage to using the spatiotemporal exposure model over other models such as the

CACES national model is that the spatiotemporal model leveraged more local information from
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supplementary monitoring, and particularly measurements from participant homes, which is less
common in the literature. Because they are different models, each with different features,
however, this resulted in some missingness due to the spatial coverage differences between the
models. While 10,985 locations (88% of the 11,610 cohort locations on record) had predictions
from the spatiotemporal model and both CACES locations (block and exact), 172 (1%) only had
spatiotemporal model predictions (e.g., locations were in unpopulated blocks), and 364 (3%)
only had CACES predictions (locations were outside the spatiotemporal modeling region but
within Washington State). Six hundred and twenty-five locations (5%) had no predictions from
either model (e.g., they were outside of Washington State), while the rest had predictions from
the spatiotemporal model and the CACES model at either the block- or residential- level.
Nonetheless, long-term exposure predictions were generated for many of person-years in our
analyses, provided that they were within a modeling region at least some of the time, though
these were calculated from a fewer number of years. Coverage was still generally high, however,
given that, on average, ten-year exposure windows had available NO» predictions 99% of the
time from the spatiotemporal model and CACES model at the block-level, and 98% of the time
from the CACES model at the residential-level.

Moreover, we additionally imputed some addresses when there were administrative gaps
in residential address histories in order to estimate long-term exposure estimates. These were for
a small fraction of all time-varying exposure estimates (~9%), however, and most imputations
were of high quality, meaning that we had high confidence that the imputed addresses were
accurate. Sensitivity analyses only including exposure estimates without address imputation did
not change our results.

Our sensitivity analyses included baseline covariate values for all adjustment variables
other than time-varying PMz 5. This may have resulted in residual confounding when dealing
with truly time-varying covariates (e.g., smoking status, stroke history), though it reduced the
possibility of adjusting for covariates along the causal pathway. Importantly, this was not a
concern for our primary analyses. The utilization of fixed covariates as surrogates for truly time-
varying covariates has also been used in other TRAP exposure studies investigating dementia
(Carey et al., 2018; Chang et al., 2014; Chen, Kwong, Copes, Hystad, et al., 2017; Chen, Kwong,
Copes, Tu, et al., 2017; Oudin et al., 2016; Yuchi et al., 2020). Regarding median neighborhood-

level household income, since this covariate was gathered from 2,000 Census data, this analysis
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assumed that the neighborhood rank order did not change over time (e.g., the same
neighborhoods have had the highest median neighborhood income levels over time).

Only a small fraction of the ACT cohort locations were “midway” to a major road (> 300
m from an A1 and within 51-150 m from anA2-3; 1%), limiting the use of the ACT cohort for
investigating the impact of living midway to a major road when compared to living away from a
major road (> 300 m from an Al and > 150 m form an A2-3). This is highlighted by the large
HR confidence interval for this category. Still, the “near-road” category (< 300 m of an Al or <
50 m from an A2-3), was associated with 27% of the total person-years in our data, and this was
arguably the most scientifically interesting category. Furthermore, a minor discrepancy between
this and our primary analyses using NO> exposure predictions from our spatiotemporal model is
that road proximities were always available for a participant’s entire exposure window of interest
as long as residential address was available (or imputed). Our primary analyses using NO>
concentration, on the other hand, were only available for addresses within the spatiotemporal
modeling region. We thus we had more complete (fewer “missing”) road exposure estimates.
This is a minor discrepancy, however, given that most 10-year exposure windows had address
histories inside the modeling region (99%).

A feature of this cohort is that individuals are older when they enroll in this study. The
median entry age was 73 (IQR: 9) and ranged from 65-101. Since dementia becomes more
prevalent after 65 years of age (WebMD, 2018), our study is best positioned to characterize the
effects of long-term TRAP exposure on late-life dementia incidence. Moreover, though
individuals are randomly invited to participate, this cohort may have some volunteer bias and
possibly represent “healthy survivors” who were not affected by air pollution at earlier ages. If
true, this could have dampened the NO>-dementia relationship we observed. In addition, since
ACT is an older population, losses to follow-up may not be random, but a result of individuals
with very poor cognition no longer being able to complete follow-ups (Power et al., 2016). This
is a minor concern, however, since ACT has achieved an impressive Completeness of Follow-up
Index (the number of completed participant visits, divided by the number of possible visits) of
94.5% by giving participants the option of completing clinic, home or, as a last alternative,
phone follow-ups (T. Clark et al., 2002).

Moreover, some cases may be missed (false negatives) since participants are screened for

dementia using the CASI assessment tool and only receive a full clinical dementia diagnostic
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evaluation if their scores are low enough a provider submits a referral. This study is also subject
to interval censoring since follow-ups occur every two years. This follow-up frequency,
however, is still higher than other cohort studies. Furthermore, since dementia progresses slowly,
this should not have impacted our conclusions in a meaningful way.

Additional features of this analysis include the fact that there may be residual
confounding due to variable categorization (e.g., income) and the use of self-reported variables
(e.g., smoking status); there were a substantial number of participants with missing APOEe4
values (though we used IPW and these results were similar to sensitivity analyses without IPW);
and our primary analyses did not differentiate between the effect of NO; and other correlated
TRAPs (though sensitivity analyses of co-pollutant PM> s models and road proximity resulted in
similar conclusions). Finally, this study’s sample size was smaller than most studies in the field,
particularly medical record-based studies, which often include tens of thousands or millions of
people (X. Yu et al., 2020). Combined with generally low NO; exposure levels in the region, an
exposure model that began in 1995, and a limited within-calendar bin exposure variability (after
adjusting for calendar time, there was a mean SD of 2.9 ppb), this could have contributed to our
wider HR confidence intervals when compare to other studies. Still, the prospective cohort
design of this study will have identified cases more accurately than medical-record studies.
Additionally, many other studies in low concentration areas have used exposure models built

from more recent, lower concentration years.

Conclusion

We did not find strong evidence of an effect of long-term NO- exposure on late-life
dementia incidence. These results are generalizable since the demographic composition of the
ACT cohort generally reflects the population of the greater Seattle area (Kukull et al., 2002).
Furthermore, the design of this study allowed us to characterize individual, long-term exposure
and assess dementia incidence through regular, in-person visits, a limitation of most studies in
the field. The alignment of our sensitivity and secondary analyses with our primary analyses
strengthens our findings. Future studies may want to investigate other pollutants and pollutant
mixtures given that TRAP is a complex mixture gases and particles, and since other related

pollutants such as PM» 5 have been shown to be important determinants of dementia incidence.
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Aim 2: Characterizing the spatial variability of ultrafine particulate
matter and black carbon concentrations for the greater Seattle area

from a mobile monitoring campaign

Overview

The aim of this study was to characterize 2019 annual average UFP and BC exposure
levels for the ACT cohort using observations from an extensive mobile monitoring campaign
specifically designed for epidemiologic application. We presented an approach for estimating
annual average TRAP levels at stop locations from high-resolution, temporally unbalanced and
non-normally distributed data collected from short-term, repeated measurements of TRAP. We
build universal kriging models with partial least squares and use these models to characterize
UFP and BC levels for the cohort and the greater Seattle area. Finally, we distinguish between
the UFP and BC exposure surfaces by identifying land features that predict differences in these

surfaces.

Methods

Instrumentation & Quality Assurance

We used total UFP count concentrations collected during our 2019 mobile monitoring
campaign from unscreened PTRAK instruments (Table 2). These instruments collected particles
ranging from 0.02-1 um with a high temporal resolution (1 sec) and had more complete
observations than the other UFP instruments on the platform, the DiSCminis (Testo). Unscreened
PTRAKSs were more inclusive of smaller particles, which may significantly contribute to number
concentrations (Kukull et al., 2002), than screened PTRAKSs (50-1000 nm sample range).

We used BC mass concentration estimates from acthalometers (microAeth MA 200,

Acethlabs) used in the mobile monitoring campaign. Measurements were taken at 880 nm
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wavelengths (which can be interpreted as BC) every 10 seconds (AethLabs, 2018; X. Wang et
al., 2016).

Instruments were calibrated by the manufacturer before the start of the mobile monitoring
campaign. Field technicians checked BC and UFP instruments for a zero or near zero response
on five and six separate dates throughout the study, respectively (UFP & BC: 5/30/2019,
10/2/2019, 1022/2019, 11/21/2019, 1/13/2020; UFP: 3/13/2020).

Duplicate instruments were collocated in the field every few weeks and in the lab several
times over the course of the year. This process of collocating particle instruments is common

practice since there is no standard for field calibration of particle instruments.

Data Quality Control

All sampling days (“runs”) with UFP readings below 300 pt/cm® were flagged and
manually inspected. UFP readings were dropped if there was evidence of an instrument
malfunction (N = 1,019 observations, 0.09% of the total data). This was often related to an
alcohol wick issue and was verified by inspecting the field notes. P-TRAK concentrations at the
instrument limit of 500k pt/cm? and aethalometer readings < 0 ng/m? or > 99'" percentile were
visually inspected using time series plots to ensure that instrument readings did not deviate from
the general trend observed for other particle instruments.

We compared median stop concentration estimates from collocated PTRAK (UFP) and
aethalometer (BC) instruments. We used linear least squares regression to fit a best fit line to
estimate the association between duplicate instruments. We further calculated the root mean
square error (RMSE) and mean squared error- (MSE) based coefficient of determination (R?) to
quantify bias and precision between collocated instruments.

We linked instrument readings to specific stops based on GPS location. Readings were
adjusted for a 10-second lag associated with the estimated time required for a volume of sampled
air to travel from the manifold inlet on the roof of the car, into the manifold and into the

sampling instrument.
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Stop Concentration Estimates

We calculated the median UFP and BC concentration for every two-minute stop (i.e.,
using about 120 one-second PTRAK readings and 12 ten-second aethalometer readings) in the
mobile monitoring campaign. We used the median to capture the central tendency of the data
because the data were right skewed, and the median is known to be more robust to outliers than
the mean. Other mobile monitoring campaigns have taken a similar approach (Apte et al., 2017).

We evaluated using stop means in sensitivity analyses.

Annual Averages

We calculated annual average UFP and BC concentrations at each mobile monitoring
stop using a 5% trimmed, weighted mean. First, the lowest and highest 5% of each site’s stop
concentrations (10% total) were first dropped. We assumed that these extreme observations were
erroneous or uncharacteristic of the general underlying distribution (e.g., a short-term
construction project or road maintenance), particularly since few samples were collected at each
site (~28 stops per site were scheduled), and these were from brief, two-minute stops. Trimmed
means have been used in past air pollution studies (Correia et al., 2013; Dominici et al., 2006;
Samet et al., 2002; Van den Bossche et al., 2015) because they are robust to outliers and may
capture diurnal pollutant variations more so than medians (Cleveland & Guarino, 1976).

Next, we used a regression-based approach to estimate season-, time-of-week- (weekend
vs. weekday) and time-of-day (5 categories: 3-8 AM, 9-11 AM, 12-3 PM, 4-8 PM, 9 PM - 2
AM) averages. This allowed us to borrow information across sites, though it assumed that all
sites had the same temporal patterns (e.g., higher concentrations at specific times of day). The
rationale for using a regression-based approach rather than taking unweighted averages using
only the observations collected at each site (site-specific averages) was that the mobile
monitoring campaign was logistically unable to sample all sites at all times of the day within
each season and time of week. We would have thus greatly reduced our site sample size if we
had restricted our analysis to only included sites that had samples within each season, time-of-
week and time-of-day combination. Finally, site-, season-, time-of-week- and time-of-day-

specific regression concentration estimates were weighted appropriately to estimate annual
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average concentrations for each site. We investigated whether this approach for estimating the

site annual average was appropriate by conducting an analysis of variance (ANOVA) looking at

the impact of site, season, day of the week and hour on the day on concentration variability.

Second, we compared the influence of using different approaches for estimating annual

averages at sites using the mobile monitoring dataset itself since long-term UFP data were

limited outside of this study. Specifically, we estimated annual averages using regression and

site-specific approaches that weighted site-specific averages differently, for example by season

alone or by season and time of week (Table 6). We ran ANOV As looking at the effect of site and

estimation method on the concentration variability.

Table 6. Weights used for estimating site annual average

Temporal | Weight Assigned Rationale Regression and Site-
Adjustment Only Approaches
Used?
Unweighted | NA Take a simple average Both
because the existing data
may sufficiently capture the | Estimates are the
temporal variability at each same using either
site approach
Season 0.25 to each season Heating seasons are Both
associated with lower UFP
levels than non-heating
seasons
Season + 1/4 * 5/7 for each season Weekdays generally have Both
TOW! on weekdays higher traffic counts
1/4 * 2/7 for each season
on weekends
Season + 1/4 * 5/7 * 9/24 for each TRAP concentrations vary Both
TOW! + season on weekdays for throughout the day as a result
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week + hour

of the day

combination. The first and
last sampling hours were

upweighted to account for
no sampling in the middle

of the night.

TOD? (2 between the hours of 9 AM | of diurnal environmental
categories) | and 5 PM conditions and traffic
patterns

1/4 * 2/7 * 16/24 for each

season on weekends for

between the hours of 6 PM

and 8 AM
Season + 1/4 * 5/7 * 6/24 for each More specific times of day Both
TOW! + season on weekdays for the | categories
TOD? (5 hours of 3-8 AM Only some sites are
categories) included in the site-

Etc. only approach
Season + 1/4 * 1/7 * 1/24 for each More specific times of day Regression only
day of the season, day and hour categories

No sites were
sampled within each
season, day of the
week and hour of the

day

I'TOW: time of week (weekday vs weekend)

2TOD: time of day

We conducted several sensitivity analyses to understand the impact of these analytical

decisions for dealing with extreme values and unbalanced data on our final site annual average

estimates (Table 8). This included using 10% trimmed annual averages, five percent

Windsorized means (setting observations below the 5" quantile and above the 95" quantile set to

that respective quantile), using site-only, unweighted annual averages and adjusting annual

averages for day and hour more finely (7 instead of 2 days; 21 instead of 5 times of the day) in

sensitivity analyses.
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Figure 9. Map of the mobile monitoring and

study areas.

We designated a study area that was slightly
larger than the monitoring area (Figure 9). The
monitoring area was where the mobile monitoring
occurred and was roughly 1,100 land km?. This area
captured about 90% of the present and past ACT
locations on record (Table 7). The study area was
geographically similar to the monitoring area but
was slightly larger at roughly 1,900 land km?. Tt
captured slightly more, about 92%, of all ACT
locations on record. Locations beyond this study
area were not included in this analysis because they
were geographically different than the monitoring
area and would have required too much
extrapolation of the fitted model. Figure 71 - Figure
72 in Appendix B illustrates this by showing the
distribution of geocovariates (summarized using
PLS) for sites inside and outside of the monitoring
area. Overall, the PLS score distribution is similar

for mobile monitoring locations and ACT cohort

locations within the study area, but different for ACT cohort locations outside of the study area.

Since PLS scores are linear combinations of geographic covariates, this indicates that sites

outside of the study area are overall geographically different than mobile monitoring stops.
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Table 7. ACT cohort locations included in the mobile monitoring, and study areas relative to all U.S. ACT

cohort locations on record.

Area No. Locations Proportion of Total
United States 26,225 1.00
Spatiotemporal Modeling 25,687 0.98
Study Area 24,150 0.92
Mobile Monitoring 23,606 0.90

Geocovariates

Geocovariates for this analysis were extracted from the MESA Air geodatabase (Table 1)
for mobile monitoring stops and ACT cohort locations (MESA Air, 2019). There were 835 initial
geocovariates, including population density estimates from the most recent, 2010 U.S. Census.
Geocovariates were reduced and or adjusted before using partial least squares (PLS) regression
following the approach described by Keller et al. (2015) (Appendix B Table 30) (Keller et al.,
2015). First, variables were excluded if they lacked variability (less than 20% of the data were
different from the most common value) since these were not likely to improve, and could even
worsen, the model fit. Next, all proportion land use variables were excluded where the maximum
proportion observed in the data was less than 10%. Low values for these variables indicated that
these land use types made up a small fraction of the land relative to other land use variables and
would not likely have a meaningful impact on observed pollutant concentrations. Variables were
dropped if the distribution in mobile monitoring stops was very different than the distribution in
the ACT cohort in an effort to reduce model extrapolation later on. This included variables where
the standard deviation (SD) in the ACT cohort was more than five times the SD of the mobile
monitoring data. Variables were dropped if too many outliers were observed in the data (>2% of
the total data). Proximity variables (e.g., distance to closest major roadway) were set to a
minimum distance of 10 m to protect against any possible ACT location geocoding issue since

we did not believe that participant locations were closer than 10 m (e.g., the middle of a
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roadway). These were log-transformed since air pollutants exponentially decay with increasing

distance from a source.
Universal Kriging

We built universal kriging (UK) models using PLS to predict annual average UFP and
BC concentrations. PLS is a technique that can take many features and summarize these into a
smaller number of new features (James et al., 2013). New features are linear combinations of all
of the original features, with variables that account for most of the variation in the response (i.e.,
the ones most strongly associated with the response) having heavier weights (“loadings”). PLS
reduces the risk of overfitting the models while allowing for the use all of the available
geocovariates. UK jointly runs regression (e.g., LUR) and geostatistical smoothing (kriging). The
LUR piece takes geocovariate predictors (e.g., derived PLS features) while kriging attempts to
model part of the structure that resides in the error term not otherwise captured by regression.
Kriging operates under the premise that observations closer in space are more correlated than
observations further away (unlike traditional linear regression which assumes that observations
are all independent). As such, predictions for any particular location are influenced by both that
location’s geocovariates as well as correlated nearby observations. UK has been shown to
perform better than LUR or ordinary kriging alone (Mercer et al., 2011; Young et al., 2016).

In this analysis, we used PLS regression to produce dimension-reduced geocovariate
summary predictors of annual average UFP and BC (using the “plsr” function in the pls package,
version 2.7.2) (Mevik, 2019). Pollutant concentrations and proximity geocovariates were
modeled on the log-scale since these were log-normal. Next, we built UK models with PL'S
feature predictors and an exponential variogram to account for correlation among locations as a
function of distance (using the “krige.conv” function in the geoR package, version 1.8.1), such

that:

M
log(TRAP) = a + z OmslZms + € (2.1)

m=1
where:
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e log(TRAP) is the log-transformed annual average TRAP pollutant concentration, either
UFP (pt/cm?) or BC (ng/m?)

® 7, s are dimension-reduced summaries of spatially-varying (s) geocovariates from the
PLS procedure

e M is the number of PLS components selected through cross-validation (see results)

e « and 6, ; are estimated coefficients modeled using UK, and

e ¢ is the residual term with mean zero and a geostatistical structure modeled as an

exponential function with range ¢;, partial sill 6/ and nugget y? (€5 ~

N, X(¢i 07, v))

For validation purposes, we split the data so that 10% was in a held-out validation set,
and the remaining 90% was used for ten-fold cross-validation. We used the cross-validation set
to select the number of PLS features (1-6 considered) and the kriging range parameter (5-50% of
the maximum range considered) for the UK model using 10-fold cross-validation. A model was
fit using the modeling parameters selected from the ten-fold cross-validation to these data (90%)
and evaluated against the held-out validation set (10%). A final model was fit to all the data.

We plotted the PLS component loadings of the final model (i.e., from all of the mobile
monitoring locations) for each pollutant to characterize the covariates and buffer sizes most
strongly associated with pollutant variability.

We compared the distribution of PLS scores (linear combinations of geocovariates)
between the monitoring locations and ACT locations within the study area. Different
distributions between groups would be suggestive of extrapolation outside of the monitoring
area.

We compared the UK model predictions (LUR and kriging combined) to the prediction
from the LUR piece alone to evaluate the effect of kriging on the final UK predictions. If LUR
alone was responsible for most of variability in the UK predictions (rather than the kriging), this
would suggest that we could predict at locations outside of the monitoring area where we had
geocovariate estimates but no mobile monitoring observations with which to krige the data as

long as we did not extrapolate the geocovariate space.
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We used the UK models to predict annual average UFP and BC concentrations at ACT
locations within the study area. For display purposes, we used the UK models to make
predictions on a grid to map exposure surfaces for the study area.

Furthermore, we characterized the geocovariate predictors of differences between the
UFP and BC exposure surfaces. We did so by fitting least squares linear models to pollutant
estimates (from mobile monitoring locations) and predictions (at cohort and grid locations),
using UFP as the dependent variable and BC as the independent predictor of interest. We
mapped the residuals to illustrate locations where UFP levels were lower or higher than would be
expected based on BC levels. We also ran lasso regression models, selecting the tuning
parameter lambda through cross-validation in order to identify geocovariate predictors of the
residuals. The same geocovariates were used in this lasso regression as were used in our primary

models (Appendix B Table 22). These were all standardized.

Sensitivity Analyses

We built similar BC and UFP prediction models in sensitivity analyses to assess the
robustness of our models when dealing with extreme observations and unbalanced data
differently (Table 8). Alternative models were built: 1) using site means (rather than medians); 2)
calculating 10% (rather than 5%) trimmed annual means; 3) calculating Windsorized (rather than
5% trimmed) annual means; 4) calculating unweighted, site-specific annual average (rather than
using regression to adjust estimates by season, time of week and time of day); 5) using site
annual averages that were adjusted for sampling day and hour more finely (7 days of the week,
21 hours of the day); 6) modeling pollutants and proximity variables on the native scale (rather

than on the log scale). Table 8 further details these analyses and the rationale.

Table 8. Sensitivity Analyses

Focus of Analysis Description Rationale

Analysis

Central Stop means calculate two-minute stop Means are more influenced
tendency of averages rather than medians (n by extreme values than
raw, high- = ~28 means/site) medians, and extreme,
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resolution data
at two-minute

stops

transient values may be
characteristic of specific

locations

Annual
averaging of
stop

observations

10% trimmed

mean

Windsorized

mean

Unweighted

mean

TOW7 TOD21

Drop each site’s stop
observations below the 10®

quantile and above the 90™

quantile (~ 6 observations/site =

28%(0.10%2))

Set each site’s stop observations

below the 5" percentile and

above the 95" percentile equal to

that respective quantile

Calculate means for each stop

based on the observed data at

that location alone

Calculate means for each stop

using a regression approach that

more thoroughly adjusted for
sampling day and hour of the
day

Reduces the inclusion of
outliers, though it decreases

sample size

Extreme observations may
not be completely
erroneous but in fact part of
the true site variation, but
we wish to reduce the
potentially high influence
of these extreme
observations on the site

mean

Analyses indicated that
most of the pollutant
variability occurs within
sites, and that temporal
factors influence levels to a

much smaller degree

Adjust more thoroughly for
potential differences in
concentrations at finer

temporal time scales
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UK model Native scale Model pollutants and proximity =~ Model results may be more
modeling variables on the native scale interpretable

rather than on the log-scale

Predict within the  Only include predictions for ACT locations outside of
monitoring area  ACT locations within the study  the monitoring area may
area have a slightly different

geocovariate distribution

than the monitoring sites

Results

Instrumentation & Raw Data

Two P-TRAKs (PMPT 93 and 94) and two aethalometers (BC 63 and 66) collected UFP
and BC readings during the mobile monitoring campaign (Figure 10). P-TRAKSs collected
samples between 3/8/2019 and 3/17/2020. Aethalometers collected samples between 2/22/2019
and 3/17/2020.

PMPT_94 -

QO PMPT_93-

k=

[

€

I

k7]

£ BC_66 - (] ° -e ° GEIEIDS GEDENED IO © WD

BC_63- - - o> ° oo
Apr .2019 Jul 2.019 Oct I2019 Jan '2020 Apr I202
Date
variable P-TRAK UFP (20-1,000 nm) MA 200 BC

Figure 10. Instruments used over time in the mobile monitoring campaign
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There were 1,177,944 raw 1-second UFP readings collected from P-TRAKSs. These had a
median (IQR) of 5,900 (5,570) pt/cm? and ranged from 0 to 500,000 pt/cm?, respectively. There
were 125,866 raw 10-second BC readings collected from aethalometers. These had a median

(IQR) of 457 (697) ng/m? and ranged from -11,797 to 37,357 ng/m® (Appendix B Table 23).

Data Quality Control

Data quality checks with respect to zero, low and high concentration instrument checks as
well as instrument collocations suggested good instrument performance (see Appendix B: Data
Quality Control for details). Overall, P-TRAKSs and aethalometers performed well, with
aethalometer readings being noisier and more variable than P-TRAK readings. During zero
checks, the reported instrument readings were generally centered around 0 (Appendix B Table
24). We observed unusually low PTRAK readings at stops on four occasions (1,019 one-second
readings, 0.09% of total readings; Appendix B Figure 64). These readings were dropped since
there were clear indications of instrument malfunctions. We observed very high UFP or BC
readings on a couple of occasions (Appendix B Figure 65 - Figure 66). We kept these readings
since they correlated well with other particle instruments which similarly reported elevated
concentration levels. Collocated field and lab P-TRAKS were in good agreement with an overall
RMSE and MSE-based R? of 575 pt/cm? and 0.98, respectively (Appendix B Figure 67).
Collocated aethalometers were also in good agreement (RMSE: 152 ng/m?; R%: 0.91; Appendix
B Figure 68).

Stop Concentrations

After trimming stop concentrations below the 5" and above the 95™ percentile (about the
lowest and highest measurement from each stop), calibrated UFP median stop concentrations
(instruments were calibrated to the mean of collocated duplicate instruments) had a median
(IQR) of 5,817 (4,493) pt/cm? and ranged from 1,050-51,935 pt/cm?. BC stop concentrations had
a median (IQR) of 411 (358) ng/m? and ranged from -31-3,606 ng/m?>. See Appendix B Figure 69

and Table 25 for additional details of the stop distributions before and after trimming.
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Figure 11 shows the total stop UFP and BC samples that were collected at all sites, after
trimming. All seasons and days of the week were visited a similar number of times. Sites were
visited between the hours of 4 AM and midnight (though not all sites were visited during each
hour), with most stop samples being collected during the morning and afternoon hours of 6-10
AM and 2-5 PM. On average (SD), each site had 24 (SD = 1) UFP stop samples and ranged from
21-27 stops. UFP samples were collected at all sites an average of 5-7 times per season, 17 times
on weekdays and 7 times on weekends. Sample size results were similar for BC since

instruments were generally collocated on the mobile monitoring platform.

season day hour
.....................

sprlng summer fall wmter Sun Mon Tue Wed Thu Fri Sat 04567 8 91011121314151617181920212223

2000 -

1500 -

1000 -

UFP (pt/cm3)

500 -

count

2000 -

1500 -

BC (ng/m3)

1000 -

500 -

Figure 11. Total number of stop UFP and BC stop samples collected at all sites (~24 samples/site x 309

sites)

UFP stop concentrations were generally higher during the fall and winter and on
weekdays. Concentrations peaked during late morning hours and evening hours (Figure 12).
Results were similar for BC but with the morning concentration peak occurring a few hours

earlier.
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Figure 12. UFP and BC stop concentrations over time

Annual Averages

Season, time of week and time of day adjusted site annual average UFP concentrations at
mobile monitoring sites had a median (IQR) of 6,511 (2,284) pt/cm® and ranged from 4,054-
16,004 pt/cm?. Sites near and south of downtown along I-5 generally had the highest annual
average concentrations, while more distal sites generally had lower concentrations (Figure 13).
Adjusted annual average BC concentrations at mobile monitoring sites had a median (IQR) of
506 (160) ng/m?® and ranged from 306-1,384 ng/m’. Elevated BC concentrations were also seen

near and south of downtown along I-5.
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Figure 13. Map of annual average UFP (left) and BC (right) estimates at mobile monitoring sites

ANOVAs looking at the impact of site, season, day of the week and hour of the day on
concentration variability indicated that most of the variability was seen within sites at any
particular time (about 73% for UFPs and 77% for BC), followed by between sites (about 22% for
UFPs and 12% for BC), and a minor fraction was seen across different seasons, days of the week
and hours of the day (about 4% for UFPs and 12% for BC; Appendix B Table 26 - Table 27) .

Annual average estimates for each site were generally very similar when we looked at the
25 sites with available estimates for all of the different time-adjusted comparisons (i.e., all sites
had the presented estimates available for UFP and/or BC, Appendix B Figure 70Error!
Reference source not found.). ANOVA results looking at the effect of site and estimation
method on concentration variability indicated that most of the variability was seen between sites
(~99% for both UFPs and BC), while a tiny fraction (<1% for both UFPs and BC) was due to the
estimation method (Appendix B Table 28 - Table 29). This indicated that using any of the

examined averaging approaches would result in similar estimates.

Geocovariates
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There were 183 geocovariates remaining after cleaning these (Appendix B Table 30).
Geocovariates included proximity and buffer estimates for indicators of airports, coastlines,
elevation, imperviousness, land use, NDVI, population density, ports, railroads and rail yards,

roads (including truck routes) and water.

Universal Kriging

Validation

For the UFP UK model, three PLS components were selected through cross-validation
(CV; Table 10). The variogram parameters for fitting the structured part of the residual term
selected through CV were a plotting distance of 13,994 m (20% of the maximum distance
between any two locations). The out-of-sample (validation set) RMSE and MSE-based R? for the
UFP UK model were 933 pt/cm? and 0.87, respectively. Three PLS components and a plotting
distance of 3,498 m (5% of the maximum distance between any two locations) was also selected
for the BC model through CV. The out-of-sample RMSE and MSE-based R? for the BC UK
model were 58 ng/m? and 0.85, respectively. The final UFP model had a partial sill of 0.010, a
range of 4,160 m and a nugget of 0.011 (Appendix B Figure 73). The BC model had a partial sill
0f 0.014, a range of 960 m and a nugget of 0.004.

The following paragraphs detail the PLS regression and UK model fit. Figure 14 - Figure
15 show the geocovariate component loadings used in the PLS scores of the final UK models.
The figure highlights which geocovariates and buffers had the largest weight (loading) in the
PLS scores. In general, each covariate contributes differently to each component, as seen by
changes in the loading magnitude and direction. Focusing on the first component (which
characterizes most of the response in the outcome), NDVI seems to generally characterize most
of the variability in UFP and BC (with smaller buffers having stronger associations), followed by
distance to the nearest port and rail yard, imperviousness, land use, length of major roadways.
Proximity to places such as coast lines and commercial areas as well as elevation have a smaller
relative contribution. In general, UFP and BC geocovarite loadings are similar, with some of the
largest differences seen in the second and third components for airport proximity, major road

intersections, elevation, railroads, truck routes and waterways (Appendix B Figure 74).
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Figure 14. PLS geocovariate component loadings for the UFP model. See Appendix B Table 29 for

geocovariate label descriptions.
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Figure 15. PLS geocovariate component loadings for the BC model. See Appendix B Table 29 for

geocovariate label descriptions.

The PLS score distributions were overall similar for stops in the mobile monitoring
region and ACT cohort locations in the study area for both the UFP and BC model (Appendix B
Figure 71 - Figure 72). Some locations outside of the monitoring, but still within the monitoring

area (N ~ 300) had slightly lower scores for PLS components one and two.
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UK LUR Predictions vs Kriging

The mean, LUR piece of the UFP and BC UK models explained 89% and 84%,
respectively, of the variability in the UK model predictions (LUR + kriging) at ACT cohort
locations within the study area. The remaining variability in UK model predictions can be
attributed to kriging (Figure 16). Figure 17 illustrates the degree of kriging at cohort locations in
the study area for both the UFP and BC models. Locations with higher degrees of kriging (where
paired points deviate most from the one-to-one line) indicate places where the observed
concentrations from nearby mobile monitoring locations more heavily influenced that location’s
prediction (e.g., if there was an important geocovariate predictor missing from the LUR piece of
the model, such as being northeast [downwind] of the airport). Higher degrees of kriging in UFP
predictions were seen near the industrial district (the northernmost hotspot on the map) and at
locations generally northeast of the airport (the southernmost hotspot on the map). The BC
model had elevated degrees of kriging throughout the study area.
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Figure 16. Decomposition of annual average predictions from the UK model: LUR vs. LUR + kriging at ACT

cohort locations within the study area for UFP (pt/cm?; left) and BC (ng/m?>; right)
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Figure 17. Kriging contributions in UK model predictions of annual average UFP (left) and BC (right) for

ACT locations within the study area.

Universal Kriging Model Predictions

Annual average UFP exposure predictions for ACT cohort locations within the study area
had a median (IQR) of 6,782 (1,788) pt/cm? and ranged from 2,491-15,682 pt/cm? (Table 9). BC
exposure predictions had a median (IQR) of 525 (134) ng/m? and ranged from 232-1,130 ng/m>.
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Table 9. UFP and BC UK model predictions for ACT locations

Pollutant N Min Q05 Mean SD Median IQR Q95 Max

UFP (pt/cm®) 24,150 2,491 5,017 7,101 1,745 6,782 1,788 10,803 15,682

BC (ng/m®) 24,150 232 389 538 115 525 134 727 1,130

In general, annual average UFP and BC predictions were highest near the downtown,
industrial and airport areas as well as along major highways, with concentrations decreasing at

locations away from these features (Figure 18).

UFP BC
10 km I
48°N4 8 Downtown Seattle 48°N4 8 Downtown Seattle N
O Port of Seattle O Port of Seattle
A Sea-Tac Airport A Sea-Tac Airport
UFP (pt/cm3) BC (ng/m3)
15000
47.8°N A 47.8°N A 900
10000
600
5000
300
[0} [0}
° °
2 =]
T 47.6°N A T 47.6°N 1
- -
AN
47.4°N A 47.4°N 4
47.2°N A 47.2°N 4
122.6°W122.5°W122.4°W122.3°W122.2°W122.1°W 122°W 121.9°W121.8 122.6°W122.5°W122.4°W122.3°W122.2°W122.1°W 122°W 121.9°W121.8
Longitude Longitude

Figure 18. Annual average UFP (left) and BC (right) model predictions for the study area
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Figure 19 shows linear regression fits for predicting UFP from BC levels. Panels show
regression fits when estimates from mobile monitoring stops are used and regression fits when
Cohort and Grid Predictions are used (three datasets). Plots show generally moderate to strong
linear relationships (regression-based R?: 0.65-0.90) between BC and UFP. Large positive
residuals (concentration > 95" quantile) are generally near the Sea-Tac Airport, while large
negative residuals (concentration < 5™ quantile) are generally in the northern part of Seattle and
along highways (Figure 20, Appendix B Table 31). Distance to large airport (log m _to | airp)
was consistently selected through lasso regression as an important predictor of large residuals in
all three datasets (Figure 21). Distance to rail yard (log m_to ry) and distance to A1-A3
intersects (log_ m_to al a3 intersect) were also selected for the estimates and cohort predictions
datasets, while distance to large port (log m_to | port) was selected for the grid predictions

dataset, among other variables.

Estimates Cohort Predictions Grid Predictions
UFP = 395.89 + 12.61*BC UFP =-59.3 + 13.26*BC UFP =-1036.89 + 15.01*BC
Regression R2 = 0.65 Regression R2 =0.78 Regression R2 = 0.9
No. Pairs = 309 No. Pairs = 26225 No. Pairs = 2339
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Figure 19. Comparison of UFP and BC estimates (from mobile monitoring observations) and model
predictions (at ACT cohort grid locations) with linear regression fits. Pairs are colored by the linear

regression residual.
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Figure 20. UFP residuals for UFP-BC linear regressions using estimates (from mobile monitoring
observations) and model predictions (at grid locations). Black circles highlight the locations with high

residuals in each dataset (< 51 quantile or > 95" quantile; see Appendix B Table 31 for values); black lines

are railroads.
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Figure 21. Lasso regression coefficient estimates for UFP residuals from UFP-BC linear regressions using
estimates (from mobile monitoring observations) and model predictions (at ACT cohort grid locations).

Covariates are all standardized.

Sensitivity Analyses

Annual average UFP and BC estimates at mobile monitoring stops were similar for
primary and sensitivity analyses that consider different ways of estimating stop means. UFP

estimates were slightly more similar across sensitivity analyses than BC estimates (Figure 22).
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Figure 22. Distribution of annual average UFP and BC site concentration estimates for primary and
sensitivity analyses. The left-most UFP density curve is for the TOW7 DOD21 analysis, while the right-

most BC curve is for the Windsorized mean analysis.

The cross-validation (CV) and hold-out validation results were similar for sensitivity and
primary analyses (Table 10). The number of PLS components selected through CV for UFP and
BC sensitivity models ranged from 2-3 components. Hold-out RMSE and MSE-based R? values
for the UFP models ranged from 850-1,239 pt/cm? and 0.84-0.89, respectively. Hold-out RMSE
and MSE-based R? values for the BC models ranged from 57-70 ng/m? and 0.80-0.83,

respectively.
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Table 10. UK modeling parameters chosen through cross-validation for sensitivity and primary analyses

ayss IS N Varommam o OOV Gl ou
Fraction RMSE R?
UFP (pt/cm3)
Primary 3 0.20 13994 984 0.77 933  0.87
Stop means 2 0.10 6785 1131 0.72 857  0.89
10% trimmed mean 3 0.30 20991 932 0.78 850  0.88
Windsorized mean 2 0.10 6997 1113 0.76 1239  0.84
Unweighted mean 2 0.10 6997 959 0.78 851  0.89
TOW7 TOD21°® 2 0.10 6997 954 0.79 858  0.89
Native scale 2 0.20 13813 977 0.78 946  0.87
BC (ng/m3)
Primary 3 0.05 3498 72 0.71 58 0.85
Stop means 3 0.05 3498 84 0.65 66 0.81
10% trimmed mean 3 0.10 6997 66 0.73 57 0.83
Windsorized mean 2 0.20 13994 87 0.68 70 0.82
Unweighted mean 2 0.05 3498 72 0.71 63 0.8l
TOW7 TOD21° 2 0.05 3498 73 0.70 64  0.82
Native scale 3 0.05 3498 80 0.65 66  0.80

®Cross-validated; "Time of week (7 days) and time of day (21 hours) adjusted annual averages
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UFP and BC predictions from primary and sensitivity analyses were all similar (Figure
23). On average, predictions for both pollutants from the stop means, Windsorized and native
scale modeling analyses were slightly higher, while predictions from the 10% trimmed mean and
unweighted annual average analyses were slightly lower. Maps of annual average UFP and BC
prediction differences show where predictions from sensitivity analyses differed from the
primary analyses (Figure 24 - Figure 25). For UFPs, the stop means analysis generally shows
higher predictions throughout the study area, while the 10% trimmed mean largely does not
change the predictions other than lowering them near the Sea-Tac Airport. The Windsorized
analysis increases predictions at most places, with a special emphasis near the airport. The
unweighted mean and native scale analysis change predictions in both the positive and negative
direction but at different places on the map. The time-of-week (7 days) and time of day (21
hours) analysis reduces predictions throughout most of the study area other between Seattle and
the airport near I-5. Overall, most analyses seem to consistently impact estimates near the airport
where the highest UFP levels were observed. We also see changes in the BC predictions from
each sensitivity analysis, though the spatial patterns are different. The Sea-Tac Airport, for
example, does not stand out as much. Furthermore, the prediction contrasts seem more dramatic,

possibly due to the measurement instrument’s (acthalometer) inherent variability in its readings.
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Figure 23. Distribution of UFP and BC predictions from primary and sensitivity analyses for ACT cohort

locations in the study area. The left-most UFP density curve is for the TOW7 DODZ21 analysis, while the

right-most BC curve is for the Windsorized mean analysis.
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Figure 24. Annual average UFP prediction differences between sensitivity analyses and the primary
analysis. A positive value indicates a higher predicted concentration from the sensitivity analysis
compared to the primary analysis. Note that the windoszired map did not trim extreme observations but

instead set these equal to a less extreme threshold (5" or 95 quantile).
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Figure 25. Annual average BC prediction differences between sensitivity analyses and the primary
analysis. A positive value indicates a higher predicted concentration from the sensitivity analysis

compared to the primary analysis.
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Discussion

Novelty

This study was one of the first to characterize the long-term UFP and BC exposure
surface with high spatial resolution for the greater Seattle area. This was made possible through
our innovative mobile monitoring campaign, which we specifically developed for the assessment
of long-term TRAP exposure in epidemiologic applications. This campaign is one of the largest
mobile monitoring campaigns conducted when considered from many perspectives: the spatial
extent covered (~1,100 km?), sampling density (309 stops along 9 unique routes), sampling
frequency (~5 AM — 11 PM, 7 days a week) and duration (~6 hours of driving per day, 275 days
over one-year period covering all seasons). We were also able to differentiate between the UFP
and BC exposure surfaces, highlighting how these differ most near major sources including large
airports, rail yards and large road intersections. These findings suggest that using UFP surrogates
such as BC could result in increased exposure misclassification near major pollutant sources and
highlights the need for the additional monitoring of UFPs.

Given that the use of mobile monitoring campaigns for exposure assessments is relatively
new, this study presented an approach for estimating annual averages from short-term, repeated
measurements of TRAP, a research area that has received limited attention in the literature.
Specifically, we presented an approach for reducing large amounts of high-resolution, temporally
unbalanced and non-normally distributed data into long-term central tendencies that can
afterwards be used in modeling. ANOV A models and descriptive analyses indicate that annual
average estimates were minimally impacted when sites were visited during limited times of the

day.
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Universal Kriging Model

PLS Component Loadings

This study was one of first to use UK with PLS to build UFP and BC prediction models.
The approach allowed us to build pollutant exposure models using a larger number of covariates
and associated buffers than what other studies have used to characterize TRAP concentrations.
The variability in component loadings for different covariate buffer sizes particularly highlighted
the importance of buffer sizes. Typically, one or a few covariate buffer sizes were most strongly
associated with UFP and BC concentrations.

Covariates with strong positive associations with UFP and BC were indicators of traffic
(e.g., distance to and length of roadways, number of intersections), population density, developed
land use, ports and railyards. Covariates with strong negative associations with UFP and BC
were indicators of vegetation (e.g., forest, NDVI). This is in line with much of the literature in
this field (Abhijith et al., 2017; Apte et al., 2017; Hatzopoulou et al., 2017; Hoek et al., 2008;
Kerckhoffs et al., 2016; Lane et al., 2016; Patton et al., 2015; Patton, Collins, et al., 2014; Saha,
Li, et al., 2019; Weichenthal, Ryswyk, et al., 2016; Xie et al., 2017). Airport proximity was a
strong predictor of large differences between the UFP and BC exposure surface, with closer
proximities being more likely to have relatively higher UFP levels. A recently published study
investigating the UFP profiles associated with aircraft and roadway traffic also found differences
in the UFP and BC exposure surfaces, particularly near major sources (Austin et al., 2021).

Smaller buffers for NDVI, population density and imperviousness tended to be more
strongly associated with both UFP and BC concentrations. This is in line with our understanding
that these pollutants are strongly impacted by nearby sources but quickly disperse or react,
causing them to have small spatial scales. A synthesis of field studies by Karnet et al. (2010), for
example, found that UFP and elemental carbon (associated with BC) concentrations dropped
down to background levels within 200-400 m of roadways (Karner et al., 2010). Other studies
have reported similar findings, with buffers within a few hundred meters of a target location
often being most associated with UFPs and BC (Jones et al., 2020; Saha, Li, et al., 2019;
Weichenthal, Ryswyk, et al., 2016).
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Interestingly, water land use covariates were weakly associated with both UFP and BC
concentrations. While proximity to bodies of water can sometimes be an indicator of a lack of
emission sources, this is not necessarily true for Seattle since its urban and industrial areas are

both located near bodies of water.

Distribution of PLS Scores

PLS score distributions were similar between the mobile monitoring stops and ACT
cohort locations in the study area. Still, there was some indication of slightly different PLS
scores for some of the ACT locations within the study area but outside of the monitoring area.
This suggests that predictions for ACT cohort locations in the study area are mostly within the
geocovariate modeling space, though some of the more distal locations (particularly the
easternmost locations) may be on the edge. Thus, model predictions at these more distal areas
may not be as accurate, and this could have important implications for epidemiologic

investigations that use these predictions.

Residual Model Parameters

The ranges used in the UK residual models for UFP and BC were fairly short (~1-2 km,
with BC having slightly higher ranges). This is in line with the understanding that UFPs and BC
have small spatial scales, especially when compared to other pollutants such as PM; 5 (Karner et
al., 2010; Mercer et al., 2011; Sampson et al., 2013; Young et al., 2016). Sampson et al. (2013),
for example, reported variogram ranges from 35-2,944 km for PLS-UK PM; 5 models build from
geocovariates and regional AQS sites throughout the U.S. (Sampson et al., 2013). Young et al.
(2016) similarly reported variogram ranges for PLS-UK PM: s models built form a combination
of regional AQS site monitoring data and satellite images ranging from roughly 100-600 km
(Young et al., 2016). On the other hand, Mercer et al. (2011) reported slightly shorter variogram
ranges of about 6 km — 15 km for UK NOx models built from about 150 sites in Los Angeles
designed to capture both local concentrations and very near-field TRAP gradients (Mercer et al.,
2011). NOx has been shown to generally decay slower than UFPs but faster than PM» s (Karner
et al., 2010).
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Model Decomposition

The LUR, not the kriging piece of the UK models predicted most of the variability in the
predictions (79%). This suggests that model predictions rely most heavily on geocovariates
rather than the additional spatial correlation from nearby observations from the mobile
monitoring campaign. Given that we have geocovarites for all ACT locations in the study area
and that the distribution of these are very similar to those of the mobile monitoring stops, the
application of these models for all ACT locations in the study area should be informative.
Furthermore, the areas that were most heavily kriged by the model were generally those with
elevated predicted pollutant concentration. For the UFP model, the areas near the Port of Seattle,
Industrial District and the Sea-Tac Airport were the most heavily kriged. It was less clear
whether kriging was systematic in the BC model, though the areas near the airport, along
railroads and along busy truck routes tended to be have higher degrees of kriging. Since these
features have existed for decades, this supports the extrapolation of the 2019 spatial surface
kriging back to the mid 1990s (Aim 3). It also suggests that developing a covariate to better
characterize this area (e.g., distance to airport landing strip, being downwind of the airport,
aviation traffic, industrial facilities, etc.) could allow the LUR piece of the model to better

capture changes in pollutant levels near these places.

Model Fit

Models performed very well in out-of-sample validation. The UFP and BC model
predicted 87% and 85% of the variability in the observed concentrations, respectively. These
performances are higher than what many short-term stationary and mobile monitoring campaigns
have achieved (UFP: R?~ 13-72%, BC: R?~ 12-86%) and closer to that of many fixed site
continuous sampling campaigns (UFP: R?~ 67-89%, BC: R2 ~ 39-82%; Figure 26, Table 11,
Table 12) [UFP: (Abernethy et al., 2013; Rob Beelen et al., 2013; Cattani et al., 2017; Farrell et
al., 2016; Hankey & Marshall, 2015b; Hoek et al., 2011; Kerckhoffs et al., 2016; Minet et al.,
2018; Montagne et al., 2015; Patton et al., 2015; Ragettli et al., 2014; Rivera et al., 2012;
Sabaliauskas et al., 2015; Saha, Li, et al., 2019; Saraswat et al., 2013; Simon et al., 2018; van
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Nunen et al., 2017; Weichenthal, Ryswyk, et al., 2016; Weichenthal, Van Ryswyk, et al., 2016;
Wolfetal., 2017; C. H. Yu et al., 2016); BC: (R Beelen et al., 2007; Brauer et al., 2003; Carr et
al., 2002; Dodson et al., 2009; Hankey & Marshall, 2015b; Henderson et al., 2007; Hochadel et
al., 2006; Kerckhoffs et al., 2016; Timothy Larson et al., 2007, 2009; Montagne et al., 2015;
Morgenstern et al., 2007; Ryan et al., 2007; Saraswat et al., 2013; Su et al., 2013; C. H. Yu et al.,
2016)]. This strong model performance held when we restricted our comparison to other studies
that have also modeled site averages from multiple site visits rather than using individual site
visits in their models and evaluations (see “multi-site avg modeled” and ““analysis uses site
mean” in Figure 26 — Figure 28 and Table 11 — Table 12).

There are several features of our study design that could have impacted our strong model
performances. For UFPs, Saha et al. (2019) reported that short-term stationary (collecting short-
term samples while stopped, as opposed to while moving or traditional fixed long-term
sampling) studies like ours have generally sampled between 60-644 sites, sampled each site
between 15 minutes and 3 hours, and collected between 1-5 repeat samples per site. Similarly,
BC studies like this one have generally sampled 26-161 sites, sampled each site about 30
minutes, and collected about 2-3 samples per site. Campaigns with more sites counts have
generally collected fewer repeat samples per site. Compared to earlier studies, we sampled more
sites than most fixed and short-term stationary studies (309 sites). This dense monitoring
network covered a larger geographic area and likely allowed us to capture hotspots that may
have otherwise been missed by more sparse monitoring networks. Additionally, we visited each
site for shorter periods of time (2 minutes) and collected more repeat samples per site than what
most studies have done (~24; UFP: Figure 27, BC: Figure 28). And while our resulting total site
sampling durations (~48 minutes) were similar to other short-term stationary studies, we sampled
year-around during each day of the week and most times of the day, which most studies have not
done. This design may have better captured the temporal variability of TRAP despite collecting
short-term samples, thus improving the accuracy and precision of our long-term estimates. The
collection of stationary (vs mobile) samples may have additionally helped. Moreover, long-term
averaging reduces variability in the data and, assuming this variability is not predictable (i.e.,
noise), could have resulted in more precise (higher R?) estimates than if we had modeled

concentrations for smaller time scales (e.g., 1-second readings or stop medians).
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Table 11. Model R? estimates from other LUR UFP studies. Modified from Saha, Li, et al., 2019 Table S6.

Analysis
Study Location® Sampling uses site Ml{);lbel
mean
Fixed site; Continuous
continuous sampling/site; 23
Beelen et al. (2007)  The Netherlands . . .S yes 0.59
regional air quality sites
Brauer et al. (2003)  The Netherlands 2 wki/site; 4 repeats; 40 sites yes 0.81
Brauer et al. (2003)  Munich, Germany 2 wk/site; 4 repeats; 40 sites yes 0.67
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Brauer et al. (2003)

Carr et al. (2002)

Henderson et al.
(2007)

Hochadel et al.
(2006)

Morgenstern et al.
(2007)

Ryan et al. (2007)

Saha, Li, et al.
(2019)

Short-term mobile

Hankey & Marshall
et al. (2015)

Kerckhoffs et al.
(2016)

Larson et al. (2007)
Larson et al. (2009)

Su et al. (2013)

Short-term stationary

Saraswat et al.
(2013)

Blanco et al. (2021)

Kerckhoffs et al.
(2016)

Stockholm County

Munich, Germany

Vancouver, Canada

North Rhine-
Westphalia

Munich, Germany

Cincinnati, Ohio,
USA

Pittsburgh, PA, USA

Minneapolis, MN

AMS & RTM, The
Netherlands

Vancouver, Canada
Vancouver, Canada

New York, USA

Delhi, India

Seattle Metro, WA,
USA

AMS & RTM, The
Netherlands

2 wki/site; 4 repeats; 42 sites

4 wk/site; 12 repeats; 34 sites

2 wki/site; 2 repeats; 116 sites

2 wk/site; 4 repeats; 40 sites

2 wk/site; 4 repeats; 40 sites

24 sites

3-6 wk/site; 31 sites

Bicycle; 85 hr over 42 runs;
1,101 aggregation loc

car; ~12s/road segments; 2964
total segments (2336 used in
model)

car
car; 39 sites

car; 10 nights

1-3 hrs/site; no repeat, 26 sites

2 min/site x 24 repeats; 309
sites

30 min/site; 2 repeats; 161 sites
(141 used in model)

yes

yes

yes

yes

yes

no

yes

no

yes

yes

no

no

no

yes

yes

0.66

0.40-
0.80

0.39

0.82

0.42

0.75

0.80-
085

0.28-
0.42

0.12

0.64

0.56

0.57

0.69-
0.86

0.77-
0.87

0.28
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Montagne et al.
(2015)

AMS & RTM, The

Netherlands

30 min/site; 3 repeats; 80-81
sites/city

0.35-
0.40

2AMS = Amsterdam; MMa = Maastricht; RTM = Rotterdam; UT = Utrecht

® R? ranges are presented if multiple estimates were presented with no clear primary model. Most studies

do not clarify what R? they are presenting (in-sample vs out-of sample or cross-validated; regression- vs
y y are p g p p g

MSE- based). We present a range for ours, with the lower value being the cross-validated MSE-based R*

and the higher value being the out-of-sample MSE-based R*.

Table 12. Model R? estimates from other LUR BC studies

. a . Analysis uses Model
Study Location Sampling site mean R2

Fixed site; Continuous
Beelen et al. continuous sampling/site; 23
(2007) The Netherlands regional air quality sites yes 0.59
Brauer et al. The Netherlands 2 wk/site; 4 repeats; 40 sites yes 0.81
(2003)
grg(l)lg)r ctal Munich, Germany 2 wk/site; 4 repeats; 40 sites yes 0.67
grg(l)lg)r ctal Stockholm County 2 wk/site; 4 repeats; 42 sites yes 0.66

. . . 0.40-
Carr et al. (2002) Munich, Germany 4 wki/site; 12 repeats; 34 sites yes 0.80
Henderson et al. . ) .
(2007) Vancouver, Canada 2 wk/site; 2 repeats; 116 sites yes 0.39

North Rhine-
Hochadel et al. Westphalia, 2 wk/site; 4 repeats; 40 sites yes 0.82
(2000) G

ermany

Morgenstern et al. . i ) .
(2007) Munich, Germany 2 wk/site; 4 repeats; 40 sites yes 0.42
Ryan et al. (2007) Cincinnati, USA 24 sites no 0.75
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Short-term mobile

Hankey & : . . -
Marshall et al. Minneapolis, USA Bicycle; 85 hr over 4.2 rlins, no 0'2‘?2
(2015) 1,101 aggregation loc 0.
Kerckhoffs et al AMS & RTM, The %" ~12s/road segments; 2364

' ! total segments (2336 used in yes 0.12
(2016) Netherlands model)
éaggc;;l ctal. Vancouver, Canada car yes 0.64
Larson et al. .
(2009) Vancouver, Canada car; 39 sites no 0.56
Su et al. (2013) New York, USA car; 10 nights no 0.57
Short-term stationary
Saraswat et al. . . i . 0.69-
(2013) New Delhi, India  1-3 hrs/site; no repeat, 26 sites no 0.86
Blanco et al. 2 min/site x 24 repeats; 309 0.71-
(2021) Seattle Metro, USA sites yes 085
Kerckhoffs et al. AMS & RTM, The 30 min/site; 2 repeats; 161 sites e 0.28
(2016) Netherlands (141 used in model) y ’
Montagne et al. AMS & RTM, The 30 min/site; 3 repeats; 80-81 o 0.35-
(2015) Netherlands sites/city y 0.40

2AMS = Amsterdam; MMa = Maastricht; RTM = Rotterdam; UT = Utrecht

® R? ranges are presented if multiple estimates were presented with no clear primary model. Most studies
do not clarify what R? they are presenting (in-sample vs out-of sample [cross-validated or hold-out];
regression- vs MSE- based). We present a range for ours, both of which are out-ofo-sample. The lower

value is the cross-validated MSE-based R* while the higher value is the hold-out MSE-based R?.

In terms of modeling, we used PLS regression to summarize hundreds of geographic
covariate-buffer combinations. Most other studies have started with fewer covariates and used
covariate selection methods (e.g., forward stepwise regression) that eliminate “non-informative”
covariates rather than downweighing them like PLS. This may have allowed us to explain more

of the TRAP variability, particularly in such a large, geographically diverse study area.
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Moreover, our dense monitoring network means that randomly selected test set locations
for our model validations were likely near training set locations and thus similar. Since this
monitoring network was specifically designed to be representative of the ACT cohort, this
indicates that models should perform similarly well when predicting at ACT cohort locations
within the study area. Notably, we performed hold-out validation in addition to cross-validation
and calculated an MSE-based R2. This has not always been applied in mobile monitoring LUR
studies and can often result in lower model performance than in-sample and regression-based R?
approaches (Montagne et al., 2015). Interestingly, we saw slightly better performances in hold-
out rather than cross-validation even after using different hold-out validation sets to evaluate the
potential variability of our model performance estimates (data not shown). Our higher out-of-
sample model performance may have to do with having a small number of test sites, all of which
were near the center of our study area where our monitoring network was dense. Ten-fold cross-
validation, on the other hand, allowed most sites (90%) to be in a test set, including those in

areas where our monitoring network was sparser (i.e., near the edges).

Exposure Estimates for the ACT Cohort

Average UFP exposure predictions for ACT cohort locations within the study area were
around 7,000 pt/cm? and ranged from about 2,400-15,000 pt/cm?®. Average BC predictions were
around 500 ng/m?® and ranged from about 200-1,100 ng/m>. The estimated six-fold difference
between the lowest and highest predictions suggests that there is a large degree of variation in
UFP and BC exposure for cohort members residing in the greater Seattle area.

Our study results were generally lower and less variable than what other studies have
observed in cities around the world investigating UFPs and BC (Figure 29) (UFP: (Abernethy et
al., 2013; Farrell et al., 2016; Hankey & Marshall, 2015a; Kerckhoffs et al., 2016, 2017; Minet et
al., 2018; Montagne et al., 2015; Patton et al., 2015; Ragettli et al., 2014; Rivera et al., 2012;
Saha, Zimmerman, et al., 2019; Saraswat et al., 2013; Simon et al., 2018; van Nunen et al., 2017;
Weichenthal, Ryswyk, et al., 2016; Weichenthal, Van Ryswyk, et al., 2016; C. H. Yu et al.,
2016); BC: (Apte et al., 2017; R Beelen et al., 2007; Brauer et al., 2003; Carr et al., 2002;
Dodson et al., 2009; Hankey & Marshall, 2015b; Henderson et al., 2007; Hochadel et al., 2006;
Kerckhoffs et al., 2016, 2017; Timothy Larson et al., 2007, 2009; Minet et al., 2018; Montagne
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et al., 2015; Morgenstern et al., 2007; Ryan et al., 2007; Saraswat et al., 2013; Su et al., 2013; C.
H. Yu et al., 2016)). When compared to other long-term UFP exposure measurements in the

U.S., our results were similar to suburban and rural locations (Presto, 2020).
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Figure 29. Mean UFP and BC levels reported in other studies. Mean UFP and BC for this study (Seattle

Metro, WA) is for ACT cohort locations.

There are some possible reasons for our lower TRAP concentration estimates when
compared to other studies. For one, we sampled a wider geographic area over a wider range of
times than what many studies have done. Most studies, for example, have focused their sampling
efforts near major sources (e.g., highways, truck routes, urban areas, airports) and during known

high concentration times (e.g., during rush hour times, on weekdays). Our annual averaging time
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was also larger than some of the previous studies, and this may have reduced both concentration
estimates and their variability. Furthermore, Seattle generally has cleaner air than other major
cities where some of these studies have been conducted.

Of note, while UFPs are defined as particles less than 100 nm (0.1 pm) in diameter, the
P-TRAKS used in this analysis measured particles 20-1,000 nm in diameter. Since most particles
by count are below 100 nm (Ramachandran, 2005; US EPA, 2019¢), our instruments’ upper size
range should minimally impact our concentrations, while the lower size range (20 nm rather than
0 nm) may have led to slightly underestimated total UFP count concentrations. Of the studies
that we reviewed, none strictly defined UFPs as particles less than 100 nm (Appendix B Figure
75). Studies often use different particle size ranges with some counting particles up to 3,000 nm
in diameter. Our analyses indicate, however, that these discrepancies are not solely responsible
for the large concentration differences reported. Still, given that there is no gold standard for the
collection of UFPs, the EPA has noted that this discrepancy in the particle ranges collected in
different “UFP” studies makes it difficult to truly compare results across studies, and has

advocated for a more uniform definition (US EPA, 2019¢).

Mapping UFPs and BC for the Greater Seattle Area

The results of this analysis highlight TRAP hotspots and concentration gradients that may
have otherwise been missed by traditional stationary monitoring or mobile monitoring designs
not intended for long-term, spatially granular, human exposure assessment. Models predicted
elevated pollutant levels near highways, downtown Seattle, the Port of Seattle, Seattle’s
International and Industrial districts, the Sea-Tac Airport and other locations. Other studies have
also found elevated UFP and BC concentrations associated with vehicles (Apte et al., 2017;
Karner et al., 2010; T Larson et al., 2017; Riley et al., 2014), aircraft activity (Austin et al., 2019;
Dodson et al., 2009; Hatzopoulou et al., 2017; Hudda et al., 2014; Riley, Schaal, et al., 2016),
ports and marine activity (Kozawa et al., 2009; Lack & Corbett, 2012), and industry (Apte et al.,
2017; Hatzopoulou et al., 2017; Riffault et al., 2015). When we consider that these areas house
and employ a large number of individuals, public health interventions and policies to reduce
TRAP exposure levels at these locations could make a significant impact. From an

environmental justice perspective, individuals with a lower socioeconomic status could
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particularly benefit from these efforts given that they are more likely to reside in areas with
higher levels of air pollution and be impacted by adverse health outcomes (Chi et al., 2016; L. P.
Clark et al., 2017; Hajat et al., 2013, 2015).

Moreover, our findings suggest that there likely added value of monitoring for UFPs
despite these generally being strongly correlated with BC, a more frequently monitored pollutant,
particularly for epidemiologic cohorts with locations near large UFP and BC emission sources
such as airports and rail yards. At these locations, the relative concentrations of each of these
pollutants may differ, making it difficult to predict one from the other. If BC models were to be
used as a surrogate for UFP exposure in epidemiologic studies such as the ACT cohort, for
example, this could result in a larger degree of exposure misclassification for participants living

near these locations.

Sensitivity analyses

The predicted annual average UFP and BC concentrations were similar across sensitivity
analyses, suggesting that our findings are robust and unlikely to be an artifact of our modeling
decisions.

Overall, UFP and BC predictions were slightly higher for the Windsorized, stop means
and native scale modeling sensitivity analyses than the primary analyses since higher stop
concentrations were included in these stop annual average estimates. Locations near the Sea-Tac
Airport generally saw the largest UFP prediction change when taking different approaches, more
so than BC. This reflects the particularly high UFP levels that were observed in this area when
compared to the rest of our study area and in relation to BC. It also suggests that approaches that
allow for high concentrations to be more influential (e.g., Windsorizing) could better
characterize the variability of the UFP exposure surface (e.g., due to flight path patterns). If this
exposure assessment approach was applied for epidemiologic investigations, this could result in
a greater degree of exposure misclassification for higher UFP concentration areas, which could
possibly impact epidemiologic inferences. Both alternative methods of UFP exposure assessment
and the impacts on epidemiologic inferences should be studied in the future.

On the other hand, UFP and BC predictions were generally slightly lower from the 10%

trimmed mean sensitivity analyses than the primary analyses because fewer high concentrations
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were included in these annual averages. UFP predictions were slightly lower when we used
regression adjusted annual average site estimates that more thoroughly adjusted for day of the
week and time of day to build UK models. This may have been a result of upweighting a few
low-concentration hours that had few samples (e.g., 11 AM) more heavily than in our primary
analysis. The weights used in this analysis are thus most representative of the sites that were
sampled during more times of the day, though this appeared to have a small effect, particularly
on BC predictions.

Maps of prediction differences relative to our primary analyses indicated, however, that
some methods are more likely to result in both over- and under-estimation of site concentrations,
depending on their location. If we consider predictions from the primary analysis to be closest to
the true annual average, this suggests that some of these methods could result in differential
misclassification if applied to epidemiologic investigations. Native scale modeling predictions of
UFP, for example, tended to be higher throughout most of our modeling region except the
easternmost areas where predictions tended to be lower than our primary model. We saw similar
over- and under-estimation patterns for BC predictions from models that used stop means (vs
medians), unweighted means and finer temporal adjustment methods to estimate the annual
averages used to build our models. Future work is needed to better understand whether these

differences could have a meaningful impact on epidemiologic inferences.

Limitations

This work had several potential limitations. First, we did not include difficult to obtain,
built environment covariates that can influence TRAP concentrations such as street width or
building height (Hoek et al., 2008; Weissert et al., 2018). Our prediction models, however, did
have other geocovariates that could serve as surrogates (e.g., population density, road networks).

Second, we did not use pollutant dispersion modeling to characterize decreasing pollutant
concentrations with increasing source distance. A review by Hoek et al. (2008), however,
concluded that LUR can often perform better than or equivalent to other methods such as
dispersion modeling alone, which can make too many unrealistic assumptions (Hoek et al.,
2008). In this analysis we included dispersion indicators in the LUR piece of our UK models,

including proximity and buffered covariates (e.g., distance from roadways, roadway length
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within a buffer). We then allowed our models to weigh the covariates most associated with
TRAP concentrations most heavily (e.g., closer distances and smaller buffers). Other studies
have achieved a similar result by using, for example, variable selection regression methods such
as forward stepwise selection (Hoek et al., 2008).

Third, we collected some of our geocovariates years earlier, and as a consequence, some
of them may have slightly changed over time. We expected that these changes were small,
however, and assumed that geocovariates had maintained the same rank order over time (i.e., the

same neighborhoods had the highest values of a given covariate).

Future Directions

Future analyses using these data may want to develop prediction models that incorporate
the mobile (non-stationary) monitoring data. The mobile data collected immediately before and
after taking a stationary sample could be used to increase the sampling “duration” and possibly
stabilize site estimates. Moreover, road segments with repeat visits could be used to increase the
number of “sites” used to build prediction models.

If this study were to be repeated, a more extensive monitoring campaign could ensure
that sampling occurred at all sites during all times of the day, something that was infeasible
during our campaign. Our work investigating mobile monitoring design, however, indicates that
the reduced sampling hours at some locations likely had a minimal impact on the accuracy of the
annual average estimates at those locations (Blanco et al., 2019). Pairing this campaign with
continuous, fixed-site sampling of UFPs could further support model validation efforts and be
especially important since regulatory, continuous sampling of this pollutant does not currently
exist. Notably, however, having only a few continuous sampling sites could still mischaracterize
the temporal trends at some sites, and would be costly to maintain with the existing sensor
technologies.

Future models would benefit from the inclusion of additional built environment
covariates such as distance to plane landing paths, apartment height and bus routes. High density
areas such as downtown Seattle could benefit the most.

The particle size distribution and source of UFPs is a scientifically interesting question

that should be considered. Different sources have been shown to emit UFPs of specific size
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ranges and chemical composition (Austin et al., 2019; Riley, Gould, et al., 2016; Ye et al., 2020),
which may be associated with varying adverse health effects. UFPs near the Sea-Tac Airport, for

example, have been shown to predominantly be in the smaller size ranges (Austin et al., 2019).

Conclusion

In this study, we described how increasingly popular mobile monitoring campaigns can
be used to specifically assess long-term exposure for epidemiologic investigations. This study
was one of the first to use short-term stationary measurements from mobile monitoring to
estimate long-term averages at locations representative of a study population. We believe that
these estimates may be more accurate and precise than more common, drive-by only campaigns
that average mobile observations over large areas (e.g., street blocks) that may or may not be
geographically similar to the study population of interest. Differences between these monitoring
designs may be particularly important for pollutants that quickly decay with increasing distance
from their sources, such as UFPs and BC. Next steps include understanding the impact of this
improved exposure assessment on epidemiologic inferences.

We were also able to characterize annual average UFP and BC concentrations with high
spatial precision for the greater Seattle area using our dense mobile monitoring network. The
long-term spatial variability of these pollutants has historically been poorly understood,
particularly for UFPs. Our models identified the downtown, International and Industrial districts
and airport areas as having elevated annual average UFP and BC concentrations. Many of these
areas are residential and business areas where people may be exposed for long periods of time.

Our models performed very well in out-of-sample validation, and our sensitivity analyses
indicated that our results were robust. These findings strengthen our results and support the use
of these predictions for future epidemiologic investigations of long-term TRAP exposure,

particularly for the ACT cohort.
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Aim 3: Characterizing the long-term temporal trend of ultrafine

particulates and black carbon concentrations in the greater Seattle Area

Overview

Aim 3 builds on our Aim 2 work, which focused on predicting 2019 annual-average UFP
and BC exposure levels for the ACT cohort based on a mobile monitoring campaign specifically
designed for epidemiologic application (MESA Air, 2019). We use previously documented
methods from the literature (Bellander et al., 2001; Hystad et al., 2012; S. Y. Kim et al., 2017;
Levy et al., 2015; Meng et al., 2019; Molter et al., 2010b; Montagne et al., 2015; R. Wang et al.,
2013) to extrapolate the UFP and BC exposure surfaces back in time in order to predict long-
term exposure for the ACT cohort.

First, we incorporate spatially- and temporally- varying TRAP emission indicators into
our UK models, including highway vehicle emissions, population density and Normalized
Difference Vegetation Index (NDVI). Note that population density and NDVI were used in Aim
2, but these were fixed for one time period rather than being time-varying. Highway emissions
are important sources of TRAP, while population density and NDVI act as surrogates for vehicle
emissions in areas where these data are otherwise unavailable (e.g., suburban areas away from
major roadways). We use these models to predict past TRAP concentrations using surrogates for
historical vehicle emissions (e.g., population density in 2,000).

Second, we apply a temporal trend adjustment factor developed from historical elemental
carbon (EC) observations to further account for temporal trends in TRAP not otherwise captured
by our time-varying covariates, for example neighborhood traffic emissions.

While long-term UFP exposure is our primary scientific question of interest, validating
this model is challenging due to the extremely limited historical UFP data. This work thus
focusses on BC, a correlated TRAP for which more historical AQS site data are available to
validate our models. We use the findings from this work to afterwards support our work on

UFPs.
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Methods

Geocovariates

We collected new space- and time-varying vehicle emission indicator geocovariates for
our UK models based on the following data requirements. First, geocovariates needed to vary
spatially at fine enough resolutions (e.g., at the block level rather than the county level). As in
Aim 2, this spatial contrast was used to build 2019 TRAP prediction models. Second,
geocovariates needed to be available sufficiently back in time, starting around 1995, and
thereafter collected regularly through the present. This allowed us to use historical covariate
values in our models to extrapolate the 2019 exposure surface back in time. Finally,
geocovariates needed to have similar collection approaches over time. We did not want to use
data that had been collected differently over time since this could result in varying model
prediction performances and exposure assessments of varying quality over time, which would
have been especially problematic for our longitudinal exposure assessment. For example, if
vehicle counts were collected at more or different locations over time. The vehicle emission
indicators that met our data requirements included major roadway EC emissions, population

density and NDVI (Table 13).

Table 13. New Covariates to be Collected for Aim 3

Covariate Temporal Resolution | Spatial Rationale
Resolution

Distance-weighted AADT ~5-year averages 100 m road Used to calculate

per 100 m highway road between 1995-2018 links emissions

link

Calculated from
AADT highway
point counters for

1990-2018*
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Vehicle elemental carbon

~5-year averages

County-level

Used to calculate

emission factors: g/vehicle- | between 1995-2019 emissions
mile®
Accounts for
features that have
historical impacted
vehicle emissions
(e.g., vehicle age
distribution, fleet
distribution, fuel
composition,
temperature,
relative humidity,
road speeds)
Total grams of EC ~5-year estimates 100 m road Total emissions
emissions within eight between 1995-2019; links mass has greatly
buffers (50, 100, 150, 300, linear changed over time
400, 500, 750, 1000 m radii) | interpolation/extrapolat
ion for other years
Population density® within 1990, 2000, 2010; US Census Positively
eight buffers (0.5, 1, 2, 2.5, | linear interpolation for | Block Group associated with
3,5, 10, 15 km radii) other years; using TRAP
2011-2018 ACS survey
results for interpolation
post 2010
NDVI¢ within 35 35 buffer- | 1990-1993, 2010, 12m “Greenness”
quantile-season 2019; linear indicator
combinations (5 quantile interpolation for other
seasons: Q25 all seasons, years Negatively

Q50 all seasons, Q75 all

seasons, Q50 summer, Q50

associated with
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winter; each for 7 buffers: TRAP and land
0.25,0.50, 1, 2.5, development
5, 7.5, 10 km radii)

Sources: *WSDOT; PUS EPA; °US Census Bureau, decennial censuses and annual ACS surveys;
dLandsat 5 (1990-1993, 2010) and Landsat 8 (2019)

Emissions

To estimate BC emissions (grams) on major roads, we collected annual average daily
traffic (AADT) count information (vehicle-miles) from the Washington Department of
Transportation (WSDOT) and estimated elemental carbon (EC) vehicle emission factors
(grams/vehicle-mile) from the US EPA’s MOtor Vehicle Emission Simulator (MOVES) system
(US EPA, 2018c; WSDOT, 2019).

AADT estimates at highway point locations were for total AADT on all lanes, including
high-occupancy vehicle (HOV) lanes, from 1995-2018. We calculated about 5-year average
AADT estimates (e.g., 1995-1999, 2015-2018) with the available data for each location since
some locations had missing data years. We only included locations for which we had averages
during every five-year period, starting in 1995 (i.e., dropped locations without at least one
reading every 5 years). For simplicity, we excluded AADT point estimates along ramps. Ramp
AADT estimates were generally lower and had a different density distribution than AADT
estimates along main highways. In addition, their inclusion would have entailed appropriately
adding and subtracting these from highway counts based on their relatively down- or up-stream
location.

Next, we used ArcMap’s (version 10.5.1) Network Analysis tools (Esri, 2019) and
RStudio (version 1.2.5033, using R version 3.6.2) (RStudio., 2019) to estimate distance weighted
AADT along every 100 m of the highway road network based on these AADT estimates at point
locations (Figure 30). The two nearest AADT point estimates (based on highway driving
distance) were used to calculate a weighted average for each 100 m road segment. For quality
assurance purposes, we compared these estimates to estimates from the WADOT, which were
available for 2005-2018. To smooth AADT estimates, we grouped 100 m road links into

mutually exclusive groups of 5 based on location and assigned each road link its group median.
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Figure 30. Example of average AADT estimates (2015-2018) on 100 m highway road links based on the
two nearest counters, prior to smoothing. Dots = highway vehicle point counters; lines = 100 m road
links; pink area = mobile monitoring area (for display purposes — AADT was calculated for the entire

study area of interest). Darker colors indicate higher AADT estimates.

We used MOVES (version 2014b) to estimate EC emission factors (g/vehicle-mile) for
King County (where the majority of our study area was situated) from 1990-2019. BC emission
factors were unavailable, though these have been shown to be highly correlated with EC since
they have similar sources but are measured using different methods (Janssen et al., 2017; Salako
et al., 2012). Emission factors were estimated for restricted roadways (e.g., included highways
but not smaller, neighborhood roads) from gasoline and diesel fuels. Other fuels were not
included since gasoline and diesel fuels compromise the majority of fuels used, and data on
other, more recent fuels may have less accurate and less consistent information over time. We
used the default county settings for other parameters, as has been done by past work (Snyder et

al., 2014), since not all of the inputs were available dating back to about 1995. Estimated
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emission factors for 1991-1998 were not available through MOVES, and so they were calculated
from a linear interpolation of 1990 and 1999 emission factors. We estimated about five-year
average emission factors from 1995-2019 and converted these from g/vehicle-mile to g/vehicle-
meter for consistency with our five-year average AADT estimates.

We calculated EC emissions (g) by multiplying 100 m AADT estimates (vehicle-meters)
by MOVES emission factors (g/vehicle-meters).

We used PostgresSQL (PSQL, version 12.1) and Python (version 2.7.13) to estimate total
emission about every five years between 1995-2019 within various buffer sizes from 50 m to 1k
m radii around each point location of interest, including mobile monitoring locations (for model
building), ACT cohort locations (in order to generate predictions), and a grid (for visualizing and
mapping our results).

Given the large number of covariate-buffer combinations for each location and year, we
used PLS regression to estimate a single linear combination of our covariates, using the 2019
mobile monitoring observations of BC as the outcome and emissions variables for 2019 as the
predictors used to build the model, such that:

M=%, 9" Xy G

where:

« 7 are the scores estimated from PLS regression, which uses the 2019 mobile monitoring
observations of BC as the outcome, or independent variable

* m s the PLS component number, where m=1 for space-time-varying geocovariates (or m =
{1,2,3} for purely space-varying covariates, as described below)

* iisan index defined as s, t for space-time-varying covariates (or defined as s for purely
space-varying covariates, as described below)

*  p are our original emissions geocovariates (or population density, NDVI or purely space-
varying covariates, as described below)

* X are the standardized (mean centered and divided by the standard deviation) geocovariate
values

. @ are the estimated loadings from PLS regression
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We used this model to generate a single linear combination of our geocovariates (scores) from
the first PLS component for the mobile monitoring locations (for model building later on), ACT
cohort locations (prediction locations) and a grid (for visualization/mapping) for every year with
available emissions estimates (about every five years). We used linear interpolation to estimate

PLS scores for other years.

Population Density

Our data team collected decennial population density from the US Census Bureau for
1990, 2000 and 2010 at the block group level (US Census Bureau, 2019a). We estimated
population density within various buffers ranging from 500 m to 10 km around each location of
interest following the standard operating procedures used by MESA Air (MESA Air, 2019).

Following the same PLS regression approach described above for emissions, we fit a
model to the 2019 mobile monitoring observations based on the 2010 population density
buffered covariates and used this model to estimate PLS scores for all years with available data
(1990, 2000, 2010). Given the trend in population growth in the area (US Census Bureau,
2019b), we linearly interpolated population density PLS scores for 1991-1999 using a 1990 and
2000 linear fit, and for 2001-2009 using a 2000 and 2010 linear fit. Since the 2020 Decennial US
Census was unavailable, in order to estimate population density after 2010, we used the annual
US Census ACS survey to estimate the average annual population rate of change between 2010
and 2018 (~1.8% increase) for the Seattle-Tacoma-Bellevue metropolitan area (US Census
Bureau, 2020). This annual rate of change was used to adjust 2010 US Census PLS score
estimates in order to calculate population density PLS scores between 2011 and 2019. Unlike
earlier interpolations using decennial Census data at the individual level, this approach of

interpolation was at the annual level and thus the same for all locations.

NDVI

Following the methods described by MESA Air, we gathered satellite images of NDVI
collected throughout 1990-1993, 2010 and 2019 from the United States Geological Service
(USGS, via Google Earth Engine) (Google, 2019; MESA Air, 2019). The images came from
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Landsat 5 (1990-1993, 2010) and Landsat 8 (2019). Years 1990-1993 were grouped since each
of these years was incomplete due to cloud coverage. We used PSQL and Python to calculate
annual NDVI quantiles within various buffers ranging from 250 m to 10 km radii for each
location of interest.

Again, following a similar PLS regression approach as described above for emission
estimates, we fit a model to the 2019 mobile monitoring observations based on 2019 NDVI
covariates and used this model to estimate PLS scores for all years with available data (1990-
1993, 2000 and 2019). We linearly interpolated NDVI PLS scores for other years using available
data from the surrounding years. Specifically, we interpolated 1994-2009 using a 1990-1993 and
2010 fit, and 2011-2018 using a 2010 and 2019 fit.

Space Covariates

We followed a similar PLS regression approach as described above to generate three
linear combinations of the remainder of our purely space-varying covariates (e.g., airport and
road proximity; Table 1), fitting a model to the 2019 mobile monitoring observations based on
all of our purely space-varying covariates. The first three PLS components were chosen since

this was the number selected via cross-validation for our purely spatial model in Aim 2.

Temporal Trend Adjustment

In addition to gathering new spatiotemporally-varying geocovariates, we characterized
the temporal trend of TRAP for the period of interest: 1995-2019. The rationale was that our
spatiotemporally-varying geocovariates may not fully capture the historically large reductions in
TRAP, and that this could improve our UK model predictions. Specifically, we gathered
historical observations of EC at the Beacon Hill AQS site, which was the only site with long-
term TRAP data within our study area (Figure 31). This site is part of the EPA’s Chemical
Speciation Network and has collected daily EC averages about every three days since 1996 using

an EC PM, s LC TOR method (US EPA, 2019b).
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Figure 31. AQS sites within and near our study area with historical BC and/or EC measurements.

We followed data completeness criteria similar to those developed by MESA Air to address
missingness and ensure that the estimated annual averages from these data were unbiased
(MESA Air, 2019). Specifically, each year needed to have: a) at least 82/122 (67%) sampling
days, b) a maximum of 45 days between measurements to ensure adequate coverage throughout

the year, and c) a similar number of samples collected during heating (October - March) and
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non-heating (April - September) months. We calculated annual averages with the years that met
these criteria.

To smooth annual averages and address missing years, we fit a natural cubic spline (3
degrees of freedom) model (f (t)) to these data with knots at 2005 and 2012 and boundary knots
at 1997 and 2018 (the first and last years with available data). We used this model to predict
annual average EC concentrations (E C;), extrapolating it to 1995 and 2019:

EC, = f(®). (3:2)

Next, we estimated trend adjustment factors (2f¢"?), defined as the ratio of the predicted
EC concentration for any given study year t (EC;) and the predicted EC concentration for 2019,

the reference year (EC;—5019; Figure 82):
&grend = Ebt/ﬁt=2019 (3.3)
UK Model with Partial Least Squares and a Trend Adjustment

We built a UK model for BC with geocovariate PLS scores and adjusted these predictions
using a long-term temporal trend. Mobile monitoring locations were used to build the model
after excluding AQS collocation sites (n = 304 remaining sites) since these were later used to
validate the model.

Specifically, we hypothesized that we could predict TRAP concentrations at a particular
location and time given that location’s geocovariates (some of which could vary over time) and a
temporal trend that accounted for generally decreasing TRAP concentrations over time, with
some prediction error due to some unknowns.

Our assumed underlying model was:

Concsy = exp(6y + X3-, 67 zl + OPoPZYIP + ONPVIZYPVI + QECZEL + €)af™ + e, (3.4)
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where:

«  Concg, denotes the annual-average BC (ng/m?) concentration for a particular location s
within our study area and year t, where t = 1995 — 2019.
»  Z are PLS scores (dimension-reduced, linear combinations of geocovariate predictors) for
locations s. They are fixed over time (Z) or are for a specific year t (Zs ). Specifically:
—  f denotes the purely space-varying geocovariates that are fixed (f) in time
—  pop denotes population density geocovariates for 8 buffers ranging from 500 m — 15
km
—  NDVI denotes NDVI geocovariates for 35 buffer-quantile-season combinations (5
quantile seasons: Q25 all seasons, Q50 all seasons, Q75 all seasons, Q50 summer,
Q50 winter; each for 7 buffers ranging from 250 m — 10 km)
—  EC denotes elemental carbon emissions geocovariates for 8 buffers ranging from 50
m— 1 km
* 0 are the model coefficients
«  al™4 s a temporal trend describing decreasing TRAP concentrations over time not
otherwise captured by the time-varying PLS scores
* €& is the residual term that varies over space with mean zero and a geostatistical structure
assumed to be an exponential function with range ¢, partial sill 62 and nugget y2
(€5 ~ N (0, X(s, 07, 7))

* ¢ is the residual term for a given year

Given our data from the mobile monitoring campaign, we hypothesized the underlying model for

the 2019 exposure surface (t = 2019) to be the following:

Ln(Concg mp010) = 0o + X3y 07 Z] + PPZPL, o+ ONPVIZNDVL L o + FCZEC 010 + €

(3.5)
where:

«  Ln(Concg;=3019) is the log-transformed annual-average BC (ng/m*) concentration for 2019
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«  qff®"@ and €, are omitted in this model since the model is defined for a single, reference

year

We estimated the modeling parameters for this UK model. Model predictions are given by both

regression coefficients and kriging of the residuals:

— _A 3  Af 2f 4 ppopppop ANDVI 5NDVI AEC 7EC A
Ln(Concst=3019) = 0o + Zf:l o/ Zg + 067 sz,t=2019 +6 Zst=2010 + 07" Zst-2010 T s

(3.6)

where:

« (Ln(C 0@=2019)) is the predicted log-transformed annual-average BC (ng/m?)
concentration for 2019

« 7 scores are estimated from PLS regression used to predict Ln(C oﬁc?hzow) from
geocovariate predictors (see Equation 3.1 for details)

0 are the estimated model coefficients derived from measured TRAP concentrations and
PLS scores from our 2019 mobile monitoring campaign

* €, is the kriging contribution to the overall model prediction. It is a linear combination of
the model residuals that is are weighted based on distance by the estimated covariance
matrices for the monitored and unmonitored locations, and between monitored locations,
such that residuals at monitoring locations closer to prediction sites are given a higher

weight. These parameters are estimated for ¢ = 2019, the mobile monitoring campaign year

We estimated TRAP concentrations from 1995-2019 at ACT cohort locations within our
study area using a two-step approach. First, the fitted model was used to estimate Ln TRAP
concentrations at new locations and for specific times based on space- and space-time- varying

geocovariates. Of note, an important feature of this fitted model is its reliance on the PLS
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regression loadings and the estimated kriging contribution from our 2019 mobile monitoring

campaign. Second, we exponentiated and temporally adjusted these values:
Concg, = exp(Ln(Concgr=z019))@7™ (3.7)
where:

«  (Concg,) is the predicted annual-average BC (ng/m?) concentration for a given location
within our study area and study period

« @l ig the predicted temporal trend

We used this model to predict BC exposure for ACT cohort locations over time from this

model. For visualization purposes, we plotted predictions on a grid.

Validation

Validation Dataset

We validated model predictions against historical BC observations from AQS sites within
and near our study area (Figure 31). Sites represented a mixture of suburban, residential,
commercial, urban center and industrial areas (Appendix C Figure 76).

Daily average BC readings from aethalometer readings at an 880 nm wavelength were
collected using the PSCAA’s Air Graphing Tool (PSCAA, 2020). To account for discrepancies
in the concentration sensitivities of the older (Magee Aethalomter Model AE33) and newer
(Magee Scientific TAPI M633) version of the same instrument, we followed the PSCAA’s
guidance and increased older readings by 32%.

Similar to our temporal trend adjustment approach, we followed data completeness
criteria to address missingness and ensure that the estimated annual averages from these data
were unbiased. Specifically, each site-year combination needed to have: a) at least 244/365
sampling days (67% of the maximum available data), and b) a maximum of 45 days between

measurements to ensure adequate coverage throughout the year. In addition, we dropped 10" &
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Weller’s 2015 average since it appeared to greatly deviate from that site’s trend. This year
contained more zero readings than other years and was also excluded from the EPA’s data files.
Moreover, the Duwamish Valley site was also excluded since its temporal trend appeared to be
different than the other AQS sites. This site has historically had different air pollution sources
that are unique to the area, including a substantial amount of heavy-duty diesel trucks, idling
traffic, boat emissions and heavy train traffic. We calculated annual averages for the site-years

that met these prerequisites.

Model Validation

We evaluated the performance of our UK model against these historical observations of
BC from AQS sites starting in 2003. We calculated the out-of-sample RMSE and MSE-based R?
overall (all years and all AQS sites), by year, and by AQS site. The purpose of these stratified
analyses was to ensure that: 1) model predictions were not increasingly biased back in time, and
2) the model bias was not different for different locations. This was important to check because
varying model performances for different times or places could later result in poor predictions

for some years and/or locations for potentially unknown reasons.

Secondary Analysis of UFPs

Following a similar methodology as that described for BC, we built long-term UFP
exposure prediction models as a secondary analysis.

We used EC emissions as a surrogate for UFP emissions since MOVES does not produce
emission factors for UFP, and these are highly correlated (Hagler et al., 2009; Kerckhoffs et al.,
2016; Westerdahl et al., 2005).

We were able to validate this model to a small degree using UFP observations from a
measurement study conducted by Kim et al. (2004) at Beacon Hill during 2001 (E. Kim et al.,
2004). In this study, hourly UFP volume concentrations (um?/cm? air) were collected for various
bin sizes during most hours and months of the year. To make these comparable to count
concentrations from the P-TRAKSs used in our mobile monitoring study, we converted each

volume concentrations to a range of particle number concentrations (PNC; pt/cm?) by dividing
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volume concentration by the minimum, median and maximum volume of a particle in that bin

(i.e., that bin’s minimum, median and maximum particle diameter (d) was converted to a

3
spherical volume (V; um?®/pt) using V = gn (%) . We aggregated several bin concentrations to

calculate the total PNC for particles 0.02-1.0 um in diameter. Next, we calculated a weighted
annual average using these PNCs. Since no observations were collected during the months of
July or December or the midnight hours, we upweighted the neighboring months (June and

August, November and January) and hours (11 PM and 1 AM) appropriately.
Sensitivity Analyses

We conducted a sensitivity analysis to assess the robustness of our primary (BC) and
secondary (UFP) long-term exposure models using NOx emissions rather than EC emissions in
our prediction models. NOx is a reliable measure of tailpipe emissions (mostly comprised of
NO) and has a similar concentration decay pattern as UFP and BC (Karner et al., 2010; Saha,

Zimmerman, et al., 2019).

Results

Emissions Geocovariate

The average AADT at highway point locations slightly increased over time, going from
about 43,303 vehicles from 1995-1999 to 49,441 vehicles from 2015-2018 (Appendix C Figure
77 and Table 32). Five-year average (SD), distance-weighted AADT estimates on 100 m
highway road links based on these point locations also generally increased over time, going from
an average of 48,107 vehicles between 1995-1999 to 57,074 vehicles between 2015-2018
(Appendix C Figure 78 and Table 33). This pattern was generally consistent at the road segment
level, where AADT estimates generally (but not always) increased over time at any particular
road segment (Appendix C Figure 79). These distance weighted AADT estimates on 100 m road
links were similar to those available from the WSDOT starting in 2005 for road segments of
varying lengths (Figure 32), though they slightly underestimated high AADT locations. This
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precision and accuracy of our estimates when compared to those available from WSDOT was
consistent over time (R = 0.45-0.60, RMSE = 35,967-42,772 AADT). AADT estimates were

very similar before and after smoothing for all time periods (R? = 0.98, best fit line slope = 0.99;

Appendix C Figure 80).
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Figure 32. Comparison of the AADT estimates used in this study from 100 m road links and WSDOT-
defined road segments. Our 100 m road links are are weighted averages of the two nearest AADT

counters. WSDOT AADT estimates on road segments are only available 2005+. LS = least squares fit.

MOVES emission factors for EC ranged from 7e-5 g/meter to le-5 g/meter, with lower

emission factors over time (Figure 33). Interpolated values from 1991-1999 appeared to be in
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line with the temporal trend observed. The five-year average emission factors had a similar

pattern to the one-year average emission factors.

Interpolated
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Figure 33. One- (left) and five- (right) year average EC emission factors from MOVES.

Total emission estimates based on AADT and emission factors ranged from about 0-

1,025 g per 100 m road link (Figure 34 - Figure 35, Appendix C Table 34). Emissions generally

decreased and were less variable for later time periods.
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Figure 34. EC emissions over time on restricted roads near our study area
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Figure 35. EC emissions on 100 m road links for two example years: 1990 (left) and 2015 (right)

Geocovariate PLS Scores

Figure 36 shows the distribution of PLS scores for individual time-varying covariate
models (EC, NDVI and population density [POP]) at mobile monitoring locations (used to build
each PLS model) and cohort locations (where predictions were made) for years with available
covariate data before the interpolation of scores for other years. The PLS score distributions of
EC emissions, population density and NDVI at the monitoring locations at the most recent times
were generally similar to the PLS score distributions at cohort locations, and earlier times tended
to have higher EC emissions PLS scores, lower population density PLS scores and higher NDVI
PLS scores. Earlier years additionally had more variability in EC emissions since there were
more very high concentration areas. Note that the final 2019 BC models were built using 2019
EC emissions PLS scores, 2019 NDVI PLS scores, and interpolated 2019 population density
PLS scores (not the 2010 scores shown in Figure 36 prior to interpolation) at mobile monitoring

locations.
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Figure 36. Distribution of PLS scores for individual time-varying covariate (TVC) PLS models (EC, NDVI,
population density [pop]) at mobile monitoring locations (used to build the PLS models) and cohort
locations (where predictions were made; based on available data years and before interpolation of

scores for other years)
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Figure 37 show the distribution of PLS scores for cohort locations where predictions
were made for both years when data were available to predict PLS scores and for years when
PLS scores were linearly interpolated (e.g., between decennial censuses). Overall, EC emissions
and NDVI decrease over time, while population density (POP) increases over time. Note that
these plots do not include mobile monitoring locations since predictions were not made at these
locations back in time. Mobile monitoring locations, however, would also see PLS score changes

over time as a result of the interpolation process.
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Figure 37. Distribution of PLS scores from each time-varying covariate (TVC) model at cohort locations for
the BC and UFP models. Scores are for years with covariate data (no interpolation) and for years that
were linearly interpolated. Note, 2018 population density scores are not labeled as being “interpolated”

since ACS Survey data between 2010 and 2018 used to inflate 2010 scores in an informative way.

The rank order of the population density PLS scores appeared to remain constant (Figure
38 - Figure 39). The center of Seattle, for example, had the highest population density PLS
scores, while the eastern part of the study area had lower PLS scores over time. As for EC

emissions, locations that saw the sharpest decreases were those near major highways (Figure 40 -
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Figure 41). NDVI had the smallest change near the Seattle-Tacoma, Bellevue and Edmunds area
and largest change in the eastern part of the study are (Figure 42 - Figure 43).

122



Population density

1995 2010 2019

i

PLS
Score

10

-5

Figure 38. Map of population density PLS scores for various time periods

PLS
Score
Difference

Figure 39. Change in population density PLS score between 1995 and 2019
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Figure 41. Change in EC PLS score between 1995 and 2019
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Table 14 shows the change in variability (SD scale) for each pollutant and TVC between
1995 and 2019. Both the UFP and BC pollutant models resulted in similar changes over time.
The variability of EC in 2019 dropped to 15% of its value in 1995, the variability of population
density increased by 160%, and the variability of NDVI increased by 46% of its value.

Table 14. Change in variability of time-varying covariate PLS scores between 1995 and 2019.

Pollutant Model TVC SD 1995 SD 2019 SD Ratio
BC EC 19.47 2.86 0.15
BC NDVI 3.05 4.46 1.46
BC POP 1.33 3.46 2.60
UFP EC 19.17 2.82 0.15
UFP NDVI 3.12 4.57 1.46
UFP POP 1.33 3.43 2.59

Temporal Trend Adjustment

EC observations at Beacon Hill were available between 1996-2018, though four of these
years did not meet our inclusion criteria and were dropped (1996, 2000, 2001, 2006; Appendix C
Figure 81). The natural cubic spline used to smooth annual averages generally fit the data well
and was extrapolated to 1995-1996 and 2019 when no observations were available (Figure 44).
The resulting ratio adjustment factors using the spline’s predicted EC concentration for 2019 as
the reference ranged from >1.0 to ~ 2.3, with increasingly higher adjustment factors for earlier

years (Appendix C Figure 82).
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Figure 44. Annual average EC at Beacon Hill: Observed and predicted concentrations from a natural cubic

spline with knots at 2005 and 2012 and boundary knots at 1997 and 2018.

UK Model Predictions

Predicted BC and UFP exposure concentrations for the ACT cohort were generally higher
and more variable during earlier years (Figure 45). BC predictions ranged from 213-5,225 ng/m?
between 1995 and 2019 (Appendix C Table 35). The median (IQR) BC concentration, dropped
from 1,269 (409) ng/m? in 1995 to 524 (141) ng/m? in 2019. Map predictions generally showed
higher BC concentrations near the center of Seattle and along major highways. This spatial
contrast faded over time, though predicted concentrations remained relatively higher near major
highways (Figure 46).

UFP predictions ranged from 2,245-55,571 pt/cm? between 1995 and 2019 (Appendix C
Table 36). The median (IQR) UFP concentration, for example dropped from 16,073 (4,939)
pt/ecm? in 1995 to 6,753 (1,822) pt/cm? in 2019. Map predictions indicated that UFP
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concentrations were generally higher between the center of Seattle and the Sea-Tac Airport, as
well as along major highways. Some of this spatial contrast faded over time as concentrations
decreased across the entire area, though areas near the center of Seattle and the Sea-Tac Airport

remained elevated (Figure 47).
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Figure 45. Predicted historical UFP and BC exposure for the cohort
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Predicted BC Exposure Surfaces
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Figure 46. Predicted BC exposure surfaces over time

Predicted UFP Exposure Surfaces
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Figure 47. Predicted UFP exposure surfaces over time
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Maps looking at how the predicted BC and UFP exposure surfaces changed between
1995 and 2019 indicated that the drop in concentration varied across the study area (Figure 48).
UFPs, in particular, saw the largest change between the center of Seattle and the Sea-Tac

Airport, while BC also saw a strong change along major highways.
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Figure 48. Reduction in the predicted BC and UFP exposure surfaces between 1995-2019

A comparison of model predictions for ACT cohort locations with and without a
temporal adjustment showed that the trend adjustment impacted predictions substantially more
than changing values of TVCs over time (Figure 49). Note that the annual predictions shown are
for all cohort locations on record and are not time-varying, as would be conducted in a health

analysis.
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Figure 49. Model predictions at ACT cohort locations before and after applying a temporal trend

adjustment. No trend plots are those where different values of time-varying covariates were used for any
given year prior to using temporal trend adjustment factors for the final predictions. There is one density
curve per year. Note that the annual predictions shown are for all cohort locations on record and are not

time-varying, as would be conducted in a health analysis.

Validation

Validation Dataset

Sixty-five of the original 98 site-years met our inclusion criteria and were included in the
final BC validation dataset (66%). Observations came from 9 different sites that had collected
BC measurements between 2003-2019 (Figure 50). BC concentrations during this time had a
median (IQR) of 1,109 (476) ng/m? and ranged from 630-1,833 ng/m?>. Each year had between 1-
5 sites with annual averages. Median annual concentrations ranged from 783-1,554 ng/m?, with
typically higher concentrations during earlier years. Each site had between 2 and 12 years of

data. Median site concentrations ranged from 836-1,365 ng/m>.
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Figure 50. Historical annual average BC concentrations at AQS sites

The validation dataset for UFP consisted of a range of particle concentrations estimated
from the volume concentrations presented by Kim et al. (2004) during their 2001 Beacon Hill
study (E. Kim et al., 2004). The estimated median UFP concentration was 92,119 pt/cm? and
ranged from 69,451-131,404 pt/cm?.

Model Validation

The BC model captured the overall concentration trend at all of the available AQS site-
years in our out-of-sample validation set, though the model underestimated observed

concentrations (Figure 51). Model predictions were on average 61% of the value of the observed
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concentrations (39% lower) and ranged from 40-86%. The model’s out-of-sample RMSE was
502 ng/m?, while the out-of-sample MSE-based R? (R?wmsg)and regression-based R? (R%reg) were
0 and 0.50, respectively. The site-specific RMSE estimates ranged from 313-634 ng/m?, with
slightly better model performances at Beacon Hill and Kent than Tacoma Tideflats, though this
difference was small (Figure 52, Table 15). Year-specific RMSE estimates ranged from 189-688
ng/m? (Figure 53, Appendix B Table 16). There was no clear temporal pattern in the model’s
performance. The R?vse was 0 for all site-specific and most year-specific estimates since most
predictions were not the same as the estimates. The R%re; was higher and more variable for all
estimates, presumably because this approach reports whether variables are linearly associated,

regardless of whether estimates and predictions are the same.
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Figure 51. Observed vs predicted BC concentration (ng/m?) at validation AQS sites. Diagonal dashed line

is the 1-1 line.
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Figure 52. Validation results by site, including MSE-based R?
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Table 15. Validation results by site. N = number of years with BC observations.

Site N Years (ﬁg/{ig Riyse R*Res
Kot ; ggig ;g}é 2012, 2013, 2015, 2016, 2017, 31 0 o
Lake Forest Park 4 2004, 2006, 2007, 2008 366 0 098
Maysville 12 500 018 2012017 00 o6
E‘i‘ﬁa”“p South 4 2011, 2012, 2013, 2014 371 0 0.5
f;:ﬁii 10th & 4 2016,2017, 2018, 2019 465 0 0.72
ffii“ltﬂe Beacon 6 2003, 2004, 2005, 2008, 2009, 2010 329 0 071
Tacoma South L. 12 38(1);1: 38(1)451: ;8?2: 38(1)2: ;8}2’ 2011, 2012, 432 0 0.89
Tacoma Tideflats 11 38(1)22 ;gig: ;8};: ;g}é’ 2013, 2014, 2015, 634 0 0.38
z‘fiﬁ; i 2 2018,2019 352 0 1.00
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Figure 53. Validation results by year, including MSE-based R?
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Table 16. Validation results by year. N = number of sites.

RMSE

Year N Sites (ng/m?®) Rivise  R’Reg

2003 Seattle Beacon Hill 189  0.00

2004 Lake Forest Park, Seattle Beacon Hill, Tacoma South L 553 0.00 0.64

2005 Marysville, Seattle Beacon Hill, Tacoma South L 688  0.00 0.05

2006 Lake Forest Park, Marysville, Tacoma South L 450  0.00 0.71

2007 Lake Forest Park, Marysville 377  0.00 1.00

2008 Lake Forest Park, Marysville, Seattle Beacon Hill 384  0.00 1.00

2009 Marysvﬂle, Seattle Beacon Hill, Tacoma South L, Tacoma 503 000 044
Tideflats

2010 Kent, Marysville, Seattle Beacon Hill, Tacoma South L, Tacoma 433 000 047
Tideflats

2011 Kent, Puyallup South Hill, Tacoma South L, Tacoma Tideflats 450  0.00 0.73

2012 Kent, Marysville, Puyallup South Hill, Tacoma South L, Tacoma 385 000 0.68
Tideflats

2013 Kent, Marysville, Puyallup South Hill, Tacoma South L, Tacoma 522 000 048
Tideflats

2014 Marysvﬂle, Puyallup South Hill, Tacoma South L, Tacoma 519 0.00 078
Tideflats

2015 Kent, Marysville, Tacoma South L, Tacoma Tideflats 561 0.00 044

2016 Kent, Marysville, Seattle 10th & Weller, Tacoma South L, Tacoma 253 019  0.90
Tideflats

2017 Kent, Marysville, Seattle 10th & Weller, Tacoma South L, Tacoma 382 000 084
Tideflats

2018 Kent, Seattle 10th & Weller, Tacoma Tideflats, Tukwila Allentown 345  0.00 0.61

2019 Kent, Seattle 10th & Weller, Tacoma Tideflats, Tukwila Allentown 377  0.00 046
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The UFP model underpredicted the lower range of the observed UFP concentration at
Beacon Hill in 2001 by 51,313 pt/cm? (equivalent to the RMSE) (Figure 54). This was 74%

lower than the lower range of the observed concentration.
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Figure 54. Observed (Kim et al., 2004) UFP concentration range and predicted UFP concentration for

2001 at Beacon Hill

Sensitivity Analyses

The resulting NOx emission factors gathered from MOVES and total emission estimates

on 100 m road links had very similar temporal and spatial patterns as EC (Pearson correlation, R
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=0.998; Figure 55; Appendix C Figure 83 - Figure 85). As with EC, earlier times and locations

near major highways generally had higher NOx emissions.
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Figure 55. Comparison of final NOx and EC emissions on 100 m road links

As with EC PLS scores, NOx PLS scores from the BC and UFP models for ACT cohort
locations were larger and more variable during earlier time periods, with locations near major
highways having particularly high values during earlier times (Appendix C Figure 86 — Figure
88). NOx PLS scores generally decreased over time, with the largest decreases observed along
major highways (e.g., I-5).

BC and UFP predictions from this NOx predictor model were almost identical to
predictions from the primary model (BC: R>~1.0, RMSE =13 ng/m?; UFP: R? ~1.0, RMSE = 142
pt/cm?; Figure 56). The NOx predictor BC model’s overall out-of-sample RMSE and R? were the

same as the primary model at 502 ng/m? and 0, respectively. The model’s site- and year-specific
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RMSE and R? were almost identical. The NOx predictor UFP model’s overall out-of-sample
RMSE and R? were also similar to those of the primary model at 51,737 pt/cm? and 0,

respectively.
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Figure 56. Comparison of BC (ng/m?>; left) and UFP (pt/cm?>; right) predictions at cohort locations using EC

(primary) and NOx emission predictors. Prediction comparisons are for all study years (1995-2019).

Discussion

Novelty

In this work, we are the first to develop long-term UFP and BC exposure surfaces for the
ACT cohort. A strength of this study is that, to the best of our knowledge, we are the first to
extrapolate an exposure surface derived from a mobile monitoring campaign back in time. Most
others have relied on dispersion models, satellite images, regulatory monitoring, and/or short-
term fixed sampling with few repeat visits per site (Bellander et al., 2001; Hystad et al., 2012; S.
Y. Kimet al,, 2017; Levy et al., 2015; Meng et al., 2019; Molter et al., 2010b; Montagne et al.,
2015; R. Wang et al., 2013). As such, we were able to extrapolate a larger and likely more
accurate exposure surface back in time when compared to other studies. Furthermore, most
studies have focused extending NO2, NOx and PMax s surfaces back in time. Only one study has
extrapolated UFP and BC exposure surfaces back in time, though this was done from a short-

term monitoring campaign with only 3 repeat visits per site, and predictions were only
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extrapolated back ten years (Montagne et al., 2015). Furthermore, in this study we document an
approach for capturing decreasing air pollution trends over time despite only having a single
regulatory monitoring site within our study area with long-term observations and the presence of
missing data. Our extensive use of covariate-buffer predictors and interpolation of these at the
annual level resulted in fine spatial adjustments at the site level. Despite having a limited
validation dataset, we know that TRAP levels have changed over time, and at some places more
than others. Our approach acknowledges this and produces exposure surfaces that we believe
will yield improved long-term exposure assessment for epidemiologic cohorts when compared to
more common methods involving short-term exposure surrogates. As a whole, we thus describe
an approach using time-varying covariates (TVCs) and temporal adjustment factors under
circumstances of limited exposure data in order to extrapolate otherwise unavailable exposure
surface back in time. This approach builds on past work in the field and specifically applies it to

an extensive mobile monitoring campaign designed for epidemiologic application.

Geocovariates

Using space- and time-varying highway vehicle emission covariates (TVCs), population
density and NDVI allowed us to account for spatiotemporal changes in these important TRAP
predictors. Major roadway emissions are important contributors to overall TRAP concentrations,
while population density and NDVI are both strongly association with TRAP (Cattani et al.,
2017; Hatzopoulou et al., 2017; Kerckhoffs et al., 2016; Messier et al., 2018; Minet et al., 2017,
Montagne et al., 2015; Saha, Li, et al., 2019; R. Wang et al., 2013; Weichenthal, Ryswyk, et al.,
2016; Xie et al., 2017; Yuchi et al., 2020). Population density and NDVI were especially useful
at locations where vehicle emissions were otherwise unavailable, for example, away from major

roads and in rural areas.

Highway Emissions

Given that TRAP emissions on road sections were unavailable prior to 2005, our
approach of using point counter data, which was available starting in 1990, to interpolate
distance-weighted AADT on road sections allowed us to use this covariate in our models. The

moderate to good agreement between our AADT estimates on 100 m road links and WSDOT
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road segment estimates starting in 2005 indicated that this approach was reasonable. A similar,
but more complex interpolation approach is used by WSDOT. Though the smoothing of AADT
estimates based on other nearby road links did not change most estimates, we incorporated this
step since a few road links did see large changes. This difference may have been a consequence
of our GIS approach for identifying nearby counters. The final smoothed road link emission
estimates generally decreased and were less spatially variable over time. Emissions near major
sources (i.e., highways) had the sharpest drops.

A few other studies have also used vehicle emissions within buffers in LUR models and
found significant associations with TRAPs, including UFPs and BC (Hatzopoulou et al., 2017;
Minet et al., 2017; Weichenthal, Ryswyk, et al., 2016). Many past studies, however, have used
traffic counts in LUR models as a simpler emissions surrogate (Rob Beelen et al., 2013;
Henderson et al., 2007; Kerckhoffs et al., 2016; Montagne et al., 2015; Saha, Li, et al., 2019; Xie
et al., 2017). Given our focus on long-term exposure, however, we felt it necessary to also
incorporate emission factors in order to better characterize changing emissions over time, which
have been impacted by both generally cleaner running cars and an increase in vehicle miles

driven.

PLS

We were able to more efficiently interpolate geocovariate values for years with
unavailable data and more finely adjust model predictions over time by using PLS to summarize
each geocovariate’s many buffer combinations into a single linear combination.

Over time, we generally saw decreasing emission and NDVI PLS scores and increasing
population density PLS scores, illustrating the temporal changes in these covariates. PLS scores
at mobile monitoring locations (from 2019 emissions, 2019 NDVI and 2010 population density
used to build each TVC model) were similar but slightly less variable than the PLS scores at
cohort locations, indicating spatial compatibility (Figure 36). Over time, however, the
distribution of cohort location PLS scores generally increased or decreased, moving away from
the mobile monitoring distributions in 2019 (used to fit the models), suggesting that model
predictions were being extrapolated outside of the geocovariate space used to fit the models. This

was especially true for EC emissions, which were much higher at some locations during earlier
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times than the highest values we observed during 2019. This approach of adjusting model
predictions thus assumes that the same relationship held between each TVC predictor and TRAP
since no other monitoring observations were available during earlier time periods. The
spatiotemporal model used to generate predictions in Aim 1 is also heavily reliant on the spatial
contrasts and temporal trends observed in more recent years, though not exclusively so as in this
work, due to the scarcity of historical data (Keller et al., 2015).

Maps of TVC PLS scores further illustrated how temporal changes in these covariates
were more pronounced in some areas than others. Between 1995 and 2019, for example,
population density PLS scores saw the greatest increases near the Seattle area, while emissions
PLS scores saw the greatest decreases along major highways. These trends highlight the
importance of incorporating TVCs into our models, particularly when long-term exposure
assessment is of interest, rather than solely relying on a temporal trend adjustment where all

locations are adjusted to the same degree.

Trend

We estimated a temporal trend from Beacon Hill observations of EC between 1997-2018.
A strength of this approach was the availability long-term observations that were collected using
the same protocols over time from an AQS site located in the center of our study area.

In order to estimate temporal trend adjustment factors from long-term observations, past
studies have used both ratio (Xi/Xreference) and additive (Xi - Xreference) approaches (Meng et al.,
2019; Molter et al., 2010a; R. Wang et al., 2013). We decided to use a ratio rather than an
additive approach since our trend was based on EC, which: a) could had a different concentration
magnitude than BC, and b) was based on different units than UFP (mass vs. number
concentration).

The resulting EC trend was similar to the BC trend observed at AQS sites in our
validation set, suggesting that this approach was appropriate. This trend reflected two emission-
reducing policies that are believed to have drastically lowered particle levels in the Puget Sound
(US EPA, 2019d). The first policy was enacted in 2007 and required new diesel trucks
(important contributors of particle pollution) to use particle filters (Transport Policy, 2018; US
EPA, 2001). The second policy was phased in between 2007-2014 and required lowered sulfur
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levels in ship fuel (T Larson, 2017). Using a natural cubic spline to smooth EC observations and
reduce random, year-to-year variability allowed us to capture this steep decrease in
concentrations between 2007-2014 as well as the overall long-term trend. We were also able to
extrapolate this trend to 1995 and 2019 where we otherwise had no observations.

As mentioned above, adjusting the entire exposure surface based on an annual temporal
trend adjustment factor assumes that TRAP levels changed at all locations in a similar fashion
(e.g., TRAP decreases by X% at all sites), though after the inclusion of TVCs in the universal
kriging models, which themselves did change the predictions to different degrees over time at
different locations. This could have resulted in some locations having more exposure
misclassification than others, particularly those that are different from Beacon Hill, an urban
background site. We may expect, for example, that very urban locations such as those near
downtown areas and I-5 may have truly seen steeper decreases in TRAP over time. The inclusion
of TVCs, which could capture these spatial changes over time, was meant to address this gap.

Still, while a temporal TRAP trend may be important for long-term exposure assessment,
it may be less essential for epidemiologic investigations where calendar time is adjusted for. Our
NOx-Dementia survival analysis presented in Aim 1 is an example of this since adjusting for
calendar time while using age as the time axis meant that we were comparing individuals who
were the same age during similar calendar years. Again, this highlights the importance of using
TVCs in our exposure models, even if their impact on model predictions was relatively small
compared to the trend adjustment.

In additional analyses, we characterized the contribution of the TVC, space covariates
and trend adjustment factors (Appendix C: Additional Analyses of Space, Time-Varying
Covariates and Trend Adjustment Factors). The following discussion pertains to UFPs, though
BC findings were very similar. Figure 94 shows that UFP concentrations were more strongly
correlated with the PLS space covariates (spacel-3) than with PLS TVCs (pop2010, ec2019,
ndvi2019). In a simplified linear regression model of UFP with standardized space and TVC
predictors, the space covariates had larger coefficient estimates that contributed significantly to
the model, while the space covariates had smaller coefficient estimates, and only the NDVI TVC
contributed significantly to the model (Table 38). In additional linear regression models of UFP
with space and/or TVC predictors, we again saw that models with space covariates alone

explained a moderate degree of the variation in UFP (R?=0.72), models with TVCs alone
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explained a smaller degree of the variation (R?>=0.23), and models with both space and TVCs
explained a similar amount of variation as the space-only models (R?>=0.73; Table 39). To better
understand the variability in UFP explained by the space covariates in the presence of TVCs, we
fit a model to the residuals of the TVC only model using space covariate predictors. The space
covariates explained 51% of the variability of these residuals, suggesting that the TVCs explain
roughly 45% of the variability that space covariates do (0.23/0.51 = 0.45).

We compared how the exposure surface changed over time before adding a temporal
trend (changes in predictions over time were due to changing TVCs) and after adding a temporal
trend (our primary model; Appendix C Figure 96). The model without a temporal trend predicted
increases in UFP concentrations for earlier times, particularly at higher concentration sites. The
model with a temporal trend predicted similar trends, though the increases were larger in scale
and also impacted low-concentration sites. Maps of predicted UFP concentrations before and
after adding temporal trend adjustment factors illustrate these patterns (Appendix C Figure 96).

These results suggest that while the space covariates were more strongly correlated to
UFP and BC than the TVCs and thus weighted heavier in the models, over time TVCs still
contributed to changes in the exposure surfaces. These changes were more evident for higher
concentration sites which experienced the largest changes over time as a result of changing
emissions, population density and NDVI, though the resulting changes were more subtle than
those from the primary models which also include trend adjustment factors. This suggests that
health analyses that adjust for time could still benefit from exposure surfaces derived from TVCs

since these may reduce exposure misclassification.

UK Model

The final models predicted a varying degree of BC and UFP exposure levels for the ACT
cohort over time. The distribution of predicted concentrations generally had the same shape as
the 2019 predictions (the reference year for the temporal trend), but with higher, more variable
concentrations during earlier times. In this study, the median and IQR of the final predicted
exposure levels for the ACT cohort were cut to less than half from 1995 to 2019. These results

are in line with changes in national and regional emissions as well as overall air quality since
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1990 (US EPA, 2019a). These have shown, for example, roughly a 50-60% drop in ambient NO>
and 78% drop in ambient CO levels.

Maps looking at changes in the predicted BC and UFP levels over time were similar, with
the largest drops occurring near the center of Seattle, along I-5 near downtown and the Sea-Tac
Airport, and along other major highways. There were some predicted differences, however, with
larger drops in BC levels occurring near major highways than UFP, and larger drops in UFP
levels occurring along I-5 near the airport than BC. Changes in BC levels may be a result of
cleaner running diesel trucks along major highways (i.e., lower emission factors from large
contributors) (Bureau of Transportation Statistics, 2020; US EPA, 2018c¢). Drops in UFP levels
may be due to cleaner aircraft technologies and fuels, improved airport ground traffic flow, and
additional modifications in the built environment meant to reduce ground-level aviation
emissions (Aviation Benefits Beyond Borders, 2020).

While some studies have justified the use of the same exposure surface for long-term
epidemiologic studies by arguing that the spatial concentration contrasts are conserved over time
(Cesaroni et al., 2012; Eeftens et al., 2011), this may not be true for very long-term exposure
studies, particularly those that do not adjust for time. In the case of dementia incidence in the
ACT cohort, for example, the exposure period of interest may be over 25 years, over which the
spatiotemporal changes in TRAP may be substantial. This may be especially true for places near

major TRAP sources such as highways and major airports.

Validation

BC validation AQS sites represented a mixture of residential, suburban, urban center,
commercial and industrial locations, indicating that these sites were generally diverse and

representative of the ACT cohort.

BC

The BC model generally captured the observed decreasing TRAP concentration patterns
over time and predicted elevated BC levels at the appropriate sites. The model, however,

underpredicted observed AQS site concentrations. The fact that the temporal trend adjustment
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factors changed model predictions more substantially than the time-varying covariates alone
indicate that our models relied heavily on temporal trend adjustment factors from Beacon Hill
observations of EC. A temporal trend derived from the actual pollutants of interest (i.e., BC and
UFP) and from higher concentration locations that observed steeper decreases in air pollution
over time could improve the model predictions. We did not conduct this analysis because
historical data were limited, and this would have further reduced our BC validation set.

Moreover, the BC model performed slightly better at some locations than others, though
these differences may not have been meaningful. We saw a higher model performance, for
example, at Beacon Hill. Since EC from Beacon Hill was used to establish a temporal trend, and
it is correlated with BC, this likely explains the slightly better model performances at this site.
On the other hand, the model performed slightly worse at 10" & Weller. This difference could be
due to different monitoring years (10" & Weller monitored during later years than Beacon Hill),
or the different locations where the 10" & Weller and Beacon Hill AQS sites are located (urban
center vs residential/suburban area).

Furthermore, it was difficult to assess whether the model’s performance changed over
time. This was because each year only had 1-3 site observations, and the sites included in each
year varied from year-to-year. The variability in site- and year-specific R%reg estimates ranging
from poor to strong agreement may be partly due to this variability in the sites and years
included in each estimate. Since we fit the model using more recent BC observations and used
these to predict BC levels during earlier time periods, this resulted in the model being
extrapolated outside of the modeled geocovariate space for the TVCs. In addition, there were no
available observations prior to 2003, limiting our ability to assess the performance of our model
between 1995-2002. To adequately assess how our model performed over time, we would have
liked to have had observations from many AQS sites over the entire time period of interest.

Other possible reasons for the discrepancy between the observed and predicted model
concentrations could have been related to unusual weather events during particular years and/or

different sampling protocols including the equipment type and exact sampling location.
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UFP

Like the BC model, the UFP model also underpredicted the UFP concentration at Beacon
Hill during 2001. Our evaluation of this model was limited to this single site-year, however,
making it difficult to thoroughly assess this model.

There are a few possible explanations for the model’s underprediction of UFP
concentration. First, this could be related our conversion of volume concentrations to number
concentrations since this was comparable with what was measured in the mobile monitoring
campaign. We used the minimum, median and maximum particle diameter of each bin during the
conversion process in order to estimate a concentration range since particle diameter is an
important factor of this conversion. There were other conversion factors, however, that could
have affected this estimate (e.g., the standard atmospheric conditions assumption). Moreover,
different sampling protocols between our mobile monitoring campaign and the 2001 study could
have contributed the model’s performance. Kim et al. (2004), for example, collected UFPs 4 m
above ground, while our mobile monitoring campaign collected samples ~1.5 m above ground
(vehicle rooftop). Both campaigns additionally used different instrumentation. While we used
TSI P-TRAK 8525 particle counter, they used a differential mobility particle sizer (DMPS)
consisting of a TSI Electrostatic Classifier 3080 with a model 3081 long column differential

mobility analyzer and a TSI model 3010 condensation nuclei counter.

Sensitivity Analyses

BC and UFP predictions from the NOx predictor models were very similar to predictions
from our primary models. Since EC and NOx are highly correlated, it makes sense that their
predicted spatial and temporal patterns were very similar. Using only one of these pollutants in
future work would likely suffice.

We chose not to conduct other sensitivity analyses since these would have been difficult
to interpret given our limited validation data and would thus not have answered our scientific
question of interest. For example, we considered using historical BC concentrations from AQS
sites near our study area to build alternative temporal trend adjustment factors. And while we

believed that this approach could have better characterized historical BC and UFP trends when
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compared to EC at Beacon Hill alone, this would have left us with no out-of-sample observations
to validate our models. Using a subset of the AQS sites for this analysis would have made it

harder to see the spatial or temporal patterns that may have occurred over time.

Limitations

Time-Varying Geocovariates

The available model covariates that met all of our data inclusion criteria were limited.
Most covariates did not vary sufficiently over space, were unavailable going back to the mid
1990’s and/or had been collected differently over time. Still, the variables that we did use have
been previously identified as strong predictors of TRAP (Abhijith et al., 2017; Apte et al., 2017;
Hatzopoulou et al., 2017; Hoek et al., 2008; Kerckhoffs et al., 2016; Lane et al., 2016; Patton et
al., 2015; Patton, Collins, et al., 2014; Saha, Li, et al., 2019; Weichenthal, Ryswyk, et al., 2016;
Xie et al., 2017). Studies with shorter, more recent exposure periods of interest will have an
expanded set of available covariates, for example public transportation routes and stops,
Washington and National Emissions Inventories, more complete road networks, urban
imperviousness, etc.

The lack of available data dating back to the mid 1990s meant that we used default
MOVES EC emission factors for King County in order to estimate total BC and UFP vehicle
emissions. These pollutants have all been shown to be strongly associated with each other
(Janssen et al., 2017; Kerckhoffs et al., 2016; Salako et al., 2012), though here we assumed that
this relationship was constant over time. This may be a strong assumption given that
technological advances have reduced different vehicle emissions to varying degrees over time
(US EPA, 2019a). Notably, the national- and county- scale default input tables for King County
were almost identical (Appendix C Figure 93) for two example years chosen: 1999 and 2009.
There was only one discrepancies for 1999 where the national-scale actually had slightly more
complete vehicle miles traveled (VMT) by vehicle type information than the county-scale. Upon
closer inspection of default input tables when running MOVES at the national-scale but for
different counties, it also appears as though input tables vary, reassuring us that emission factors

are to some degree customized for a given county even at the national scale. The advantage of
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calculating emission factors at the national- rather than the county- scale, however, was that
national-level inputs were used when default county-level input tables were otherwise
unavailable. Still, it would have been ideal to run MOVES at the county-scale with actual input
data for each modeling year rather than relying on default county inputs. In practice, however, it
is less likely that investigators will have access to all of these inputs, particularly for large study
areas spanning long time periods. During our initial research, for example, we learned that King
County itself (WADOE, WADOT, etc.) did not have archives of MOVES emission factors or all
of the required inputs required to run the model at the county-scale dating back to the 1990s.
WADOE had emission factors for 2011, 2014 and 2017, and they had extrapolated these to
estimate emissions between the years of 2005-2020. While it is possible to further extrapolate
these emissions back to the 1990s, this approach may be unjustified given that emissions and air
pollution trends saw large changes during the 1990s.

Furthermore, we acknowledge that the crude spatial resolution of MOVES limits the use
of this covariate in spatial models. Emission factors are available at the county level, while
AADT is only available on highways and freeways dating back to the 1990s. Historical
emissions on small neighborhood streets are thus unavailable, though these may contribute to
total TRAP levels to a relatively smaller degree than major roads since they generally have
irregular traffic volumes, making them difficult to model. For simplicity, we additionally did not
include arterials in this analysis. Arterials may contribute significantly to local TRAP levels, but
methods for estimating road AADT from these are more complex. Our approach in this analysis
was to use MOVES emission factors in conjunction with other higher spatial resolution
covariates, including population density and NDVI. In this study, we have thus shown an
approachable method for incorporating time-varying emissions into analyses as an improvement
over simpler traffic covariates (e.g., roadway proximity) which are more likely to result in
increasing levels of exposure measurement error over time. While imperfect, emission factors
generally captured the significant decreases in vehicle emissions over time, which would have
otherwise been unaccounted for.

To further improve on our approach, studies could extrapolate the earliest available data,
given that they had a good understanding of how it has changed over time. For example, the
distribution of vehicle class could be used to calculate class-specific AADT estimates, and these

could be combined with class-specific MOVES emission factors to estimate more accurate
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annual emission factors. This could result in a more accurate time-varying covariate if the
vehicle class distribution in King County differed from the default values available. In turn, this
could increase the influence of this covariate in the fitted, 2019 exposure models. An alternative
approach could be to model more recent years (~ mid 2,000s+) when more county-specific
inputs become available for MOVES (e.g., vehicle age and mix). We chose not to do so in this
study because this would have cut our exposure period of interest by a significant amount.

As for population density, we used the metro-level population growth trends from annual
ACS Surveys between 2010 and 2019 to inflate the 2010 decennial Census Bureau population
density estimates since the 2020 estimates were not yet available. This approach assumed that
population density increased by the same degree at each location (~2% per year). This approach
missed some of the variability that was truly observed at different locations, though it captured
the overall trend.

Furthermore, many of the monthly images for our study area used calculate NDVI: a)
were stitched together from different days, and b) had cloud coverage. While most of our study
area was within a single stitched area, cloud coverage generally shifted the NDVI estimate for
any given pixel closer to 0 (water areas are otherwise closer to -1, and other land areas are
variable but can be closer to 1). It was thus unclear whether the apparent decrease in NDVI from
1990 to 2010 and increase from 2010 to 2019 was true or reflective of an anomaly that occurred
during one of the years. Heavier than normal cloud coverage, for example, could have artificially
lowered the NDVI. Moreover, NDVI estimates came from satellites with different technologies
(Landsat 5 and Landsat 8). This likely resulted in slight discrepancies across years, as has been
seen for more recent NDVI imagery from Landsat 7 and Landsat 8 (P. Li et al., 2014; Xu & Guo,
2014). Still, our results showed that the inclusion of time-varying values for NDVI, population
density and emissions had a minimal impact on the model predictions back in time.

A potential solution for the existing NDVI dataset would be for future analyses to
download additional NDVI images and use a smooth line to recalculate NDVI. This may be
particularly important if inconsistencies appear to exist between years. A more sound solution,
however, is for future studies to ensure that NDVI images are radiometrically corrected, the
process of calibrating pixel values and/or correcting for errors (Humboldt State University,
2019). This is particularly important when land changes are being assessed over time (i.e.,

multiple images are being used). The appropriate, Surface Reflectance Higher-Level data (Level
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2 Data) are available for various Landsats dating back to Landsat 4 and can be ordered on
demand at no charge (U.S. Geology Survey, 2021). If studies are only interested in looking back
to around the year 2000 and do not require as fine of a spatial resolution as Landsat (~250 m vs
10-30 m), they may choose to use MODIS instead of Landsat images (NASA, 2020). These are
more temporally resolved (i.e., have an orbit frequency of 1 vs 16 days) and may thus also better
adjust for cloud coverage, and can have quality flags for each pixel. Finally, studies may opt to
use other geocovariate indicators of land use such as enhanced vegetation index (EVI), which is

similar to NDVI but has additional corrections that make it more sensitive to dense vegetation

(USGS, 2021).

Modeling

A feature of this analysis is that we extrapolated the 2019 exposure surface back in time
using TVCs and temporal trend adjustment factors. As such, our models rely on spatial rather
than temporal contrasts of TRAP and assume that the same covariate-TRAP relationships hold
over time, including times when the geocovariate values are outside of the modeling ranges (R.
Wang et al., 2013). For example, some population density values in 1995 were lower than the
lowest observed values in 2019. This relationship assumption may be less accurate as you go
further back in time. For example, while population density was generally lower during earlier
years, residential driving and public transportation patterns may have also differed, thus
impacting the relationship between population density and TRAP. Still, TVCs seemed to impact
model predictions to a small degree, especially when compared to the impact of the trend
adjustment factors, suggesting that this assumption had a minimal impact on our predictions.

To further investigate the rank order stability of a pollutant exposure surface over time,
we compared PM, s spatiotemporal model predictions (the pollutant with the richest dataset) at
ACT cohort locations in 2018 (the most recent year with complete predictions) to earlier years,
starting with the year 1995 (Appendix C Figure 89 - Figure 92 and Table 37). The mean (SD)
Pearson correlation coefficient (R) was 0.81 (0.12) and ranged from 0.43-0.96. We observed a
spread of the predicted concentrations for any given year relative to the prediction for 2018
(Appendix C Figure 91) and lower R values for some years (Appendix C Table 37), suggesting

that the concentration rank order (i.e., the exposure surface) did change over time, and for some
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years more than others. This indicates that our use of historical trend adjustment factors may be a
strong assumption, particularly since TVCs had a small impact on changing the exposure surface
over time. Still, the trend adjustment does capture the strong, positive association we saw
between PM, 5 concentrations in 2018 and earlier years. Moreover, past work has shown that
back-extrapolation of pollutant exposure surfaces can effectively characterize past exposure
levels (S. Y. Kim et al., 2017; Meng et al., 2019; R. Wang et al., 2013). Of note, this analysis
was limited given the existing data, and results may vary for pollutants with different sources and

spatial decay patterns such as NO, or other TRAPs.

Validation

In terms of model validation, we had a limited set of AQS site observations with which to
validate our model predictions. As such, our model results should be interpreted with caution.
For BC, we had observations dating back to 2003 but were unable to validate model predictions
prior to this when extrapolation may have been an increasing concern. Our UFP validation
dataset was even more limited. We only had one year’s worth of data for one site, there was
some missingness in the data, and we had to make various assumptions in order to estimate
particle number concentrations from the volume concentrations originally presented by Kim et
al. (2004). We addressed some of these concerns by calculating a weighted annual average and
estimating a range of possible particle number concentrations.

Furthermore, differences in data collection methods (e.g., instrumentation, exact
collection location) between our 2019 mobile monitoring campaign and AQS sites over time
may have additionally impacted our validation results.

Even with limitations, however, validating our model against AQS site observations
informed us that our predictions were within a generally expected range, though slightly lower

than the observations.
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Future Directions

This work positions us to build similar exposure models of other traffic-related pollutants
and conduct epidemiologic investigations of the association between long-term TRAP exposure
and dementia in the long-standing ACT cohort.

Future work may want to repeat our mobile monitoring campaign in the future and use
these additional data to improve model performances (e.g., by capturing site-specific temporal
trends). Models that adjust model predictions using observations from other years, for example,
may have reduced bias since pollutant concentrations are correlated across time periods (Correia
et al., 2013; R. Wang et al., 2013). Alternatively, others have fit separate models to different
monitoring campaigns to “recalibrate” coefficient estimates and allow for the relationship
between TVCs and TRAP to vary over time, a limitation of this study. In general, more work on
long-term, spatially granular UFP exposure assessment is necessary. Data in this field are
incredible sparse despite an increasing body of evidence linking elevated exposure levels to
adverse short- and long-term health outcomes including cognitive function (US EPA, 2018b)
(Table 8-31, 8-38). The spatiotemporal differences between UFP and BC levels predicted by our
models additionally stresses the need for more extensive monitoring of UFPs, all of which could

help validate our models more robustly.

Conclusion

In this work, we developed long-term BC and UFP exposure prediction models for the
long-standing ACT cohort. We extrapolated the exposure surfaces from a one-year mobile
monitoring campaign by incorporating into our models emission indicator covariates that were
available dating back to the early 1990s and varied over fine spatial scales along with temporal
trend adjustment factors.

Annual average BC and UFP exposure estimates for the ACT cohort varied for any given
year and were generally higher and more variable for earlier years. Locations near Seattle and

along major roadways saw the sharpest drops in BC levels, while locations near the Sea-Tac
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Airport saw the sharpest drops in UFP levels over time. Sensitivity analyses using NOx
emissions resulted in similar exposure estimates.

While our models underpredicted historical TRAP concentrations at AQS sites and do not
replace extensive, long-term exposure studies, they do provide an understanding of how these
otherwise poorly characterized pollutants may have changed over time at a fine spatial resolution
in the Puget Sound. These long-term BC and UFP exposure estimates for the ACT cohort will
support future investigations of the role of long-term TRAP exposure on dementia incidence.
This field that has been previously largely limited to short-term exposure, which may increase
exposure misclassification and be inadequate for long-term health studies such as dementia

(Power et al., 2016; Rivera et al., 2012).
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Conclusions & Future Directions

Conclusions

Dementia has been considered a major global public health priority (WHO, 2012). And
while recent animal and human studies have begun reporting on air pollution’s neurotoxicity,
including its association with dementia, many of these studies are extremely limited in their
exposure assessment (J. L. Allen et al., 2017; Carey et al., 2018; Chang et al., 2014; Chen,
Kwong, Copes, Hystad, et al., 2017; Chen, Kwong, Copes, Tu, et al., 2017; Kilian & Kitazawa,
2018; Oudin et al., 2016; Power et al., 2016). This body of work addressed some of the important
limitations in the field by taking into account TRAP’s spatial and temporal variability despite the
limited monitoring data available. The ACT cohort, a community-based, prospective cohort
study on aging and the brain, was the basis for this work.

First, we are one of the first to investigate time-varying, long-term NO, exposure and
late-onset dementia incidence using predictions from our spatiotemporal model. The model
leveraged decades of regional monitoring data and local data from smaller exposure assessment
campaigns at locations representative of participant homes. In line with the current literature, we
saw no strong evidence of an association between long-term NO> exposure on late-life dementia.

Second, our extensive 2019 TRAP mobile monitoring campaign allowed us to develop
well-performing, spatially rich models of annual average UFP and BC concentrations. Using
time-varying traffic-indicator covariates and historical trends in elemental carbon levels in the
region, we extrapolated these models back to 1995 and characterized these otherwise poorly
understood long-term exposure surfaces. To the best of our knowledge, these are one of the first
long-term, spatially rich UFP and BC exposure prediction models specifically designed for
epidemiologic application. The development of these models will position us to conduct future

investigations of long-term TRAP exposure and dementia incidence in the ACT cohort.

156



Future Directions

Given the projected increase in dementia cases and higher vehicle miles driven in the
near future (Alzheimer’s Association, 2019; Sperling, 2018; Wortmann, 2013), exposure
assessment methods that consider both the spatial and temporal aspects of TRAP will continue to
be essential. While this work has already advanced our understanding of long-term traffic
pollution exposure and its role in late-life dementia, we are well-positioned to continue to make

strides in this increasingly appreciated but understudied field.

Refinement of this Work

A valuable next step in this work would be to refine the models presented in Aims 2-3 of
this work, for example by incorporating new covariates that characterize the spatiotemporal
trends in air pollution. Our work showed that locations northeast (downwind) of the airport had
higher observed concentrations than would have been predicted by the existing geocovariates in
the land use regression (LUR) piece of our universal kriging models. This suggests that the
development of new covariates that better characterize being within the downwind impact area,
proximity to the airplane landing strip and overall aviation traffic could improve our prediction
models without having them rely on existing nearby observations to make these adjustments.

Further work could be done to understand the smaller scale temporal pattern differences
between UFP, BC and other pollutants. For example, do the annual average exposure surfaces
for UFP, BC and other pollutants differ as a result of large differences across pollutant levels
during rush hours or nighttime?

As we noted in Aim 3, the NDVI geocovariate should also be improved, with an
emphasis on gathering radiometrically corrected values that are comparable over time. The
inclusion of new built environment covariates could be a valuable asset, as these are largely
missing from our models other than as general land use and type covariates (e.g., industrial,
green space). High-rise buildings, restaurants; processing, manufacturing and industrial facilities,
for example, could characterize important sources and dispersion factors not otherwise captured
by our existing covariates. Urban locations where these footprints are more likely to be greater

would most benefit from these improvements. Finally, exploring other available data through
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servers such as Google Earth Engine could enrich our access to time-varying covariates

important for the characterization of long-term air pollution trends.

Comparable Exposure Models

It would also be valuable to put our results into context by developing models
comparable to those of other mobile monitoring exposure assessment studies. We could develop
models using subsets of the data, for example, just the mobile data; just data from regulatory
monitoring collocation sites; just data from urban, higher population density locations, etc. to
reflect the sampling choices of other campaigns. We understand more about the importance of
collecting repeated, temporally-balanced samples from any given site in order to estimate
unbiased long-term averages from our other work looking at NOx measurements from regulatory
monitors in California (Blanco et al., 2021). This work suggests that shorter-term, two-season
rush hours or business hours designs (which are common in the literature) are more likely to
result in biased annual average estimates than year-around balanced designs similar to our 2019
campaign. Finally, it would be informative to build exposure models using simpler land use
regression-only approaches with a fewer number of modeled geocovariates, as is common in the
literature, and see how our model performances differ. These analyses should additionally report
the in-sample regression-based R?, the default output in most statistical software, which is likely
what most other studies have reported. This estimate often performs better than the out-of-
sample and MSE-based R? estimates that we reported, which are more scientifically interesting
since they are more reflective of a model’s accuracy and ability to predict and at locations it has

never seen before (locations not used to build the model).

Additional Related Questions

There are additional related questions that could be answered with much of our existing
data related to the ACT cohort and exposure assessment. A comparison of the ACT cohort
characteristics against those of the greater Seattle area and older US population as a whole would
be valuable. The demographic composition of the cohort was reported for the initial cohort, but

as far as we know has not been formally published for the most recent cohort (Kukull et al.,
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2002). Characterizing the air pollution exposure levels of this cohort relative to other populations
would also be valuable.

Furthermore, the EPA has noted that a major limitation of integrating and assessing the
results from different UFP studies has to do with the different size fractions that are collected by
different studies (US EPA, 2019¢). While UFPs are defined as particles under 100 nm in
diameter, studies report total UFP count based on instruments with different particle size ranges,
many of which measure particles larger than 100 nm and do not go below 10 nm. Our 2019
mobile monitoring campaign gives us a unique opportunity to explore this question. This
campaign collected UFPs using different instruments with various particle size ranges over an
extended area and period of time (Table 2). A first order question is to investigate whether the
predicted exposure surfaces resulting from different instruments differ. Since most particles by
count are in the smaller size ranges, instruments that measure larger particle sizes may still
produce similar total counts. Instruments with lower measurement ranges, however, may miss
very high particle concentration levels near major sources. A second question is to investigate
where instruments disagree since different sources may produce different particle sizes within
the UFP size range. Some studies, for example, have found that higher levels of very small UFPs
are found near airports, suggesting that the UFP size ranges may differ over space (Austin et al.,
2021). This is of scientific interest since smaller particles can target larger areas of the body and
have been associated with greater neurotoxicity (Kilian & Kitazawa, 2018).

There is an opportunity to for us to characterize traffic pollutant decay curves with the
multi-pollutant data collected form our mobile monitoring campaign. A notable study in this
field published over a decade ago accomplished this by synthesizing the findings of different
studies which were conducted using various protocols in different cities and time periods (Karner
et al., 2010). Our mobile monitoring data positions us to investigate this question in more
consistent manner. Because all of our data were collected near the center or edge of the road,
however, this analysis would be limited. Still, there is the potential to characterize the immediate
on-road decay curves along many different types of roads and land use settings, which is less
well documented. Data from regulatory monitoring sites where mobile monitoring collocations
were conducted could additionally be incorporated to characterize the concentrations of some
pollutants away from the roadway and at distances more comparable to participant homes.

Furthermore, data collected from small, low-traffic roads adjacent to large roads could
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potentially be treated as “off-road” data. This would further shed light on whether measurements
collected in the middle and edge of the roadway as well as near participant homes are similar
enough or at least maintain the same rank order. If true, this could make it unnecessary for
mobile monitoring campaigns to collect stationary measurements away from the center of the
road, which is reflective of the approach that most campaigns have already taken since it is more

efficient.

A Future Mobile Monitoring Campaign

An important limitation of Aim 3 where we were interested in characterizing long-term
traffic pollution trends was the limited temporal information that was available. Repeating our
campaign in the near future could better inform us about the region’s spatiotemporal trends in
traffic pollution. We would want to follow the same sampling protocols and complete the same
sampling routes in order the capture the within site variability over time and characterize the site
features responsible for different degrees of variation. For example, do traffic pollution levels
change more drastically over time at sites near major roads compared to sites away from roads?
If so, is this change meaningful and should this be considered in long-term exposure models?
Given sufficient funds, it would be valuable to conduct continuous sampling, especially of UFPs
for which we otherwise have very limited information on, to better characterize diurnal, weekly
and seasonal concentration patterns of individual pollutants and pollutant mixtures. Fixed site
sampling locations should be representative of a variety of locations including urban and rural,
industrial and residential, etc. This could further help us understand whether a single regulatory
monitoring site could adequately characterize temporal changes across all sites and be useful
enough to make temporal adjustments to site samples, like others have done for some pollutants
(Hankey & Marshall, 2015b).

We would also want to expand sampling to include participant locations along sidewalks,
front door entry ways and inside homes. Personal UFP samplers (e.g., Testo’s DiSCmini) could
also be used to collect personal air samples. This would help us understand how well ambient air
concentrations of various pollutants, including UFPs, reflect personal exposure. We would want
to include different types of dwellings (e.g., single family, apartment, high-rise buildings) and

collect home residence information to characterize lifestyle and behavioral patterns associated
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with air pollution exposure. For example, major indoor pollutant sources (e.g., wood/gas stoves),
home ventilation, whether filtration systems are used, etc.

While we have a good understanding that older populations spend the majority of their
time indoors, it would be useful to confirm this by collecting time activity pattern information
from a subset of participants. A growing area of concern, for example, is wildfire smoke
exposure, which can expose large populations to elevated air pollution levels for extended
periods of time. Given that air quality during wildfire seasons is expected to worsen in the
coming decades, it would be valuable to understand how older, vulnerable populations like the
ACT cohort may change their activity patterns during these times and as a result, be impacted
differently. We believe, for example, that individuals are likely to reduce their outdoor activities
and use indoor air filtration systems. This will certainly reduce personal exposure, but also the
accuracy of our ambient air exposure predictions models which do not yet incorporate these
increasingly important factors.

Taking all of this into account, gathering additional information through a follow-up
campaign could be incredibly valuable as it could inform us about both the fine-scale spatial and

long-term temporal patterns of traffic pollution, both of which are limited in the literature.

Epidemiologic Application

Finally, an important step is to use the existing models from Aims 2 and 3 of this work as
well as those resulting from the proposed work above to better understand the role of traffic
pollution on dementia incidence in the ACT cohort. Few epidemiologic studies, for example,
have investigated short- or long-term UFP exposure. Our work positions us to advance this
understanding especially well since we have one of the largest annual average exposure surfaces
for UFPs, and the means to develop similar exposure surfaces for other traffic pollutants,
including pollutant mixtures, an increasing area of interest. This work would be especially
valuable in understanding whether the health inferences that we draw are meaningfully different
when different exposure assessment approaches and models are applied. This is particularly
relevant since the design of our 2019 mobile monitoring campaign was more resource and
analytically intensive than many of the existing mobile monitoring campaigns conducted to date.

Having the ability to draw similar conclusions from much simpler campaigns and analytical
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approaches, for example, could facilitate future efforts focused on characterizing other poorly

monitored pollutants.

162



Appendices

Appendix A: Aim 1

Methods
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Figure 57. Directed acyclic graph (DAG) of the association between TRAP and dementia incidence with

potential confounders and precision variables.
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Results

Table 17. Annual average NO2 (ppb) exposure predictions for person-years (N) in the primary analysis

Years N Min Q05 Mean SD Median IQR Q95 Max
All 40,957 3 9 14 4 14 5 21 42
[1994,2000] 12,134 5 12 16 3 16 3 22 39
(2000,2006] 10,762 5 12 16 3 15 4 23 42
(2006,2012] 9,999 4 9 13 3 12 3 19 31
(2012,2018] 8,062 3 8 11 3 10 2 15 23
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Figure 58. Comparison of 1-year NO, exposure predictions for the ACT cohort from different models.
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Figure 61. PM3 s exposure predictions for the ACT cohort by participant age and calendar year bin
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All-cause dementia diagnosis by last visit
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c¢) Census tract annual income at baseline
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e) calendar year bin
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Figure 63. Plots of the cumulative hazard curves with confidence intervals of all-cause dementia for the
primary model’s confounder subcategories: a) gender, b) education at baseline, c) Census tract annual

income at baseline, d) race, and e) 2-year calendar bin. Nonproportional hazard lines in the confounder

subcategories indicate that the Cox model proportional hazards assumption may be violated.

Table 18. NO; (5 ppb) hazard ratios for all-cause dementia and AD from primary and sensitivity analyses

Model
Outcome Type Description HR (95% CI) N Events
Covariates
All-Cause (M2) Primary
2 Primary 1.01(0.91, 1.11) 41331 1136
Dementia Analysis
All-Cause Confounding &
) 1 o (M1) Reduced 0.98 (0.9, 1.07) 41331 1136
Dementia Mediation
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All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

3a

3b

Confounding &
Mediation

Confounding &
Mediation

Confounding &
Mediation

Confounding &
Mediation

Confounding &
Mediation

Time Variants

Time Variants

Time Variants

Time Variants

Exposure

Quality

(M3a) Extended

(M3b) Extended,
ACT Cohort

(M4) Extended &
Mediation

(M5) PM2.5
Adjusted

(M6) More
Confounder

Stratification

Using Onset (vs
Diagnosis) Age

Cal Time Axis w/
2 Yr Birth Cohort
Adj

5 Yr Birth Cohort
(vs 2 YrCal

Time)

2 Yr Birth Cohort
(vs 2 YrCal

Time)

Highest Quality
Address Hx

1.01 (0.91, 1.11)

1.02 (0.92, 1.12)

1.00 (0.91, 1.11)

0.94 (0.84, 1.06)

1.00 (0.90, 1.11)

0.99 (0.90, 1.09)

1.01 (0.91, 1.11)

1.01 (0.92, 1.11)

1.02 (0.93, 1.12)

0.99 (0.89, 1.11)

41331

41331

41331

41324

41331

40007

41331

41331

41331

28276

1136

1136

1136

1136

1136

1132

1136

1136

1136

941
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All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

AD

AD

AD

AD

AD

AD

AD

AD

3a

3b

Exposure

Quality

Exposure

Quality

Other

Primary

Confounding &
Mediation

Confounding &
Mediation

Confounding &
Mediation

Confounding &
Mediation

Confounding &
Mediation

Confounding &
Mediation

Time Variants

High Quality
Address Hx

No model
extrapolation

(2005+)

No IPW

(M2) Primary
Analysis

(M1) Reduced

(M3a) Extended

(M3b) Extended,
ACT Cohort

(M4) Extended &
Mediation

(M5) PM2.5
Adjusted

(M6) More
Confounder

Stratification

Using Onset (vs
Diagnosis) Age

1.00 (0.90, 1.11)

1.04 (0.92, 1.18)

1.01 (0.91, 1.11)

1.02 (0.91, 1.13)

0.95 (0.87, 1.05)

1.02 (0.91, 1.13)

1.02 (0.92, 1.14)

1.02 (0.91, 1.13)

0.99 (0.87, 1.13)

1.03(0.92, 1.15)

1.01 (0.90, 1.12)

37895

21672

41331

41331

41331

41331

41331

41331

41324

41331

40007

1053

733

1136

920

920

920

920

920

920

920

916
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Cal Time Axis w/

AD 2 Time Variants 2 Yr Birth Cohort  1.02 (0.91, 1.14) 41331 920
Adj
5 Yr Birth Cohort
AD 2 Time Variants (vs 2 Yr Cal 1.02 (0.92, 1.14) 41331 920
Time)
2 Yr Birth Cohort
AD 2 Time Variants (vs 2 Yr Cal 1.04 (0.94,1.16) 41331 920
Time)
Exposure Highest Quality
AD 2 . 0.99 (0.88,1.12) 28276 777
Quality Address Hx
Exposure High Qualit
AD 2 P s Y 1.00 (0.89, 1.12) 37895 853
Quality Address Hx
No model
Exposure .
AD 2 extrapolation 1.04 (0.92,1.19) 21672 635
Quality
(2005+)
AD 2 Other No [PW 1.02 (0.92, 1.14) 41331 920
Table 19. NO; (5 ppb) hazard ratios for all-cause dementia and AD from secondary analyses
Outcome Type Description HR (95% CI) N Events
All-Cause
. Exposure Quality Fixed Exposure at Entry 0.99 (0.90, 1.09) 4163 1137
Dementia
All-Cause
. Exposure Period 1 yr Exposure 1.03 (0.94, 1.13) 40957 1113
Dementia
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All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

Exposure Period

Exposure Period

Exposure Period

Exposure Period

Major Road Exposure

Major Road Exposure

Major Road Exposure

APOE Interaction

APOE Interaction

Race Interaction

Race Interaction

Gender Interaction

5 yr Exposure

20 yr Exposure

10 yr 5 yr Lag Exposure

10 yr 10 yr Lag Exposure

Major Road Proximity:
Near (vs Far)

Major Road Proximity:
Midway (vs Far)

Time Near Road (10 yr)

Interaction, APOE: No

Interaction, APOE: Yes

Interaction, Race: White

Interaction, Race: Non-

White

Interaction, Gender: Male

1.01 (0.92, 1.11)

1.01 (0.92, 1.12)

1.01 (0.92, 1.11)

1.00 (0.91, 1.10)

0.94 (0.83, 1.07)

1.42 (0.85, 2.38)

0.96 (0.83, 1.10)

1.03 (0.92, 1.14)

0.96 (0.82, 1.12)

1.01 (0.92, 1.12)

0.96 (0.73, 1.28)

1.11 (0.97, 1.28)

41211

41371

41224

41320

41376

41376

41376

41331

41331

41331

41331

41331

1126

1138

1135

1138

1138

1138

1138

1136

1136

1136

1136

1136
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All-Cause

Dementia

All-Cause

Dementia

All-Cause

Dementia

AD

AD

AD

AD

AD

AD

AD

AD

AD

AD

AD

AD

Gender Interaction

CACES

CACES

Exposure Quality

Exposure Period

Exposure Period

Exposure Period

Exposure Period

Exposure Period

Major Road Exposure

Major Road Exposure

Major Road Exposure

APOE Interaction

APOE Interaction

Race Interaction

Interaction, Gender:

Female

Residence Level

Exposure

Block Level Exposure

Fixed Exposure at Entry

1 yr Exposure

5 yr Exposure

20 yr Exposure

10 yr 5 yr Lag Exposure

10 yr 10 yr Lag Exposure

Major Road Proximity:
Near (vs Far)

Major Road Proximity:
Midway (vs Far)

Time Near Road (10 yr)

Interaction, APOE: No

Interaction, APOE: Yes

Interaction, Race: White

0.95 (0.85, 1.07)

1.08 (0.94, 1.23)

1.05(0.93, 1.19)

0.99 (0.88, 1.10)

1.04 (0.94, 1.16)

1.02 (0.92, 1.14)

1.02 (0.92, 1.14)

1.02 (0.92, 1.13)

1.01 (0.91, 1.12)

0.93 (0.81, 1.08)

1.49 (0.88, 2.53)

0.95 (0.81, 1.11)

1.05 (0.93, 1.18)

0.94 (0.79, 1.12)

1.02 (0.92, 1.15)

41331

41037

41162

4163

40957

41211

41371

41224

41320

41376

41376

41376

41331

41331

41331

1136

1123

1131

920

903

913

921

921

921

921

921

921

920

920

920
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Interaction, Race: Non-

AD Race Interaction . 0.95(0.70, 1.29) 41331 920
White
AD Gender Interaction Interaction, Gender: Male 1.14(0.97,1.33) 41331 920
Interaction, Gender:
AD Gender Interaction 0.96 (0.85, 1.10) 41331 920
Female
Residence Level
AD CACES 1.00 (0.87, 1.16) 41037 909
Exposure
AD CACES Block Level Exposure 0.99 (0.86, 1.13) 41162 915
Table 20. Competing risk analyses using cause-specific Cox proportional hazard models. Table shows
hazard ratios for death before dementia or AD for a 5 ppb increase in 10-year average NO; exposure. The
terminating event of interest (death before dementia) was censored at last study visit.

Outcome Description HR (95% CI) N Events
All-Cause Dementia (M2) Primary 0.98 (0.89,1.09) 41331 1086
All-Cause Dementia (M5) PM2.5 Co-pollutant 1.00 (0.90, 1.12) 41324 1086
All-Cause Dementia (M6) More stratification 0.99 (0.90, 1.10) 41331 1086
AD (M2) Primary 0.98 (0.88, 1.08) 41331 1160
AD (M5) PM2.5 Co-pollutant 0.98 (0.88, 1.10) 41324 1160
AD (M6) More stratification 0.98 (0.89, 1.08) 41331 1160
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Discussion

Table 21. Estimated dementia HRs for a 5 ppb increase in NO; or NOx from different studies, including
this one. Some hazard ratios were converted to volume concentrations (ppb) from mass concentrations
(ug/m3) assuming a 1.88 ug/m? per 1 ppb conversion factor. Oudin et al.’s 2016 HR is for NOx. The HRs

for all other studies are for NO..

Av
& Study HR for 5 ppb
Author Year Location N Exposure Study HR
. Units NO;
(ppb)
Seattle,
Blanco et al. 2020 USA 4,150 17.0  1.01(0.91, 1.11) Sppb 1.01(0.91,1.11)
London,
Carey et al. 2018 UK 130,978 19.0 1.16(1.05,1.28) 7.5ug/m® 1.20(1.06, 1.36)
Rome,
Cerza et al. 2019 Hal 350,844 234 0.97(0.96,0.99) 10ug/m® 0.97(0.96, 0.99)
taly
Chen, Kwong, .
Ontario,
Copes, Hystad, et 2,100,000 16.0 1.10(1.08,1.12) 142 ppb 1.03(1.03,1.04)
Canada
al. 2017
Chen, Kwong, .
Ontario,
Copes, Tu, et 243,611 15.0 1.07(1.06,1.08) 11.3ppb 1.03(1.03,1.03)
Canada
al. 2017
Ontario,
Ilango et al. 2019 34,391 104 1.10(0.99, 1.19) Sppb 1.10(0.99,1.19)
Canada
Umea,
Oudin et al. 2016 1,806 9.0 1.05(0.98,1.12) 10ug/m*® 1.05(0.98,1.11)
Sweden

'0r median exposure if the average was not available; in ppb
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Appendix B: Aim 2

Methods

Table 22. Geocovariate predictors available for modeling

No. Kind Covariate Label Available Description
Buffers
1 airports log m_to_airp log meters to closest airport
2 airports log m_to 1 airp log meters to closest large airport
3 coast log m to coast log meters to closest coastline
4 commercial log m to comm log meters to closest commercial and
and services services area
5 elevation elev_above 1000, 5000 number of points (out of 24) more
than 20 m and 50 m uphill of a
location for a 1000 m and 5000 m
buffer, respectively
6 elevation elev_at elev 1000, 5000 number of points (out of 24) within
20 m and 50 m of the location’
elevation for a 1000 m and 5000 m
buffer, respectively
7 elevation elev_below 1000, 5000 number of points (out of 24) more
than 20 m and 50 m downhill of a
location for a 1000 m and 5000 m
buffer, respectively
8 elevation elev_elevation elevation above sea level in meters
9 imperviousness imp a 50, 100, 150, average imperviousness
300, 400, 500,
750, 1000, 3000,
5000
10 land use rlu_barren_p 1000 proportion of barren land
11 land use rlu_decid forest p 300, 400, 500, proportion of deciduous forest
750, 1000
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12

13

14

15

16

17

18

19

20

21

land use

land use

land use

land use

land use

land use

land use

land use

NDVI

NDVI

rlu_dev_hi p

rlu dev lo p

rlu_dev_med p

rlu_dev _open p

rlu_evergreen_p

rlu_herb_wetland

p

rlu_mix_forest p

rlu_woody_wetlan

dp
ndvi_g25 a

ndvi q50 a

100, 150, 300,
400, 500, 750,
1000, 3000, 5000

50, 100, 150,
300, 400, 500,
750, 1000, 3000,
5000

50, 100, 150,
300, 400, 500,
750, 1000, 3000,
5000

50, 100, 150,
300, 400, 500,
750, 1000, 3000,
5000

150, 300, 400,
500, 750, 1000,
3000, 5000

750, 1000

150, 300, 400,
500, 750, 1000,
3000, 5000
750, 1000

250, 500, 1000,
2500, 5000,
7500, 10000
250, 500, 1000,
2500, 5000,
7500, 10000

proportion of highly developed land
(e.g., commercial and services;
industrial; transportation,
communication and utilities)
proportion of low developed land

(e.g., residential)

proportion of medium developed

land (e.g., residential)

proportion of developed open land

proportion of evergreen forest

proportion of herb (nonforested)
wetland

proportion of mixed forest

proportion of woody wetland

NDVI (25th quantile)

NDVI (50th quantile)
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22

23

24

25

26
27
28

29

30

31

32

33

34

35

36
37

38

NDVI

NDVI

NDVI

population

port

port
railroads, rail
yards
railroads, rail
yards

roads

roads

roads

roads

roads

roads

roads

roads

roads

ndvi q75 a

ndvi_summer_a

ndvi_winter_a

pop_s

log m_to 1 port
log m to m_port

log m _to rr

log m to ry

intersect al a3 s
intersect a2 a2 s
intersect a2 a3 s
intersect a3 a3 s

1l_al s

1 a23 s

log m to al

log m to al al i
ntersect

log m to al a2 i

ntersect

250, 500, 1000,
2500, 5000,
7500, 10000
250, 500, 1000,
2500, 5000,
7500, 10000
250, 500, 1000,
2500, 5000,
7500, 10000
500, 1000, 1500,
2000, 2500,
3000, 5000,
10000, 15000

1000, 3000

3000

3000

500, 1000, 3000
500, 750, 1000,
1500, 3000, 5000
50, 100, 150,
300, 400, 500,
750, 1000, 1500,
3000, 5000

NDVI (75th quantile)

average summer time NDVI

average winter time NDVI

2000 population density

log meters to closest large port
log meters to closest medium port

log meters to closest railroad

log meters to closest rail yard

number of al-a3 road intersections
number of a2-a2 road intersections
number of a2-a3 road intersections
number of a3-a3 road intersections

length of al roads

length of a2 and a3 roads

log meters to closest al road
log meters to closest al-al road
intersection

log m to al a2 intersect
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39  roads log m to al a3 i log meters to closest al-a3 road

ntersect intersection
40  roads log m to al23 log meters to closest al, a2 or a3
road
41  roads log m to a2 a2 i log meters to closest a2-a2 road
ntersect intersection
42 roads log m to a2 a3 i log meters to closest a2-a3 road
ntersect intersection
43 roads log m to a23 log meters to closest a2 or a3 road
44 roads log m to a3 a3 i log meters to closest a3-a3 road
ntersect intersection
45  truck routes log m to truck log meters to closest truck route
46  truck routes tl s 300, 400, 500, length of truck routes
750, 1000, 1500,
3000, 5000,
10000, 15000
47  water rlu_water_p 500, 750, 1000, proportion of water
3000, 5000
Results

Raw Readings

Table 23. Distribution of all, raw UFP and BC data collected.

Pollutant N Min Q05 Mean SD Median IQR Q95 Max
UFP

1,177,944 0 1,840 7,698 9,223 5,900 5,570 18,600 5e+05
(pt/cm?)
BC (ng/m’) 125,866  -11,797 -284 582 832 457 697 1,836 37,357
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Data Quality Control

P-TRAKSs and aethalometers recorded very low concentrations during zero checks
throughout the study (UFP & BC: 5/30/2019, 10/2/2019, 1022/2019, 11/21/2019, 1/13/2020;
UFP: 3/13/2020; Appendix B Table 24). Aethalometer readings were noisier and varied more
than P-TRAK readings, but concentrations were generally centered around 0 ng/m?. Note that a
few aethalometer readings were very low due to the instability of the instrument at measuring

short-term samples.

Table 24. P-TRAK and aethalometer readings during zero checks. The number of samples corresponds to

1- and 10-second readings for P-TRAKs and aethalometers, respectively.

No. No.
Instrument Min Q05 Mean SD Median IQR Q95 Max
Days Samples
P-TRAK
6 2,738 0 0 38 150 15 25 187 3,380
(pt/cm?)
Aethalometer
5 313 -1,162 -621 -1 391 0 479 629 1,304
(ng/m")

We observed unusually low PTRAK readings at stops on four occasions (1,019 one-
second readings, 0.09% of total readings; Appendix B Figure 64)Error! Reference source not f
ound.. These readings were dropped since there were clear indications of instrument
malfunctions such that readings precipitously dropped, remained flat and quickly increased again
or remained flat. Two of these occasions (3/22/2019 and 7/13/2019) had field notes verifying

that the instruments had had low alcohol wick issues.

182



2019-03-22_R07 2019-07-13_R03

MS0273 MS0164
1e+04 - - 1e+03
5e+03 - - 5e+02
L ‘I\ AP SORPA
SRR s P SR TI POT
0e+00 - —— e - 0e+00
-5e+03 - --5e+02
g 17:12 17:14 17:16 17:18 05:36 05:38 05:40 05:42 ')
2 —
a 2020-01-04_R03 2020-01-04_R03 a3
=
o
o MS0176 MS0177 3
5 <
1e+04 - - 1e+03
5e+03 - - 5e+02
0e+00 - - 0e+00
-5e+03 - --5e+02
06:2‘5:30 06:2‘6:00 06:2‘6:30 06:2‘7:00 06:4‘3:00 06:4‘3:30 06:4‘4:00 06:4‘4:30 06:4‘5:00
time
P-TRAK UFP (20-1,000 nm) NanoScan UFP (20-420 nm) MA 200 BC

Figure 64. Time series plots for stops with low P-TRAK readings (<300 pt/cm?) that were dropped. Note

that the relevant time periods varied in duration and thus so do the x-axes.

We observed high P-TRAK readings at the instrument threshold of 500,000 pt/cm? at
stops on two occasions (Appendix B Figure 65). These readings were kept since we also

observed elevated UFP readings from other, NanoScan instruments during these times.
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Figure 65. Time series plots of runs with P-TRAK (UFP) readings at the instrument threshold of 500,000

pt/em?

No BC readings reached the instrument threshold of 1 mg/m?. We observed high BC

readings above the 99" percentile of the data (~3,200 ng/m?) on one occasion (Appendix B

Figure 66). These readings were kept since we also observed elevated correlated UFP readings

from P-TRAK instruments during these times.
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Figure 66. Time series plots of runs with aethalometer (BC) readings above the 99" percentile (~3,200

ng/m>)
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Concentrations from collocated P-TRAKS in the field (median stop concentrations, ~ 2
minutes) and lab (median 2-minute concentrations) were in good agreement (Appendix B Figure

67). The estimated RMSE and MSE-based R? parameters were 575 pt/cm?® and 0.98,

respectively.

y = 207 + 0.95x
R2=0.98
RMSE = 575

30000 -
No. Pairs = 183

fit

20000 -

location

PMPT_93

Lab
RO7

10000 - RO08

0 10000 20000 30000
PMPT_94

Figure 67. Comparison of collocated primary (PMPT_94) and secondary (PMPT_93) P-TRAK instruments
(ot/cm?).
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Field (route: RO1-08) and lab (Lab, Rm 114) collocated aethalometer instruments were in
good agreement with an RMSE of 152 ng/m? and an R? of 0.91 (Appendix B Figure 68).

5000-y =71+ 0.91x
R2 =0.91
RMSE = 152

, No. Pairs =610 fit

400

location
3000 - Lab
RO1
R02

R0O3

BC_66

2000 -
RO5
RO6
RO7
1000 -

RO8

Rm 114

0 1000 2000 3000 4000 5000
BC_63

Figure 68. Comparison of collocated primary (BC _63) and secondary (BC_66) aethalometer instruments

(ng/m3).
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Stop Concentrations & Annual Averages
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Stop Concentration

Figure 69. Distribution of UFP and BC concentrations using all stops and 5% trimmed stops

Table 25. Distribution of UFP and BC concentrations using all stops and 5% trimmed stops

Pollutant Description N Min Q05 Mean SD Median IQR Q95 Max

BC (ng/m3)

All data 8,931 -216 92 581 602 411 435 1,687 14,014

5% trimmed 7,696 -31 152 507 352 411 358 1,196 3,606
UFP (pt/cm3)

All data 8,686 330 1,895 7,442 8,186 5,820 5,378 17,819 486,786

5% trimmed 7,452 1,050 2,508 6,775 4,186 5,817 4,493 14,023 51,935
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Table 26. ANOVA looking at the effects of site, season, day of the week and hour of the day on the

variation of UFP stop median concentrations

DF SS MS vC % Total
total 2329 17637316 100.0
season 3 411114550 137038184 63944 0.4
day 6 3221808823 536968137 491806 2.8
hour 20 1858518973 92925949 214196 1.2
site_id 308 33032865063 107249562 3931766 223
error 7110 91972141565 12935604 12935604 73.3

Table 27. ANOVA looking at the effects of site, season, day of the week and hour of the day on the

variation of BC stop median concentrations

DF SS MS vVC %Total
total 638 126311.7 100.0
season 3 42870317 14290105.6 7369.3 5.8
day 6 32007049 5334508.1 4760.1 3.8
hour 20 19020340 951017.0 2339.1 1.9
site_id 308 141756312 460247.8 14643.8 11.6
error 7358 715192958 97199.4 97199.4 77.0
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Annual average estimates at sites by averaging method and weight
N = 25 sites total

UFP (pt/cm3) BC (ng/m3)
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weight ® uw 4 s = stow2 + s tow2 tod2 method regression @ site only

Figure 70. Annual average site concentration estimates by method (regression vs site-only data
approach) and weight (s: 4 seasons; tow[#]: time of week splint into # times; tod[#]: time of day split into
# hours; uw: unweighted) for sites sampled each season-, time-of-week and time of day. Only presenting
sites with available estimates for all methods and weights presented (i.e., 25 sites had estimates for 2

different methods and 4 different weights).

Table 28. Variance components analysis (ANOVA) looking at the effects of site and estimation approach

(method and weight) on the variation of UFP annual average concentrations

DF SS MS VC %Total
total 314 4448060 100.0
method_weight 9 96750449 10750050 37572 0.8
site_id 308 12049662523 39122281 4399684 98.9
error 2430 26254644 10804 10804 0.2
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Table 29. Variance components analysis (ANOVA) looking at the effects of site and estimation approach

(method and weight) on the variation of BC annual average concentrations

DF SS MS VC % Total
total 3109 18288 100.0
method weight 9 98084 10898 32 0.2
site_id 308 50074082 162578 18203 99.5
error 2442 130591 54 54 0.3

Table 30. Variables dropped prior to running PLS

Reason

Common
value
(exclude
variables
with values
less than
20% of
being
different
from most
common

values)

110

Covariates

ll_a1_s00050, Il_a1_s00100, ll_a1_s00150, ll_a1_s00300, Il_a1_s00400,
rlu_water_p00050, rlu_ice_p00050, rlu_dev_open_p00050,
rlu_dev_hi_p00050, rlu_barren_p00050, rlu_decid_forest_p00050,
rlu_evergreen_p00050, rlu_mix_forest_p00050, rlu_shrub_p00050,
rlu_grass_p00050, rlu_pasture_p00050, rlu_crop_p00050,
rlu_woody_wetland_p00050, rlu_herb_wetland_p00050,
rlu_water_p00100, rlu_ice_p00100, rlu_barren_p00100,
rlu_decid_forest_p00100, rlu_evergreen_p00100, rlu_mix_forest_p00100,
rlu_shrub_p00100, rlu_grass_p00100, rlu_pasture_p00100,
rlu_crop_p00100, rlu_woody_wetland_p00100, rlu_herb_wetland_p00100,
rlu_water_p00150, rlu_ice_p00150, rlu_barren_p00150,
rlu_decid_forest_p00150, rlu_evergreen_p00150, rlu_mix_forest_p00150,
rlu_shrub_p00150, rlu_grass_p00150, rlu_pasture_p00150,
rlu_crop_p00150, rlu_woody_wetland_p00150, rlu_herb_wetland_p00150,
rlu_water_p00300, rlu_ice_p00300, rlu_barren_p00300,
rlu_shrub_p00300, rlu_grass_p00300, rlu_pasture_p00300,
rlu_crop_p00300, rlu_woody_wetland_p00300, rlu_herb_wetland_p00300,
rlu_water_p00400, rlu_ice_p00400, rlu_barren_p00400,
rlu_shrub_p00400, rlu_grass_p00400, rlu_pasture_p00400,
rlu_crop_p00400, rlu_woody_wetland_p00400, rlu_herb_wetland_p00400,
rlu_water_p00500, rlu_ice_p00500, rlu_barren_p00500,
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Reason

Low land
use (<
10%)

44

Covariates

rlu_shrub_p00500, rlu_grass_p00500, rlu_pasture_p00500,
rlu_crop_p00500, rlu_woody_wetland_p00500, rlu_herb_wetland_p00500,
rlu_ice_p00750, rlu_shrub_p00750, rlu_grass_p00750,
rlu_pasture_p00750, rlu_crop_p00750, rlu_herb_wetland_p00750,
rlu_ice_p01000, rlu_shrub_p01000, rlu_grass_p01000,
rlu_pasture_p01000, rlu_crop_p01000, rlu_ice_p03000,
rlu_shrub_p03000, rlu_grass_p03000, rlu_pasture_p03000,
rlu_crop_p03000, rlu_ice_p05000, rlu_shrub_p05000, rlu_grass_p05000,
rlu_pasture_p05000, rlu_crop_p05000, tI_s00050, tI_s00100, tI_s00150,
intersect_al1_al_s00500, intersect_al_a2_s00500,
intersect_a1_a3_s00500, intersect_a2_a2_s00500,
intersect_a2_a3_s00500, intersect_al_a1_s01000,
intersect_al1_a2_s01000, intersect_a2_a2_s01000,
intersect_a2_a3_s01000, intersect_al_a1_s03000, log_em_NOx_s03000,
log_em_S0O2_s03000, log_em_PM25_s03000, log_em_CO_s03000,
log_em_PM10_s03000, log_m_to_s_port

rlu_water_p00050, rlu_ice_p00050, rlu_pasture_p00050,
rlu_crop_p00050, rlu_water_p00100, rlu_ice_p00100,
rlu_pasture_p00100, rlu_crop_p00100, rlu_ice_p00150,
rlu_pasture_p00150, rlu_crop_p00150, rlu_ice_p00300,
rlu_pasture_p00300, rlu_crop_p00300, rlu_ice_p00400,
rlu_pasture_p00400, rlu_crop_p00400, rlu_ice_p00500,
rlu_pasture_p00500, rlu_crop_p00500, rlu_ice_p00750,
rlu_shrub_p00750, rlu_grass_p00750, rlu_pasture_p00750,
rlu_crop_p00750, rlu_ice_p01000, rlu_shrub_p01000, rlu_grass_p01000,
rlu_pasture_p01000, rlu_crop_p01000, rlu_ice_p03000,
rlu_barren_p03000, rlu_decid_forest_p03000, rlu_shrub_p03000,
rlu_grass_p03000, rlu_woody_wetland_p03000,
rlu_herb_wetland_p03000, rlu_ice_p05000, rlu_barren_p05000,
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Reason

Prediction
sites more
variable
than
monitoring
sites
(cohort SD
> 5 times
monitoring
data SD)

22

Covariates

rlu_decid_forest_p05000, rlu_shrub_p05000, rlu_grass_p05000,
rlu_woody_wetland_p05000, rlu_herb_wetland_p05000

rlu_water_p00050, rlu_pasture_p00050, rlu_crop_p00050,
rlu_pasture_p00100, rlu_crop_p00100, rlu_pasture_p00150,
rlu_crop_p00150, rlu_pasture_p00300, rlu_crop_p00300,
rlu_pasture_p00400, rlu_crop_p00400, rlu_pasture_p00500,
rlu_crop_p00500, rlu_pasture_p00750, rlu_crop_p00750,
rlu_shrub_p01000, rlu_pasture_p01000, rlu_crop_p01000,
rlu_shrub_p03000, rlu_shrub_p05000, rlu_grass_p05000,
rlu_crop_p05000
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Universal Kriging Models with Partial Least Squares
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Figure 71. Distribution of UFP PLS component scores for mobile monitoring stops and ACT cohort
locations within various areas
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Cohort locations within the study area
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Figure 72. Distribution of BC PLS component scores for mobile monitoring stops and ACT cohort locations

within various areas
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Binned empirical and modeled variogram for primary UFP analysis
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Figure 73. Binned empirical and modeled variogram for the UFP (top) and BC (bottom) model

195



Component: 1
0.2~

0.0-

-0.1-

0.2~

Component: 3
0.2~

UFP Loading

elev_5k_below log_m_to_truck

elev 3k at (l(xv‘ 1k 1t)0v<
0.0~ _mfo_ T Ob%@ g

LW §3

/e\ev elevatify, dey _med pOOﬁO

orov—or._above

/o
-0.1- Gﬁh A&a —
® log_m_to_waterway
4 P an o
i 500750) {tl_s00500
// L4
0.2-
- ' ' L} '
-0.2 -0.1 0.0 0.1

'

O

BC Loading

Component: 2

non-buffer

buffer
O 5000

O 10000
O 15000

kind
© airports
®  coast, water
© commercial and services
® elevation
® imperviousness
® land use
® NDVI
® population
®  port
© railroads, rail yards
® roads

® truck routes

Figure 74. Comparison of UFP and BC PLS model loadings. Labeled pairs are those with the largest UFP-

BC loading difference, as determined by the lowest and highest quantile from all three components (diff

< 0.1 quantile or diff > 0.99 quantile).

Table 31. UFP residual quantiles used to define a "large" residual from UFP-BC best fit lines.

Dataset Q05 Q95
Estimates -1582 2055
Cohort Predictions -1162 1504
Grid Predictions -858 1127
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Discussion

UFP size ranges collected in various UFP studies
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Figure 75. UFP size ranges and average concentrations reported in various studies, stratified by sampling

mode. The x-axis is on the log scale.
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Appendix C: Aim 3
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6 -
Site
. Lake Forest Park
. Kent
. Tacoma South L
- 4- . Tacoma Tideflats
=3 . Puyallup
8 . Marysville
. Seattle - Beacon Hill
0 . Seattle - Duwamish
| Seattle-10th & Weller
" Tukwila Allentown
0-

Comr%ercial Indulstrial Resicliential Subl,llrban Urban ICenter
Location type

Figure 76. AQS sites near the study area by location type
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Results

Primary
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Figure 77. Five-year average AADT at highway point locations.

Table 32. Five-year average AADT at highway point locations. N = number of point locations with

counters near the study area.

Year N Min Q05 Mean SD Median IQR Q95 Max

Overall 1,270 1,580 6,054 46,318 48262 29,000 24,462 167,020 208,500

1995 254 1,900 6,419 43,303 45,040 28,100 20,500 155,940 203,400
2000 254 1,700 6,320 45,964 48,568 28,400 23,650 166,233 201,400
2005 254 1,580 6,216 46,275 48,361 28,300 23,000 166,118 198,250
2010 254 2,340 5,745 46,608 48,636 28,900 24,500 165,130 193,600
2015 254 1,875 5989 49,441 50,715 31,000 26,312 172,925 208,500
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Figure 78. Five-year average AADT on 100 m highway road links between 1995-2018.

Table 33 . Five-year average AADT on 100 m highway road links between 1995-2018. N = the number of

road links.

Year N Min Q05 Mean SD Median IQR Q95 Max

Overall 51,560 1,604 8,767 52,955 50,416 30,404 51,210 168,016 208,246

1995 10,312 1,935 6,540 48,107 46,327 27,888 51,246 150,337 201,799

2000 10,312 1,725 9,494 52,608 50,711 29,512 52,903 168,016 200,268

2005 10,312 1,604 9,688 53,336 50,344 30,418 50,302 165,317 196,765

2010 10,312 2,396 9,100 53,651 50,717 30,028 49,412 165,026 192,758

2015 10,312 1,900 9,035 57,074 53,331 32,648 53,008 174,902 208,246
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Figure 79. AADT on 100 m highway road links near the study area. Plot shows 100 randomly selected

road links.
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Figure 80. AADT on 100 m road links before and after smoothing. Smoothing was based other nearby
road links (N=5). Points furthest away from the 1-1 line indicate the locations where smoothing had the

largest impact.

Table 34. EC emissions (g/100 m) over time on restricted roads near our study area

Year N Min Q05 Mean SD Median IQR Q95 Max
Overall 191,826 0 10 133 166 73 122 521 1,025
1995 31,971 0 31 246 244 140 269 791 1,025
2000 31,971 0o 27 201 198 113 211 660 787
2005 31,971 0 22 148 143 84 149 474 545
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2010 31,971 0 14 9% 93 54 87 303 350
2015 31,971 0 9 61 59 36 58 194 229
2019 31,971 0 7 43 42 25 41 137 162

-
c
=]
Q

O

Month Type

. heating
. non-heating

.
2015
Year

Figure 81. Number of daily EC samples available at Beacon Hill. Lighter-colored years are those that did
not meet the data completeness criteria.
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Figure 82. Annual adjustment factors based on EC readings at Beacon Hill, using 2019 as the reference

year.

Table 35. Predicted historical BC exposure for the cohort

Year N Min Q05 Mean SD Median IQR Q95 Max

5,225

Overall 602,650 213 440 883 393 805 500 1,574

1,269 407 2,318 5,225

1995 24,106 494 906 1,372 460

2000 24,106 440 806 1,195 349 1,125 348 1,929 3,580
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2005 24,106 366 666 962 245 919 270 1,472 2,291
2010 24,106 269 484 684 155 663 186 1,009 1,432
2015 24,106 218 394 551 117 537 146 761 1,132
2019 24,106 213 384 536 111 524 141 726 1,090
Table 36. Predicted historical UFP exposure for the cohort
Year N Min Q05 Mean SD Median IQR Q95 Max

Overall 602,650 2,245 5,683 11,509 5,247 10,560 6,445 20,765 55,571
1995 24,106 5,170 11,694 17,668 6,187 16,073 4,939 30,590 55,571
2000 24,106 4,605 10,359 15,443 4,889 14,254 4,254 25,837 40,874
2005 24,106 3,846 8,586 12,560 3,602 11,741 3,397 20,709 28,209
2010 24,106 2,829 6,273 9,019 2,384 8,511 2,392 14,410 19,304
2015 24,106 2,299 5,101 7,276 1,843 6,914 1,888 11,479 15,242
2019 24,106 2,245 4,987 7,086 1,760 6,753 1,822 11,095 14,712
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NOx Sensitivity Analysis
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Figure 83. MOVES emission factors over time for EC (ElementC_PM25) and NOx.
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Figure 84. NOx emissions on 100 m road links over time, after smoothing.
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Figure 85. Map of NOx emissions on 100 m road links at the beginning (1995) and end (2019) of the

study period
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Figure 86. Distribution of observed and interpolated NOx and EC time-varying covariate (TVC) PLS scores

at cohort locations for the BC and UFP models
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Figure 88. Change in NOx PLS scores from 1995-2019, based on the BC model
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Discussion

Additional Analyses of the PM2.s Concentration Rank Order Stability Over Time

The purpose of this analysis was to characterize how the PM> s spatial structure has
changed over time. The rationale was that this could help us understand how other pollutants
with more limited historical information (e.g., NO», UFP) may have also changed over time.
Analyses use spatiotemporal PM; s model predictions for ACT cohort locations at the two-week
level averaged over the year. Predictions are at cohort locations since these are the locations we
care about. The annual average for 2018 is used as the reference since it is the most recent year

for which we had a full year’s worth of predictions.
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Figure 89. Spatiotemporal PM>s model predictions at ACT cohort locations in 1995 (left) and 2018 (right)
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2018

212



1995 - 1999 2000 - 2004 2005 - 2009 2010 - 2014 2015 - 2017

12.5 4

11.5 1

10.5 1

9.5 1

8.514

7.54

Other Year PM2.5 Conc (ug/m3)

6.5 1

5.5

4.5+

3.5

55 60 65 70 75 55 60 65 70 75 55 60 65 70 75 55 60 65 70 75 55 60 65 70 75
2018 PM2.5 Conc (ug/m3)

veur I MM

19952000200520102015
Figure 91. Comparison of spatiotemporal PM,s model predictions at ACT cohort locations for 2018 and
other years. Plot includes loess lines. Plots show that there was some change in the rank order of
predictions (e.g., a concentration in 2018 was associated with varying concentration levels during earlier

years).
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Figure 92. Correlation coefficients for spatiotemporal model predictions at ACT cohort locations for 2018

versus other years

Table 37. Distribution of correlation coefficients for spatiotemporal model predictions at ACT cohort

locations for 2018 and other years

Method Min Mean SD Max
Pearson 0.43 0.81 0.12 0.96
Spearman 0.41 0.81 0.12 0.97
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EPA Motor Vehicle Emission Simulator (MOVES)
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Figure 93. Required inputs for running MOVES at the county-scale and whether default inputs are
available at the county- and national- scale for two example years (1999, 2009). The identical column
shows whether the default county- and national- scale tables are the same (e.g., both are missing or
both area available and with the same information). Note that hoteling hours were not used to estimate
emission factors in this analysis. For 1999, the national-scale actually had slightly more complete vehicle

type vehicle miles traveled (VMT) information than the county-scale.
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Additional Analyses of Space, Time-Varying Covariates and Trend Adjustment Factors
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Figure 94. Pearson correlations (R) between UFP concentration and model covariates (PLS component

scores).
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Table 38. Linear regression UFP model with model covariates. This is a simplified model over the UK
model to illustrate coefficient estimates and p-values. Using mobile monitoring stop observations to fit

models. All covariates were standardized (yi-mean(yi)/sd(yi). Similar findings for BC model.

term estimate  std.error statistic p-value
(Intercept) 8.800 0.008  1118.322 0.000 *
spacel 0.206 0.015 13.623 0.000 *
space2 0.103 0.009 11.064 0.000 *
space3 0.072 0.010 7.226 0.000 *
pop2010 -0.015 0.012 -1.210 0.227
ec2019 0.003 0.011 0.285 0.776
ndvi2019 -0.027 0.012 -2.222 0.027 *

Table 39. The variability explained an increasing number of PLS component predictors in least squares

linear regression for UFP concentration.

Predictors in Model R?

space 0.72
pop 0.13
ec 0.09
ndvi 0.16
all TVCs 0.23
space + pop 0.72
space + ec 0.72
space + ndvi 0.73
space + pop + ec 0.72
space + all TVCs 0.73
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Figure 95. Comparison of model predictions for 2019 vs a few example years from the primary analysis

(models include TVCs and temporal trend factors) and an analysis without trend factors.
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Figure 96. UFP predictions from the primary model (TVCs + Trend) vs a model without trend (TVCs).
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