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ABOUT HEI

The Health Effects Institute is a nonprofit corporation chartered in 1980 as an independent
research organization to provide high-quality, impartial, and relevant science on the effects of air
pollution on health. To accomplish its mission, the Institute

e identifies the highest-priority areas for health effects research

e competitively funds and oversees research projects

*  provides intensive independent review of HEI-supported studies and related research

e integrates HEI's research results with those of other institutions into broader evaluations

®  communicates the results of HEI's research and analyses to public and private decision-
makers.

HEI typically receives balanced funding from the US Environmental Protection Agency and the
worldwide motor vehicle industry. Frequently, other public and private organizations in the United
States and around the world also support major projects or research programs. HEI has funded
more than 390 research projects in North America, Europe, Asia, and Latin America, the results
of which have informed decisions regarding carbon monoxide, air toxics, nitrogen oxides, diesel
exhaust, ozone, particulate matter, and other pollutants. These results have appeared in more
than 275 comprehensive reports published by HEI, as well as in more than 2,500 articles in peer-
reviewed literature.

HEI's independent Board of Directors consists of leaders in science and policy who are
committed to fostering the public—private partnership that is central to the organization. The
Research Committee solicits input from HEIl sponsors and other stakeholders and works with
scientific staff to develop a Five-Year Strategic Plan, select research projects for funding, and oversee
their conduct. The Review Committee or Panel, which has no role in selecting or overseeing
studies, works with staff to evaluate and interpret the results of funded studies and related
research.

All project results and accompanying comments by the Review Committee or Panel are widely
disseminated through HEI's website (www.healtheffects.org), reports, newsletters, annual conferences,
and presentations to legislative bodies and public agencies.






ABOUT THIS REPORT

Research Report 228, Optimizing Air Pollution Exposure Assessment with Application to Cognitive
Function, presents a research project funded by the Health Effects Institute and conducted by Dr.
Lianne Sheppard at the University of VWashington in Seattle and her colleagues. The report contains
three main sections:

The HEI Statement, prepared by staff at HEl, is a brief, nontechnical summary of the study
and its findings; it also briefly describes the Review Panel's comments on the study.

The Investigators’ Report, prepared by Sheppard and colleagues, describes the scientific
background, aims, methods, results, and conclusions of the study.

The Commentary, prepared by members of the Review Panel with the assistance of HEI
staff, places the study in a broader scientific context, points out its strengths and limitations,
and discusses the remaining uncertainties and implications of the study’s findings for public
health and future research.

This report has gone through HEl's rigorous review process. VWhen an HEI-funded study is
completed, the investigators submit a draft final report presenting the background and results
of the study. Outside technical reviewers first examine this draft report. The report and the
reviewers’ comments are then evaluated by members of the Review Panel, an independent panel
of distinguished scientists who are not involved in selecting or overseeing HEI studies. During the
review process, the investigators have an opportunity to exchange comments with the Review
Panel and, as necessary, to revise their report. The Commentary reflects the information provided
in the final version of the report.

Although this report was produced with partial funding by the United States Environmental
Protection Agency under Assistance Award CR-83998101 to the Health Effects Institute, it has
not been subjected to the Agency’s peer and administrative review and may not reflect the views
of the Agency; thus, no official endorsement by it should be inferred. The contents of this report
also have not been reviewed by private party institutions, including those that support the Health
Effects Institute and may not reflect the views or policies of these parties; thus, no endorsement by
them should be inferred.
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PREFACE

HEI's Research to Assess Health Effects of Traffic-Related
Air Pollution and to Improve Exposure Assessment for

Health Studies

INTRODUCTION

Traffic emissions are an important source of urban
air pollution and have been linked to various adverse
health outcomes (Atkinson et al 2018; Health Canada
2016; HEI 2010; HEI 2022a; Huangfu and Atkinson 2020;
US Environmental Protection Agency [US EPA] 2016).
Over the last several decades, air quality regulations and
improvements in vehicular emission control technologies
have steadily decreased emissions from motor vehicles.
As a result, ambient concentrations of several major
traffic-related air pollutants have decreased in most
high-income countries, even as vehicle miles traveled
and economic activity have increased and older or
malfunctioning vehicles have remained on the roads (HEI
2022a; US EPA 2023).

Following HEI’s widely cited 2010 Report (HEI 2010),
HEI published Special Report 23, a systematic review of
more than 350 epidemiological studies on the health
effects of long-term exposure to emissions of primary
traffic-related air pollutants (HEI 2022a). The 2022 report
found a high level of confidence that strong connections
exist between traffic-related air pollution and early death
due to cardiovascular diseases. A strong connection
was also found between traffic-related air pollution
and lung cancer mortality, asthma onset in children and
adults, and acute lower respiratory infections in children
(Preface Figure). The confidence in the evidence was
considered moderate, low, or very low for the other
selected outcomes, such as coronary events, diabetes,
and adverse birth outcomes.

Although traffic-related emissions have decreased over
the past decades, further research is warranted in several
areas. Emerging evidence suggests that transportation can
affect health through many intertwined pathways such as
collisions, noise, climate change, temperature, stress, and
the lack of physical activity and green space (Glazener et
al. 2021). As tailpipe emissions from internal combustion
engines decrease and electric vehicles increase market
share, more studies are needed to quantify human
exposures to nontailpipe particulate matter better and to
assess the health effects associated with those exposures.

Health Effects Institute Research Report 228 © 2025

Relatively few studies evaluate how influential factors such
as green space, heat exposure, noise pollution, and physical
activity interact with or modify air pollution health effects.
Evaluation of those factors and exposures are critical
because they reflect real-world conditions and might
further advance our understanding of the implications of
transportation activities on traffic-related air pollution and
health (Khreis et al. 2020).

Moreover, better understanding is needed of the role
of specific pollutants including nitrogen dioxide (NO,) and
ultrafine particles (UFPs), the health effects of short-term
exposures versus long-term exposures, the effects on a
broader range of health outcomes (such as neurological and
birth outcomes) that have not been extensively examined,
and the ways in which marginalized communities are
affected. However, a challenge for exposure assessment of
traffic-related air pollution is that traffic emits a complex
mixture of pollutants in particulate and gaseous forms, many
of which are also emitted by other sources. In addition,
traffic-related air pollution is characterized by high spatial
and temporal variability, with the highest concentrations
occurring at or near major roads. Therefore, it has been
difficult to identify an appropriate exposure metric that
uniquely indicates traffic-related air pollution and to model
the distribution of exposure at a sufficiently high degree of
spatial and temporal resolution.

Various air quality models — such as dispersion, land
use regression, and hybrid models — have been developed
to estimate long-term exposure to air pollution (HEI 20223;
Hoek 2017; Jerrett et al. 2005). Recent developments in
measurement technologies and approaches to modeling
long-term exposure to air pollution have increasingly been
used to provide air pollution estimates at fine spatial scales
for epidemiological studies of large populations. Advances
include novel air pollution sensors, mobile monitoring,
satellite data, hybrid models, and machine-learning
approaches (Hoek 2017).

Moreover, many improvements in exposure models
have occurred over time with the advance of geographic
information system approaches and the application of more
sophisticated statistical methods; see, for example, several
studies previously funded by HEI: Apte 2024, Barratt 2018,

XV
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Health outcomes associated with traffic-related air pollution

Birth outcomes:
Term low birth weight @
Small for gestational age @

In Children:
Asthma onset @
Acute lower respiratory infections @
Asthma ever @
Active asthma @

In Adults:

All-cause mortality

Circulatory mortality

Ischemic heart disease mortality
Lung cancer mortality

Asthma onset

Respiratory mortality

Ischemic heart disease events
Diabetes

Overall confidence in the evidence for an association with long-term exposure to traffic-related air pollution:
high @® moderate to high @ moderate

Preface Figure. Overall confidence in the evidence for an association between long-term exposure to traffic-related air
pollution and selected health outcomes. Health outcomes for which the overall confidence in the evidence was low to
moderate, low, or very low are not in the figure. Reproduced from HEI 2022a.

Batterman 2020, Frey 2022, and Sarnat 2018. However, the
usefulness of exposure estimates still depends on the model
assumptions and input data quality, and there remain limitations
and challenges when predicting air pollution exposure, particularly
for such pollutants as UFPs, NO,, and black carbon (BC) that
vary highly in space and time. Few studies have compared
the performance of different models and evaluated exposure
measurement error and possible bias in health estimations.

Thus, HEI issued complementary requests for applications in
2017 (RFA 17-1) and 2019 (RFA 19-1) to evaluate traffic-related
health effects in the context of spatially correlated factors —
specifically traffic noise, socioeconomic status, and green space —
and to improve exposure assessment for health studies.

OBJECTIVES OF THE RFAs

OBJECTIVES OF RFA 17-1

RFA 17-1, Assessing Adverse Health Effects of Exposure to
Traffic-Related Air Pollution, Noise, and Their Interactions with
Socioeconomic Status, solicited studies that sought to assess
adverse health effects from exposure to traffic-related air
pollution and to disentangle the effects from spatially correlated
confounding or modifying factors — most notably, traffic noise,
socioeconomic status, and the built environment, including green
space. The RFA had five major objectives:

1. In the proposed health studies, develop, validate, and apply
improved exposure assessment methods and models suitable
for estimating exposure to traffic-related air pollution that

take into account other air pollution sources in urban areas
(such as airports, [sea]ports, industries, and other local point
sources) and that would be able to distinguish between
tailpipe and nontailpipe traffic emissions.

2. Propose ways in these studies to disentangle the
relationship of adverse health effects of traffic-related air
pollution and traffic noise.

3. Develop, evaluate, and apply indicators of socioeconomic
status at the individual and community level in the proposed
health studies; if such indicators are novel, compare with
socioeconomic status indicators commonly used in the
literature.

4. Explore the role of other factors that might confound or
modify the health effects of traffic-related air pollution at
the individual (e.g., age, smoking status, diet, physical activity,
and health status) and community level (e.g., presence of
green space, other factors related to the built environment,
and walkability).

5. Investigate — to the extent that the measurements and
patterns of a range of different indicators of traffic-related
air pollution allow it (e.g, NO,, UFPs, BC, and indicators of
nontailpipe emissions) — whether one or more of them
can be shown to have health effects independent of the
other pollutants.

OBJECTIVES OF RFA 19-1

RFA 19-1, Applying Novel Approaches to Improve Long-Term
Exposure Assessment of Outdoor Air Pollution for Health Studies,
solicited studies to assess exposures to air pollution using new


https://www.healtheffects.org/research/funding/rfa/17-1-traffic-and-health
https://www.healtheffects.org/research/funding/rfa/19-1-applying-novel-approaches-improve-long-term-exposure-assessment-outdoor-air-pollution
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and conventional exposure assessment approaches, to evaluate
quantitatively exposure measurement error to determine the
added value of the novel approaches, and to apply the exposure
estimates in epidemiological analyses to evaluate the potential
effect of exposure measurement error on chronic health estimates.
The RFA had four major objectives:

1. Conduct a new monitoring campaign designed to determine
long-term exposure to outdoor air pollutants with high spatial
and temporal variability by using sensors, mobile monitoring,
location tracking, or other approaches.

2. Develop several exposure assessment approaches suitable
to estimate long-term exposure to air pollution at relevant
spatial and temporal scales for use in an ongoing or future
health study.

3. Quantify exposure measurement error by evaluating
and comparing the performance of models of long-term
air pollution exposure developed under this RFA to the
performance of previous models.

4. Apply the various exposure estimates in an ongoing
health study to evaluate the potential impact of exposure
measurement error in health estimates or explain how
the exposure assessments would be directly applicable to
future health studies.

DESCRIPTION OF THE RESEARCH PROGRAM

Three 4-year studies were funded under RFA 17-1 and five
3-year studies were funded under RFA 19-1 to cover the various
RFA objectives; they are summarized below (Preface Table).
The study by Sheppard and colleagues described in this report
(Research Report 228) is the fifth to be published.

STUDIES FUNDED UNDER RFA 17-1

HEI funded two studies in Europe and one study in the United
States to evaluate various aspects of the association between
long-term traffic-related air pollution and health by using existing
cohorts (Denmark, USA) and a newly recruited cohort (Spain).
Two studies focused on health outcomes during pregnancy
(Dadvand) and childhood (Franklin), and one study focused on
cardiometabolic outcomes in adults (Raaschou-Nielsen).

“Traffic-Related Air Pollution and Birth Weight: The Roles
of Noise, Placental Function, Green Space, Physical Activity,
and Socioeconomic Status (FRONTIER),” Payam Dadvand and
Jordi Sunyer, Barcelona Institute for Global Health (ISGlobal),
Spain  Dadvand, Sunyer, and colleagues established a new
cohort, named Barcelona Life Study Cohort (BiSC) of 1,080
healthy pregnant women in Barcelona, Spain, in 2018. They
estimated exposure to various traffic-related pollutants by
using hybrid models that included dispersion models, land use
data, time-activity data, and personal and home-outdoor air
pollution monitoring data. They linked the exposure to various
birth outcomes including birth weight, small for gestational age,
and fetal growth trajectories. They evaluated the role of traffic
noise and green space and also took into account socioeconomic
status and maternal stress (in press).

“Intersections as Hot Spots: Assessing the Contribution of
Localized Non-Tailpipe Emissions and Noise on the Association
between Trdffic and Children’s Respiratory Health,”
Meredith Franklin, University of Southern California, Los
Angeles  Franklin and colleagues developed novel exposure
models of tailpipe and nontailpipe air pollutants and noise and
applied those models to children’s respiratory health in a large
Southern California cohort that was also studied in a previous
HEI-funded study led by Frank Gilliland; see HEI Research Report
190. They made use of the most recent Children’s Health Study
(CHS) cohort that was initiated in 2003 and included about 2,000
children in eight communities. Longitudinal data on asthma and
lung function were collected at various time points (2008-2012)
at ages 11 through 16. Air pollution models were supported by
particulate matter filters at more than 200 locations in the eight
Southern California communities (in press).

“Cardiometabolic Health Effects of Air Pollution, Noise, Green
Space and Socioeconomic Status: The HERMES Study,” Ole
Raaschou-Nielsen, Danish Cancer Society Research Center,
Copenhagen, Denmark Raaschou-Nielsen and colleagues
evaluated effects of traffic-related air pollution, traffic noise,
lack of green space, and other factors on myocardial infarction,
stroke, diabetes, and related biomarkers in three cohorts,
including an administrative cohort of about 2.6 million Danish
adults in the period 2005-2017. They assessed traffic-related
air pollution using a chemical transport model for various
pollutants, including UFPs and NO,. In addition, they assessed
noise, household- and neighborhood-level socioeconomic status,
and various residential green space exposure metrics (Research
Report 222).

STUDIES FUNDED UNDER RFA 19-1

HEI funded five studies in North America and Europe
to evaluate different aspects of improvements to exposure
assessment and the application of different exposure assessment
approaches to existing cohorts. Three studies focused on
combining novel methods for measuring air pollution and
diverse exposure assessment approaches to improve exposure
assignment, including machine learning and mobile monitoring
(Weichenthal and Hoek) and mobility (de Hoogh). Two studies
tested the added value of incrementally more complex statistical
modeling approaches to improving exposure assessment in
London (Katsouyanni) and Seattle (Sheppard) and applied their
findings to estimating health effects in epidemiological studies.

“Long-Term Exposure to Outdoor Ultrafine Particles and
Black Carbon and Effects on Mortality in Montreal and
Toronto, Canada,” Scott Weichenthal, McGill University,
Montreal, Canada Weichenthal and colleagues estimated
associations between long-term exposures to UFPs, BC,
and other pollutants and mortality in Toronto and Montreal,
Canada, using several exposure modeling approaches. They
conducted mobile monitoring campaigns in both cities and
used those newly collected data to develop various high-
resolution exposure models, including land use regression
and machine learning. They then evaluated how the effect
estimates for nonaccidental and cause-specific mortality

XVii
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in the Canadian Census Health and Environment Cohort
(CanCHEC) are influenced by different exposure models
(Research Report 217).

“Comparison of Long-Term Air Pollution Exposure from
Mobile and Routine Monitoring, Low-Cost Sensors, and
Dispersion Models,” Gerard Hoek, Utrecht University,
The Netherlands Hoek and colleagues compared the
performance of a suite of long-term exposure assessment
methods in the Netherlands for four air pollutants. The
predictions of the exposure models were compared at
20,000 random residential addresses in the Netherlands and
tested on existing and new validation data over a 20-year
period. They applied the various models to three major
cohorts in the Netherlands — an administrative cohort
of 10.8 million adults (DUELS), the European Prospective
Investigation into Cancer and Nutrition Netherlands
(EPIC-NL), and the Prevention and Incidence of Asthma and
Mite Allergy (PIAMA) birth cohort — to evaluate how they
influence health effect estimates in epidemiological studies
(Research Report 226).

“Accounting for Mobility in Air Pollution Exposure Estimates
in Studies on Long-Term Health Effects,” Kees de Hoogh, Swiss
Tropical and Public Health Institute, Basel, Switzerland de
Hoogh and colleagues used agent-based modeling to model
mobility patterns in Switzerland and the Netherlands based
on travel survey information. They used location tracking
using a mobile phone application and GPS units for about
700 individuals in the Netherlands and Switzerland. They then
compared exposure estimates accounting for mobility to those
accounting only for residential exposures in association with
health effects estimates in three major cohorts: the Study
on Air Pollution and Lung Disease in Adults (SAPALDIA)
in Switzerland, participants in the European Prospective
Investigation into Cancer and Nutrition Netherlands (EPIC-NL),
and the Swiss National Cohort (SNC) (in press).

“Investigating the Consequences of Measurement Error
of Gradually More Sophisticated Long-Term Personal
Exposure Models in Assessing Health Effects: The London
Study (MELONS),” Klea Katsouyanni, Imperial College,
United Kingdom Katsouyanni and colleagues evaluated
whether successively more detailed estimates of long-term
exposure to outdoor air pollution can be used to produce
more accurate and realistic estimates of the health effects
associated with exposure than are produced by other,
less detailed approaches. They leveraged personal exposure
data from four earlier studies in London. They compared
predictions from various exposure models that accounted
for exposure to indoor sources and mobility by using several
types of air pollution models (dispersion, land use regression,
machine learning, and hybrid models). Finally, exposures were
applied to the London segment of the UK Biobank study
with about 62,000 participants to evaluate associations with
several health outcomes (Research Report 227).

“Optimizing Exposure Assessment with Application to Cognitive
Function,” Lianne Sheppard, University of Washington,
Seattle Sheppard and colleagues compared the performance
of different exposure assessment study design features on long-
term exposure and health estimates in Seattle, for example
fewer visits per site, fewer days of the week, fewer times of day,
and fewer seasons. They leveraged detailed air pollution data,
including a mobile monitoring campaign of UFPs, and cognitive
function data from about 5,000 participants in the Adult
Changes in Thought (ACT) Air Pollution study. The investigators
used either the full dataset or subsets of measurements to
develop annual average exposure estimates using a suite of
models, including universal kriging, and machine learning models.
In particular, they used statistical techniques to assess the bias
and precision of health effect estimates and provided practical
guidance on future mobile monitoring campaigns (current report).

FURTHER RESEARCH UNDERWAY

Given the large number of people exposed to traffic-related
air pollution — both in and beyond the near-road environment —
exposures to traffic-related air pollution remain an important
public health concern and deserve greater attention from the
public and from policymakers.

Although emissions from automobile exhaust systems have
decreased in recent years, emissions from the use and wear
of brakes, tires, and other nontailpipe sources now contribute
a higher fraction of the particulate emissions. Therefore, HEI
funded two ongoing studies funded under RFA 21-1, Quantifying
Real-World Impacts of Non-Tailpipe Particulate Matter Emissions.
The two studies involve measurements of mass and composition
of ambient particles from nontailpipe motor vehicle sources
to disentangle nontailpipe and tailpipe pollution and better
understand how each effects human health. One study is
measuring concentrations of nontailpipe particulate matter
across Toronto, Canada, to determine how much nontailpipe
pollution people might breathe in everyday life and how to
improve measurement of these exposures in the future. The
other study is a panel study in which asthmatic adults rode
stationary bicycles on sidewalks in three different exposure
environments in London, United Kingdom, to measure how
exposure to traffic with different mixtures of nontailpipe and
tailpipe emissions affects lung function.

Building on its prior and ongoing research and the
recommendations from its systematic traffic review, HEI issued
RFA 23-1, Assessing Health Effects of TrafficRelated Air Pollution
in a Changing Urban Transportation Landscape. Investigators
funded under RFA 23-1 will conduct epidemiological and health
impact assessment studies to assess current and potential
future population-level health effects and health burdens
associated with current and future transportation systems and
traffic-related air pollution. The studies began in late spring
2024. HEI also publishes reports on the State of Global Air to
communicate the relationship between air quality and health
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around the world; see, for example, a recent report on cities
and NO, (HEI 2022b).

Looking ahead, HEI continues to support improvements in
exposure assessment via the use of new technologies, such as
satellite remote sensing data. HEIl held a workshop to discuss
applications of high-quality satellite remote sensing data, which
have opportunities for increased use in large epidemiological
studies, studying the health effects of wildfires, and addressing
environmental justice concerns. Challenges include the
complexities of data assimilation and accessibility, and current
data and algorithmic limitations. HEI recently issued RFA 25-1,
Advancing Satellite-Derived Air Quality Data and Approaches for
Use in Health Studies. The overarching goal of this RFA is to
develop a resource for health research that links satellite-derived
air quality products to quantified uncertainties and strengthens
the understanding of the implications of such uncertainties for
exposure, epidemiological, and health assessment research.
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STATEMENT

Synopsis of Research Report 228

Optimizing Air Pollution Exposure Assessment with

Application to Cognitive Function

BACKGROUND

There remain important limitations and
challenges when assessing long-term exposure
to ambient air pollution for use in epidemiolog-
ical studies. In 2019, the Health Effects Institute
issued Request for Applications 19-1 to develop
and apply novel, scalable approaches to improve
assessments of long-term exposures to outdoor air
pollutants that vary widely in space and time.

Dr. Sheppard was one of the five investigators
funded under this Request for Applications. Dr.
Sheppard and colleagues proposed to advance
the understanding of exposure assessment study
design features; for example, to investigate the
influence of sampling fewer visits per site, fewer
days of the week, restricted hours of the day, and
fewer seasons. They also included a comparison
of health estimates derived from those features.
They leveraged detailed air pollution and cogni-
tive function data available at baseline (1994 or
later) from the Adult Changes in Thought study
in Seattle, which is a cohort study of about 5,400
individuals 65 years of age or older.

APPROACH

Most analyses focused on ultrafine particle
data from a previously conducted mobile roadside
monitoring data campaign in 2019-2020 that
was designed to capture exposures for the Adult
Changes in Thought cohort. In that campaign,
short-term measurements were made from a
parked vehicle at 309 roadside locations, with
about 30 visits made to each site. For the present
study, the investigators also conducted analyses
using on-road measurements of ultrafine particles
between roadside sites along predefined routes, for
a total of 5,878 road segments. Each 100-meter seg-
ment was visited an average of 28 times. Ultrafine
particles were measured with different instruments
and size ranges captured, including a P-Trak and a
NanoScan. Possible extreme values were replaced
with a fixed percentile value for each visit (or seg-

What This Study Adds

e The study compared the performance of
different exposure assessment study design
features on long-term exposure and health
estimates in Seattle, Washington.

e |t leveraged detailed air pollution data,
including a mobile monitoring campaign,
and cognitive function data from the Adult
Changes in Thought study — a cohort study
of older adults.

e The investigators used either the full air pol-
lution dataset or subsets of measurements
to develop annual average universal kriging
models, machine learning models, and other
advanced statistical models.

e The study found that a mobile monitoring
study with roadside sampling of ultrafine
particles with at least 12 visits per location
optimized exposure model performance
while limiting costs.

e The study provides practical guidance on
future mobile monitoring campaigns, which
addresses a clear research gap.

ment), averaged across visits and log-transformed
for subsequent exposure modeling.

Further analyses were conducted on fine partic-
ulate matter and nitrogen dioxide concentrations
collected using low-cost sensors at about 115 fixed
monitoring sites in 2017-2020, combined with
regulatory monitoring data from a much longer
time period.

The investigators subsampled measurement data
to evaluate various exposure assessment study design
features, such as fewer visits per site, fewer days of
the week, restricted hours of the day, and fewer sea-
sons. The investigators used either the full dataset or
subsets of measurements to develop annual average
exposure estimates using a suite of models, including
universal kriging, spatiotemporal models, machine

This Statement, prepared by the Health Effects Institute, summarizes a research project funded by HEI and conducted by Dr. Lianne
Sheppard at the University of Washington and colleagues. Research Report 228 contains the detailed Investigators’ Report and a
Commentary on the study prepared by the HEI Improved Exposure Assessment Studies Review Panel.
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Statement Figure. Schematic overview of the study design.

learning, and other advanced statistical models
(Statement Figure). They assessed the performance of
each model using cross-validation (mobile monitoring
data) or a combination of cross-validation and external
validation (low-cost sensor data). The investigators
reported several measures to test the performance of
the exposure models, including the root mean squared
error and the mean squared error-based explained
variance. The investigators also explored the tradeoffs
between universal kriging exposure model perfor-
mance and logistical features (both cost and time) to
identify optimal monitoring designs.

Each model was used to predict the 5-year average
ultrafine particles or other pollutant exposures prior to
the cognitive function measurement that was obtained
at baseline (1994 or later). The investigators applied
standard linear regression to assess the association
between exposure to ultrafine particles from each
exposure model and baseline cognitive function,
adjusted for participant age, sex, education, and calen-
dar year (confounder model 1). Some results were also
adjusted for participant race and socioeconomic status
(confounder model 2).

In all comparisons, the models using all data from
the mobile roadside campaign or all the low-cost sen-
sor data were taken as reference models. Because even
the reference models contain exposure measurement
errors, the investigators quantified the exposure mea-
surement error using bootstrap methods and corrected
the health effect estimates accordingly in the reference
model for ultrafine particles.

KEY RESULTS

The universal kriging reference model using all
ultrafine particle data from the mobile roadside
campaign had a cross-validated mean squared error-
based explained variance of 0.65 (NanoScan) and
0.77 (P-Trak). The universal kriging model typically
performed slightly better than the various machine
learning models.

The wuniversal kriging models with restricted
mobile roadside sampling of ultrafine particles almost
always produced lower-performing exposure models
compared to the reference model. The investigators
found that a mobile monitoring study with roadside
sampling of ultrafine particles with at least 12 visits
per location optimized exposure model performance
while limiting costs. Furthermore, the investigators
noted that it is important that the exposure sampling
in mobile monitoring campaigns covers all days of the
week, most hours of the day (including early morning
and late evening hours), and at least two seasons.

Exposure of ultrafine particles estimated using the
reference model was negatively (adversely) associated
with cognitive function at baseline when adjusted
for participant age, sex, education, and calendar year
(confounder model 1). Cognitive function’s association
with ultrafine particles was —0.020 (95% confidence
interval: —0.036 to —0.004) per increase of 1,900 parti-
cles/cm®. The reduced sampling designs led to similar
findings in terms of negative (adverse) associations
between ultrafine particle exposure and cognitive func-
tion at baseline. However, the strength (magnitude) of
the observed negative associations sometimes differed
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substantially, especially for the business and rush hours
designs, which decreased associations by up to 60%.
The investigators reported that the observed negative
associations using confounder model 1 were affected
more by features of the mobile monitoring design than
by accounting for exposure measurement error in the
reference exposure model for ultrafine particles.

Notably, the observed negative association in the
reference model disappeared in health models that
also adjusted results for race and socioeconomic sta-
tus (confounder model 2). The null findings from the
reference model using confounder model 2 hampered
the assessment of the influence of sampling design on
health estimates using different exposure estimates for
ultrafine particles.

Using mobile on-road data for ultrafine particles, the
investigators found that most comparisons identified
the same design features or elements as important,
although with a few notable differences.

The addition of low-cost sensor data to data from
regulatory monitors and other research-grade monitors
improved exposure modeling for fine particulate mat-
ter. Increasing the number of low-cost sensor locations
and repeated measurements resulted in better exposure
model performance. In contrast, in most comparisons
for nitrogen dioxide, the addition of low-cost sensor
data improved exposure estimates only slightly. Largely
null findings were reported between fine particulate
matter, nitrogen dioxide, and cognitive function for the
various exposure models with and without low-cost
sensor data. The null results hampered the assessment
of the influence of adding low-cost sensor data for
health estimates.

INTERPRETATION AND CONCLUSIONS

In its independent review, the HEI Review Panel
thought the study was well-motivated and appreciated
that it leveraged detailed air pollution and cognitive
function data from the Adult Changes in Thought
study in Seattle. The study provides practical guid-
ance on future mobile monitoring campaigns, which

addresses a clear research gap. The extensive year-long
mobile monitoring campaign and the evaluation of
various exposure assessment study design features
were strengths of the study. Another strength was the
extensive air pollution exposure modeling and rigor-
ous evaluation of their performance. The Panel was
also impressed by the large number of publications
resulting from the work.

Although the Panel broadly agreed with the inves-
tigators’ conclusions, some limitations should be
considered when interpreting the results. Many of the
analyses focused on ultrafine particles, and there were
few comparisons across pollutants, although more
information is presented in the Additional Materials
and other publications. For the evaluation of exposure
design features using mobile roadside and mobile
on-road monitoring data of ultrafine particles, findings
were presented in different stand-alone chapters, and
different monitoring instruments were selected for var-
ious analyses. This makes a direct comparison between
the two monitoring approaches difficult. An analysis
investigating how the removal of possible extreme
values affected the subsequent exposure models was
missing from the report, but was included in a paper
resulting from this work.

The Panel recommended caution in interpreting
the findings from the health analyses and thought
some carefully designed simulations would have
complemented the real-world health study. The
health analyses were considered limited, particularly
because most of the exposure models used were based
on measurements conducted up to 25 years later than
the health outcome. In addition, some analyses lacked
adjustment for important confounding variables —
most notably socioeconomic status. Further research in
other cities and pollutants would be helpful to assess
the generalizability of the specific findings related to
exposure assessment design.

The comprehensive report includes many findings
that will be of broad interest and value to a wide audi-
ence.
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ABSTRACT

Introduction Epidemiological studies often make use of
exposure data that is collected in opportunistic and logisti-
cally convenient ways. And, while exposure assessment is
fundamental to environmental epidemiology, little is known
about what exposure assessment study designs are optimal
for health inference. The objective of this project was to
advance our understanding of the design of exposure assess-
ment measurement campaigns and evaluate their impact on
estimating the associations between long-term average air
pollution exposure and cognitive function. This feeds into
the broader goal of advancing understanding of air pollution
exposure assessment design for application to epidemiologi-
cal inference.

Methods We leveraged data from the Adult Changes in
Thought (ACT*) Air Pollution study (ACT-AP) to character-
ize exposures for over 5,000 participants from the ongoing
ACT cohort. This is a population-based cohort of urban and
suburban elderly individuals in the greater Puget Sound
region drawn from Group Health Cooperative, now Kaiser
Permanente, starting in 1994. Participants were routinely fol-
lowed with routine biennial visits until dementia incidence,
drop-out, or death. Extensive health, lifestyle, biological, and
demographic data were also collected. The outcome measure
used in this report is cognitive function at baseline based on
the Cognitive Abilities Screening Instrument derived using
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Report 228, which also includes a Commentary by the Improved Exposure
Assessment Studies Review Panel and an HEI Statement about the research
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Item Response Theory (CASI-IRT). The IRT transformation of
the CASI score improves score accuracy, measures cognitive
change with less bias, and accounts for missing test items.
Health association analyses were based on 5,409 participants
with both a valid CASI score and who had lived in the mobile
monitoring region during at least 95% of the 5 years prior to
baseline. We used 5-year average exposures that accounted
for residential history.

Exposure data came from two distinct exposure assess-
ment campaigns carried out by the ACT-AP study: a campaign
using low-cost sensors (2017+) that supplemented existing
regulatory monitoring data for fine particles (PM, ,, 1978+) and
nitrogen dioxide (NO,, 1996+), and a year-long multipollutant
mobile monitoring campaign (2019-2020). The evaluation of
the added value of low-cost sensor data relied on a combina-
tion of regulatory monitoring data and other high-quality data
from research studies, calibrated 2-week low-cost sensor mea-
surements from over 100 locations, which were mostly ACT
cohort residences, and a snapshot campaign that measured
NO, using Ogawa samplers. Predictions were at a 2-week
average time scale, used a suite of ~200 geographic covariates,
and were obtained from a spatiotemporal model developed at
the University of Washington. The Seattle mobile monitoring
campaign collected a combination of stationary roadside
and on-road measurements of ultrafine particles (UFPs, four
instruments), black carbon (BC), NO,, carbon dioxide (CO,),
and PM, .. Visits were temporally balanced over 288 drive
days such that all sites were visited during all seasons, days
of the week, and most hours of the day (5 a.m. to 11 p.m.)
approximately 29 times each. For the on-road measurements,
we divided the driving route into 100-meter segments and
assigned all measurements to the segment midpoint. Predic-
tions used the same suite of geographic covariates in a spatial
model fit using partial least squares (PLS) dimension reduc-
tion with universal kriging (UK-PLS) to capture the remaining
spatial structure. We reported model performance metrics
for both the spatial and spatiotemporal models as root mean
squared error (RMSE) and mean squared error (MSE)-based
R*. The reference observations for the spatiotemporal model
were low-cost sensor measurements at home locations (with
performance metrics averaged over their entire measurement
period to approximate spatial contrasts), and for the spatial


mailto:sheppard@uw.edu

Optimizing Air Pollution Exposure Assessment with Application to Cognitive Function

model, the reference observations were the all data long-term
averages at stationary roadside locations.

Using various approaches to sample data from these two
exposure monitoring campaigns, we determined the impact
on exposure prediction and estimates of health associations
using two confounder models and 5-year average exposure
predictions for cohort members at baseline developed from
the alternative campaigns. For the low-cost sensor data, we
evaluated temporally or spatially reduced subsets of low-cost
sensors, as well as a comparison of the low-cost sensor versus
snapshot campaigns for NO,. For the mobile monitoring data,
we considered designs focused on the stationary roadside and
on-road data separately. We reduced the stationary roadside
data temporally by restricting seasons, times of day, or days
of week for the campaign, while also considering a reduced
number of visits using balanced sampling, as well as a set of
unbalanced visit designs. We also reduced the on-road data
spatially and temporally to assess the importance of spatially
or temporally balanced data collection. In addition, we
considered the impact of incorporating temporal adjustment
to account for temporally unbalanced sampling, as well as
plume adjustment to account for on-road sources. For each
design, we evaluated prediction model performance using the
all data stationary roadside observations (mobile campaign)
or the measurements at homes (low-cost sensor campaign)
as reference observations to ensure consistency in reported
performance metrics. We also used long-term average expo-
sures estimated from these alternative campaigns in health
association analyses under two different confounder models
that were adjusted by potentially confounding variables:
Model 1 adjusted for age, calendar year, sex, and educational
attainment; Model 2 included all Model 1 variables with the
addition of race and socioeconomic status. Furthermore,
using the stationary roadside data, we applied parametric and
nonparametric bootstrap methods to account for Berkson-like
and classical-like exposure measurement error for the UFP
exposure in confounder model 1.

In a separate methods-focused aim, we developed and
applied advanced statistical methods using the stationary
roadside mobile monitoring data. To evaluate possible
improvements in exposure model performance, we applied
tree-based machine learning algorithms that also account for
residual spatial structure, and compared these to UK-PLS.
This led to the development of a variable importance metric
that uses a leave-one-out approach to evaluate the change in
predictions across various user-specified quantiles. The vari-
able importance metric produces covariate-specific averages
that reflect how the predictions, on average, vary across dif-
ferent quantiles of each covariate. This serves as an intuitive
measure of the contribution of this covariate to the predicted
outcome. A key idea in this variable importance approach is
to reuse the trained mean model across all locations and to
refit the covariance model in a leave-one-out manner. In sep-
arate work to address dimension reduction for multipollutant
prediction, we extended classical principal component anal-
ysis (PCA) and a recently developed predictive PCA approach

to optimize performance by balancing the representativeness
in classical PCA with the predictive ability of predictive PCA.
We called the new method representative and predictive
PCA, or RapPCA.

Finally, we characterized the various exposure assessment
campaigns in terms of the value of their information as quan-
tified by cost. We calculated costs, focused predominantly on
staff days of effort, for various exposure assessment designs
and compared these to exposure model performance statistics.

Results We found that air pollution exposure assessment
design is critical for exposure prediction, and also impacts
health inference. We showed that a mobile monitoring study
with stationary roadside sampling that has at least 12 visits
per location in a balanced and temporally unrestricted design
optimizes exposure model performance while also limiting
costs. Relative to weaker alternatives, a balanced and tempo-
rally unrestricted design has improved accuracy and reduced
variability of health inferences, particularly for confounder
model 1. To address temporal balance, it is important that the
exposure sampling in mobile monitoring campaigns cover
all days of the week, most hours of the day, and at least two
seasons. The popular temporally restricted business-hours
sampling design had the poorest performance, which was
not improved by adjusting for the temporally unbalanced
sampling approach. We found similar patterns using on-road
data, though the findings were weaker overall.

For the alternative exposure campaign that supplemented
regulatory monitoring data with low-cost sensor data, while
the exposure prediction model performances improved with
the inclusion of the low-cost sensors, there was little notable
impact on the health inferences, and the costs were steep.
Given that the supplementary exposure assessment data were
sparse relative to the existing regulatory monitoring data,
and that the low-cost sensor data collection used a rotating
approach due to the limited number of sensors (i.e., low-cost
sensor measurements were not collected using a balanced
design), it was much more challenging to develop deep
insights from this exposure assessment approach.

Finally, we found that leveraging spatial ensemble-
learning methods for prediction did not improve exposure
prediction model performances or alter health inferences.
The new multipollutant dimension-reduction we developed,
RapPCA, had the best predictive performance and also mini-
mized the prediction error in comparison with both classical
and predictive PCA.

Conclusions This project has shown that there should be
greater attention to the design of the exposure data collection
campaigns used in epidemiological inference. Based on the
multiple investigations conducted, many of which focused on
UFPs, we found that exposure predictions with better perfor-
mance statistics resulted in health association estimates that
were generally more consistent with those obtained using the
“best” exposure model predictions (the model with all data
included), although the pattern of health estimates was often
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less conclusive than the pattern of prediction model perfor-
mances. Furthermore, we found that it is possible to design
air pollution exposure assessment studies that achieve good
exposure prediction model performance while controlling
their relative cost.

We developed strong recommendations for mobile mon-
itoring campaign design, thanks to the well-designed and
comprehensive Seattle mobile monitoring campaign. Insights
from supplementing regulatory monitoring data with low-
cost sensor data were less compelling, driven predominantly
by a data structure with sparse and temporally unbalanced
supplementary data that may not have been sufficiently com-
prehensive to demonstrate the impacts of alternative designs.
Broadly speaking, better exposure assessment design leads to
better exposure prediction model performance, which in turn
can benefit estimates of health associations.

We did not find that leveraging advanced statistical
methods (specifically spatial ensemble-learning methods
for prediction) improved exposure prediction model perfor-
mances. This finding is not consistent with the conclusions
reached by other investigators, and may have been due to the
already sophisticated UK-PLS approach we used by default,
and in particular its application in conjunction with the large
number of covariates that we considered in the PLS model,
such that the contribution of any single covariate was approx-
imately linear. In other words, it is reasonable to believe that
in the presence of the large set of covariates we considered,
each can contribute an approximately linear association with
the pollutant being modeled, such that the potential added
value of the spatial Random Forest approach is not observed
in the model fit. Other settings with a smaller number of pos-
sible covariates available may lead to different conclusions
and suggest greater added value of the application of a spatial
Random Forest approach.

We based our approach on leveraging the extensive air
pollution exposure assessment and outcome data available
from the ACT-AP study. Thus, we sampled from the existing

air pollution data to evaluate exposure assessment designs
that were subsets of those data. Then, conditional on each
of these designs, we evaluated subsequent health inferences,
which focused on cognitive function at baseline using the
CASI-IRT outcome. The magnitude and uncertainty of these
health association estimates were dependent upon the asso-
ciations evident in the ACT cohort, and the insights we were
able to develop are conditional on the strengths and weak-
nesses of these data. Specifically, while we observed some
larger impacts on health association estimates of more poorly
performing exposure models relative to the complete all data
exposure model, such as the business-hours design from a
mobile monitoring campaign, many of the differences were
small and did not deviate meaningfully from the health asso-
ciation estimate obtained from the “best” exposure model. The
degree of impact on the epidemiological inference depended
on the magnitude of the health association estimate from
the “best” exposure model and the width of its confidence
interval. Future investigations should replicate and expand
upon these findings in other settings, including application
to new cohorts and exposure assessment data, as well as in
simulation studies, which provide an alternative approach to
using real-world data to evaluate a constellation of exposure
models. However, while knowledge of the assumed underly-
ing truth is an important strength of simulation studies, it is
challenging to capture real-world complexity meaningfully in
simulation studies.

Our foray into applying advanced machine-learning
methods to improve exposure predictions produced the
surprising result that our default UK-PLS approach for spatial
prediction produced similar performance metrics to spatial
ensemble-learning methods. Future evaluations that assess
smaller subsets of exposure covariates will allow determi-
nation of the relative exposure model performance benefits
of UK-PLS versus spatial ensemble-learning methods, and
provide insights into the possible reason that our conclusions
differ from others in the literature.
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CHAPTER 1: INTRODUCTION

Exposure assessment is fundamental to environmental
epidemiology. Determining the most effective, feasible, and
cost-effective approaches to improve exposure assessment for
air pollution cohort studies will greatly enhance the quality of
possible inferences about health effects. In particular, quality
exposure assessment is important for studies of brain health,
where evidence increasingly indicates that air pollution, par-
ticularly fine particles (PM, ) and traffic-related air pollution
(TRAP), may be associated with brain health outcomes such
as cognitive function (Delgado-Saborit et al. 2021; Peters et al.
2019). Some of the pollutants of greatest emerging interest,
such as black carbon (BC) and ultrafine particles (UFPs), are
not routinely measured at most government monitoring sites
and cannot be used as exposures in epidemiological cohort
studies without the adoption of special, and often costly, expo-
sure assessment campaigns. Although many strategies can be
employed to measure air pollution levels in communities,
exceedingly little is known about the comparability of newer
versus more traditional methods, or how different choices
influence epidemiological inferences. Thus, it is important
to investigate novel approaches to exposure assessment and
articulate the key design and data analysis features of these
studies that will improve inference in epidemiological cohort
studies. To truly guide future studies, these improvements
must also be considered within the context of the value of the
exposure information, namely, cost and logistical feasibility.

The goal of this research is to improve the inferential
strength of air pollution cohort studies by creating a diverse
set of high-quality exposure metrics developed from different
types of monitoring campaigns, and then assessing their value
in the context of exposure assessment study design, epidemi-
ological inference, cost, and feasibility. To accomplish this
goal, we focused on a specific dataset and complemented this
with extensive evaluations of alternative exposure assessment
designs by subsampling our exposure data. We leveraged
data from the NIH-funded Adult Changes in Thought Air
Pollution (ACT-AP) cohort study, which in turn relied on the
long-standing Adult Changes in Thought (ACT) cohort study.
ACT began collecting data in 1994. ACT-AP collected expo-
sure measurements using low-cost sensors beginning in 2017,
and then, in 2019-2020, under supplemental funding from
the National Institute on Aging, conducted mobile monitoring
using a campaign specifically designed for this cohort. We
also created exposure estimates of PM, ; and nitrogen dioxide
(NO,) using a spatiotemporal exposure prediction approach,
as well as spatial predictions of UFPs, BC, and NO, from the
mobile data. Finally, we conducted inference about cognitive
function and dementia incidence for the primary purpose of
more deeply understanding the link between air pollution
and the aging brain, some of which have been published
(Blanco et al. 2024; Shaffer et al. 2021a, 2021b). In this report,
we leverage the extensive data provided by ACT and ACT-AP
to determine how to best conduct exposure assessment for
epidemiological inference by focusing on cross-sectional
analyses of cognitive function as the outcome.
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CHAPTER 2: SPECIFIC AIMS AND

OVERARCHING APPROACH

Our scientific objective is to compare and contrast the sci-
entific and logistical benefits of different exposure measure-
ment campaigns and sampling design choices for air pollution
exposure assessment in environmental epidemiology. Our
broad aim is to identify those design and exposure modeling
choices that optimize estimates of long-term average outdoor
air pollution exposures to use in cohort study inference,
focusing on (1) criteria air pollutants typically measured at
multiple locations in a study region (PM, . and NO,), and (2)
other pollutants often unavailable in cohort studies, specif-
ically BC, UFP, and multipollutant mixtures. See Table 2.1.
Our goal is to identify exposure assessment study designs that
don’t require extensive additional study-sponsored sampling

and achieve good health association estimates, ideally for the
lowest possible cost. We evaluated this broad objective by
considering exposure assessment design in Aim 1, statistical
methods to improve exposure prediction in Aim 2, and health
association estimates in Aim 3. Finally, we put these insights
together with cost estimates to understand the value of infor-
mation in Aim 4. The Research Roadmap table elaborates on
these specific aims and provides an overview of the methods.

We describe the data used in this report in Chapter 3. This
includes the two exposure datasets briefly summarized in
Table 2.1 as well as the baseline cognitive function data from
the ACT cohort. We also describe the spatial and spatiotempo-
ral exposure prediction approaches and the basic structure of
our health models for cognitive function, as these are shared
across multiple chapters. The Research Roadmap gives fur-
ther elaboration of the specific investigations conducted for
each aim and the chapters where these are presented.

Table 2.1. Pollutants in This Project and the Chapters Where They Are Presented

Supplementary Low-Cost Sensors
at >100 Locations (and for NO,;:
Ogawa Snapshots at 110 Locations)

Mobile Monitoring Campaign with 309
Stationary Roadside Locations And >1,400

Hours of Mobile Monitoring

Pollutant Included? Chapter Included? Chapter
PM, . X 7,9 Dropped for most 8
analyses?

BC X 8
UFP — P-Trak X 4,6,8,9
UFP — NanoScan X 4,5,8
UFP - DiSCmini X 8
NO, X 7,9 X 8
Multipollutant X 8

¢ Spatial model predictions of PM, , from the mobile campaign data were, on average, lower than and were poorly correlated with
the annual average predictions from the spatiotemporal model over the same time period, suggesting that the nephelometer on our
mobile platform did not adequately characterize PM, .. See Chapter 3’s Additional Materials for additional details.
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Research Roadmap

Aims and Research Conducted

Methods Description

Aim 1: Identify key design choices to improve long-term
average exposure prediction using: Mobile monitoring
campaigns (Aim 1a) and stationary networks of low-cost
sensors (Aim 1b). We subsampled exposure data to eval-
uate various exposure assessment study designs. These
are covered in Chapter 4 for stationary roadside mobile
monitoring data, Chapter 6 for on-road mobile monitor-
ing data, and Chapter 7 for low-cost sensor data.

Aim 2: Develop annual average TRAP exposure pre-
dictions from a mobile platform using novel statistical
methods not previously employed. We applied spatial
ensemble-learning methods in Aim 2a, explored lever-
aging the road network combined with spatial proximity
in Aim 2b, and developed a multipollutant dimension
reduction approach for improving predictions in Aim
2c. These are discussed in Chapter 8.

Aim 3: Determine the impact on inference of differ-

ent predictions based on sampling designs and analy-
sis approaches. We considered applied analyses by (1)
plugging in the alternative predicted exposures devel-
oped in Aims 1 and 2 (Aim 3a), as well as (2) address-
ing the impact of measurement error correction methods
(Aim 3b). The Aim 3a results are presented along with
the exposure predictions in Chapters 4, 6, 7, and 8. The
Aim 3b measurement error corrections are presented
separately in Chapter 5.

Aim 4: Address the overall value of incorporating novel
exposure data collection and modeling by comparing
the logistical features (cost and time) of using different
sampling designs and analysis choices. We present our
recommendations for the design of mobile campaigns in
Chapter 9, and comment on strategies for supplement-
ing regulatory monitoring data with low-cost sensors in
Chapter 9’s Additional Materials.

We considered two distinct datasets (Table 2.1) and exposure
prediction approaches. We predicted exposures using a spatial
model for the Seattle mobile monitoring campaign (Aim 1a),
focusing on UFPs from the NanoScan (Chapter 4) and P-Trak
(Chapter 6), and a spatiotemporal model for the low-cost sen-
sor data (Aim 1b), focusing on PM, . and NO,. We compared
exposure model prediction performances relative to the all data
campaigns using reference observations.

In Aim 2a we applied recently developed spatial ensemble
learning methods by replacing the linear mean model in uni-
versal kriging with a spatial random forest method and evalu-
ated this for all pollutants measured in the mobile monitoring
campaign. The results led us to develop a new variable impor-
tance metric applicable to additive models with a correlated
error term for comparing machine learning tools. In Aim 2¢c we
developed a representative and predictive principal compo-
nent analysis and applied this to the mobile monitoring data to
produce a lower-dimensional summary of multipollutant data.

We focused on a cross-sectional analysis of the ACT cohort’s
cognitive function outcome at baseline: the score from the Cog-
nitive Abilities Screening Instrument using Item Response The-
ory (CASI-IRT). We conducted the same inferential analyses
across a wide range of exposure assessment designs and statis-
tical approaches, which were developed in Aims 1 and 2, and
reported these along with the exposure prediction performance
statistics. Additionally, we quantified the bias and variance of
the health association estimates for UFPs from the NanoScan
by applying bootstrap measurement calculations to stationary
data from the mobile monitoring campaign.

We calculated costs for collecting exposure data divided into
three types and compared these costs, along with exposure pre-
diction model performances, across various exposure assess-
ment designs. We focused on UFPs from the P-Trak from the
Seattle mobile monitoring campaign and addressed low-cost
sensor designs for NO, and PM, , in the Additional Materials.
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CHAPTER 3: OVERVIEW OF THE DATA

USED IN THIS REPORT

INTRODUCTION

The purpose of this chapter is to describe the data used
throughout this report. As summarized in Chapter 2, we cover
three categories of data: mobile monitoring exposure data,
low-cost sensor with regulatory monitoring exposure data,
and health outcome data. The health outcome data includes a
description of the ACT cohort, which underlies all the work
in this project. In the following sections, we briefly summa-
rize the exposure data and models, followed by the health
outcome data and models. First, we briefly describe the Seat-
tle mobile monitoring campaign and data, which were used in
all aims, as well as our general approach to spatial exposure
prediction modeling and validation. Then we describe the
supplemental monitoring campaign with low-cost sensors
that was part of the NIH-funded ACT-AP study. We further
discuss the low-cost sensor and related agency data, along
with the spatiotemporal prediction modeling approach that
we leveraged for addressing questions about the added value
of low-cost sensor data in Aims 1, 3, and 4. Before concluding
our exposure-focused presentation, we make a brief note
about the reference data we used in the exposure model per-
formance estimates to highlight an important nuance. Finally,
we give a brief overview of the ACT cohort, the cognitive
function outcome, the model we used to address Aim 3, and
summarize health estimates for primary exposure models
considered in later chapters.

SEATTLE MOBILE MONITORING CAMPAIGN

This section has been reprinted (adapted) with permission
from (1) Blanco et al. 2022, Copyright 2022 American Chemi-
cal Society; (2) Blanco et al. 2023a, Copyright 2023 American
Chemical Society; and (3) Doubleday et al. 2023, Copyright
2023 American Chemical Society.

Mobile Monitoring Data Collection, Quality Control, and
Distillation for Analysis

We used data from the Seattle mobile monitoring cam-
paign, a multipollutant mobile monitoring campaign that
characterized TRAP exposure levels for the ACT cohort (see
cohort details below) to address Aims 1—4 (Blanco et al. 2022,
2023a). To the best of our knowledge, this was one of the most
extensive mobile monitoring campaigns conducted in terms
of the pollutants measured, the spatial coverage and resolu-
tion, and the campaign duration and sampling frequency. The
campaign and exposure model development are summarized
below. Refer to the publications cited above for extensive
additional details.

The Seattle mobile monitoring campaign was conducted
between March 2019 and March 2020 in a 1,200 km? (463
mi?) land area within the greater Seattle, WA area (Blanco et
al. 2022). The map in Figure S3.1 (see Additional Materials

on the HEI website) shows the size of the monitoring region
with participant locations marked in red within the state of
Washington. This region is a subset of the larger spatiotem-
poral modeling region (see the next section) with participant
locations shown in black.

The mobile monitoring region was composed of census
tracts where most of the ACT cohort (87% of the 11,904
locations) had historically resided between 1989 and 2018.
This large region fell in western King County and southwest
Snohomish County, and it included a variety of urban and
rural areas with various land uses, including residential,
industrial, commercial, and downtown areas. We used the
Location-Allocation tool in ArcMap (ArcGIS v. 10.5.1) (Esri,
2019) to select 304 stationary roadside sites (also referred to
as “roadside sites”) within the monitoring region that were
representative of the ACT cohort (approximately one moni-
toring site per 33 participant locations; see Blanco et al. 2022
Supplementary Information). Roadside sites were spatially
distributed so that they covered all parts of the monitoring
region. The exact sites selected were meant to minimize the
distance between the monitoring and cohort locations. Five
additional sites were co-locations at nearby agency air quality
monitoring sites measuring pollutants similar to our platform.
In total, there were 309 stationary roadside sites, most of
which were along A4 (local and neighborhood roads; n = 282,
91%) and A3 (county and single-lane state highways; n = 27,
9%) roads. The average (standard deviation [SD]) distance
between a cohort location and the nearest monitoring site was
611 (397) meters. The monitoring sites and cohort locations
had similar distributions of various TRAP-related covariates
(e.g., proximity to roadways, airport, railyard), indicating
good spatial compatibility (see Blanco et al. 2022).

A hybrid vehicle outfitted with equipment visited all sta-
tionary roadside sites approximately 29 times throughout the
campaign and collected 2-minute measurements (visits) with
various instruments, including those for measuring particle
number concentration (PNC) (TSI P-Trak 8525, 20—1,000 nm
particles — two instruments, one with a diffusion screen;
TSI NanoScan 3910, 10-420 nm particles; Testo DiSCmini
10-700 nm), BC (AethLabs microAeth MA200), PM, . (Radi-
ance Research Nephelometer), carbon dioxide (CO,) (Li-Cor
L1-850), and NO, (Aerodyne Research Inc. CAPS). The use of a
hybrid vehicle meant that the vehicle was operating by battery
with the engine off during roadside short-term measurement
periods, thus reducing the possibility of self-contamination.
Measurements were also collected on-road between station-
ary sites along fixed routes that were designed to minimize
travel on A1 roads and capture additional exposure informa-
tion relevant to cohort locations. This design also allows for
analysis of mobile on-road data and comparison with the sta-
tionary roadside data. Figure 3.1 depicts the nine monitoring
routes, which were driven in both the forward and backward
direction, along with the stationary roadside locations and
ACT cohort residential locations. Visits were temporally
balanced over 288 drive days such that all sites were visited
during all seasons, days of the week, and most hours of the

11
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Figure 3.1. Mobile monitoring routes from the Seattle mobile monitoring
campaign. There were 309 stationary roadside sites along 9 routes and 10,330
unique jittered ACT cohort locations. The inset map shows the monitoring
area within Washington (WA) state. Reprinted with permission from Blanco

and colleagues (2022), Copyright 2022 ACS.

day (5 a.m. to 11 p.m.). As detailed in Chapter 3’s Additional
Materials, we decided not to use the PM, ; predictions from
this campaign for most of the analyses in this report because
these predictions had limited variability, had poorer model
performances, and were poorly correlated with predictions
from the spatiotemporal model from the same time period.

12

We conducted various quality assurance and
quality control activities throughout the study
period to ensure the reliability and integrity of our
data. Activities included calibrating gas instru-
ments, checking particle instruments for zero
concentration responses, assessing co-located
instruments for agreement, inspecting time-series
data for concentration pattern anomalies, and
dropping readings associated with instrument
error codes or those outside the instrument
measurement range. See Blanco et al. 2022 Sup-
plementary Information for additional details.

For the stationary roadside measures, we
calculated the median pollutant concentration
of each 2-minute stationary visit because most
instruments used in this study collected mea-
surements every 1-10 seconds. These visit con-
centrations were winsorized at the site level such
that visit concentrations below the 5th and above
the 95th quantile were set to those thresholds to
reduce the influence of extreme observations on
annual average site concentrations. This approach
produces annual average site concentrations that
are influenced by high concentrations (which
may reflect a true phenomenon) while being
robust to the most extreme observations, which
may be overly influential in a limited data setting
(i.e., mobile monitoring). We previously showed
that winsorizing prior to averaging can slightly
improve some pollutant models due to the reduc-
tion of influential points (Blanco et al. 2022). On
the other hand, using approaches completely
robust to influential points (i.e., medians) can
at times produce worse-performing models in
settings with limited spatial variability (e.g., CO,
exposure surfaces). For consistency across pollut-
ants, we winsorized all pollutant measures and
log-transformed site averages before modeling.

For the on-road measurements, we divided
the driving route into 100-meter segments and
assigned all measurements to the segment mid-
point (i.e., on-road “sites”). We excluded A1
roads (interstates and highways with restricted
access) because these are not representative of
residential exposures, segments with fewer than
a median of five 1-second measurements per visit,
and segments with fewer than 23 repeat visits.
This yielded 5,887 100-meter road segments,
as detailed in Doubleday and colleagues (2023;
note S1). We averaged the UFP measurements to
10-second periods, calculated the median UFP concentrations
across all 10-second measurements from each segment and
visit, winsorized these across visits at the segment level, and
calculated mean visit concentrations per road segment. This
resulted in a median of 28 (interquartile range [IQR]: 27-28)
visit concentrations per road segment. Data were adjusted to
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reduce the influence of high on-road plume concentrations
(Doubleday et al. 2023). In summary, this method applies
an absolute principal component score model to pollutants
measured alongside UFPs (BC, NO,, CO,, and all UFP mea-
surements from the P-Trak and DiSCmini) to identify on-road
source components, to estimate adjusted UFP concentrations
by reducing the contributions from these on-road factors, and
to use stationary location measurements that are not plume
impacted in an iterative process to select the final adjustment.

Exposure Prediction Modeling Using Data from the
Mobile Monitoring Campaign

For modeling, we used a suite of geographic covariates
estimated at all monitoring and participant locations. These
were generated using PostGIS (ver. 2.4.4, http://postgis.net)
and include over 800 proximity and buffer measurements. We
preprocessed these to eliminate those that were potentially
too influential or inadequately informative, using standard
procedures (Keller et al. 2015; M. Wang et al. 2015). This
resulted in under 200 geographic predictors offered to each
model. Table S3.2 provides a summary of selected covariates;
they include characterization of land use, roadway proximity,
population density, and other geographic predictors of TRAP.

These data were used to develop what we refer to in this
study as “all data” annual averages for each stationary road-
side and nonstationary on-road location and treated as gold-
standard reference estimates for model evaluation for the
results presented in Chapters 4, 5, and 6. We built annual aver-
age universal kriging (UK) with partial least squares (PLS; i.e.,
UK-PLS) pollutant exposure models. The dependent variables
in these models were the log-transformed annual average site
concentrations. The independent variables were the first two
PLS components, which summarized hundreds of geographic
covariate predictors (Equation 3.1). The models were

M
Ln(Conc;)=a+ 29 Z

m“~mi

+€i (31]

m=1

where Conc is the pollutant concentration at the it location,
are the first two PLS principal component scores (M = 2), and
are model coefficients, and is the residual term with mean
zero and a modeled geostatistical structure.

We evaluated the predictive performance of each
campaign using fivefold cross-validation (CV). Sites were
randomly selected into one of five groups (folds), and for
each campaign, five models were built, each time using site
concentrations from four of the folds to build a model and
predict concentrations at sites from the remaining fold. Model
predictions were evaluated by comparing cross-validated site
model predictions (on the native scale) to the respective all
data annual average site estimates (our best estimates) using
root mean squared error (RMSE) and mean squared error
(MSE)-based R?. RMSE and MSE-based R? are based on the
MSE using observations from the reference data (our best
estimates of the true annual average):

n
1 ~ 2
MSET@f = gZ(yi.ref - yi,campaign) (3.2)
i=1

where )A’i,campaign is the prediction from a campaign for a
given design, Vi rer is the reference all data annual average at
a given site unless otherwise noted, and n is the total number
of sites. RMSE is defined as the square root of MSE:

RMSE,,; = /MSEref (3.3)

and MSE-based R? is defined as

MSE,;

R%sr = max|( 0,1 —

1 (3.4)

HZ?=1(yi,ref - yref)z

where Vrer is the average all data annual average estimate
across all n sites. Also see the brief discussion in the subsec-
tion “A Note on Model Performance Assessment” below.

MSE-based R* was used instead of (and sometimes reported
along with) the more common regression-based R? based on the
squared Pearson correlation coefficient because it evaluates
whether predictions and observations are the same (i.e., are
near the one-to-one line), rather than merely correlated. As
such, it assesses both bias and variation around the one-to-one
line. In contrast, regression-based R* solely assesses whether
pairs of observations are linearly associated, regardless of
whether observations are the same or not. MSE-based R*
performs similarly to or worse than regression-based R?.

Ultrafine Particle Data Used in Chapters 4, 5, 6, 8, and 9

As noted previously, our mobile campaign is unique in that
it collected UFPs as PNCs using four different instruments:
two P-Traks (one with a diffusion screen and one without), a
NanoScan, and a DiSCmini. The NanoScan collected data on
a 1-minute time scale; the remaining instruments recorded on
a 1-second time scale. The particle size ranges for the instru-
ments are 20-1,000 nm for the unscreened P-Trak, 36—1,000
nm for the screened P-Trak, 10-420 nm for the NanoScan,
and 10-700 nm for the DiSCmini. As discussed by Blanco
and colleagues (2022), “PNC measures from different instru-
ments were strongly correlated with each other, and they
produced broadly similar spatial surfaces, strengthening our
confidence in the quality of our measurements. Differences
in the reported PNC levels across instruments, however, can
be attributed to multiple factors, including differences in
technology, each technology’s unique particle size detection
efficacy, and built-in calibration (if present), all of which
impact the reported particle size ranges and concentrations
of each instrument.”

With data from the mobile monitoring campaign, we
focused our initial analyses on the P-Trak for the following
reasons: this instrument has been a common choice in previ-
ous mobile monitoring campaigns, it produces high-quality
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data at the 1-second time scale, and we found broadly similar
spatial surfaces across UFP instruments. However, because
the NanoScan has a lower size cut and thus captures the
smallest particles that may be of most interest, we prioritized
this instrument for our primary analyses of the stationary
roadside data in Chapters 4 and 5. To assess comparability
of findings, we also conducted sensitivity analyses using the
P-Trak as well as the NanoScan using bins in the 10-100 nm
size range; these demonstrated similar patterns of results as
the primary analyses based on the NanoScan (Chapter 4’s
Additional Materials). We prioritized the unscreened P-Trak
in all additional single-pollutant analyses of UFPs, including
the variable importance analyses in Chapter 8, the value of
information analyses in Chapter 9, and the on-road analyses
in Chapter 6. Note that due to the NanoScan’s longer 1-minute
measurement duration, we were unable to use it for analyses
of on-road mobile data. Finally, we used all UFP measure-
ments, including individual bin size data from the NanoScan,
in the multipollutant analyses reported in Chapter 8.

LOW-COST SENSOR AND RELATED REGULATORY
MONITORING DATA

Parts of this section have been reprinted (adapted) with
permission from (1) Bi et al. 2024, Copyright 2024 Elsevier,
and (2) Zuidema et al. 2024, Copyright 2024 Nature.

This section covers the data used as well as the prediction
modeling approach for leveraging low-cost sensor data in
exposure models for application to epidemiological cohorts
(i.e., the results described in Chapter 7). Our Aim 1 study
questions considered how models changed with the inclusion
of some or all of the low-cost sensor data collected under the
auspices of ACT-AP (described below). The geographic region
for our modeling is shown as the red and black participant
residences on the map in Figure S3.1. For modeling, we also
used a subset of the over 800 geographic predictors that were
discussed above and summarized in Table S3.2.

The data for evaluation of the added value of low-cost
sensor data relied on the following:

1. A combination of regulatory monitoring data from the
Washington Department of Ecology and the Puget Sound
Clean Air Agency (PSCAA), and other high-quality data
from research studies conducted at the University of
Washington (At times, we refer to all these sources as
“agency” data.)

2. Calibrated 2-week low-cost sensor measurements from
over 100 locations collected as part of the ACT-AP study
(These were collected as part of the Remote Air Data
campaign.)

3. The ACT-AP snapshot campaign that measured NO,
using Ogawa samplers and was focused on roadway
gradients at three distinct time periods

14

Agency Data Description and Distillation for Analysis

As noted in number 1 above, we used data from the
Washington Department of Ecology, the PSCAA, and previous
University of Washington research that includes a number of
studies and independent monitoring campaigns. Agency data
are regular (e.g., hourly in recent years), generally complete
over long periods of time (e.g., 10+ years), and have relatively
few missing data points. For PM,, the reference-grade
monitors included the Federal Reference Method (FRM)
monitors (N of monitors = 19), Federal Equivalent Method
(FEM) monitors (N = 7) using the tapered element oscillating
microbalance and beta attenuation monitoring methods, and
nephelometers (N = 27). While some ambient monitoring in
the Puget Sound began as early as 1978 using nephelometers,
most of the PM,  analyses discussed in this report were
restricted to 2010 onward.

Complete and continuous agency NO, data began in 1996,
which we used as the starting year for modeling. The NO,
data were measured by chemiluminescent FRM or FEM
instruments (e.g., Teledyne API, San Diego, CA; model 200
EU) with a limit of detection of 1 ppb and a data quality
objective that requires that the bias and percentage coefficient
of variation be within (+) 15% (PSCAA 2020). Despite these
positive attributes, there was a limited number of agency loca-
tions measuring NO, in the Puget Sound (N = 11). Of these 11
monitors, three met our criteria for inclusion in the model’s
calculation of long-term time trends (monitors that were not
seasonal, operated for at least 6 years, and with at least 100
2-week average measurements; further details below). This
low number of NO, monitors in the Puget Sound is a situation
not uncommon in many US metropolitan areas.

Supplementary monitoring data that were also treated as
agency data in the modeling included: the Diesel Exhaust
Exposure in the Duwamish Study (DEEDS) (Schulte et al.
2015), the Panel Study on Income Dynamics (PSID) (Liu et
al. 2003), the Multi-Ethnic Study of Atherosclerosis and Air
Pollution (MESA Air) Pilot (MAP) (Wilton et al. 2010), and
the Yesler Terrace study (Yesler) (Wong, 2010). Details of
these supplementary monitoring campaigns are provided in
Chapter 7’s Additional Materials. The NO, analyses used all
these sources, while the PM, . analysis only used the DEEDS
data.

We averaged all data to the 2-week timescale, using the
same inclusion criteria as considered in our previous research
(Keller et al. 2015). For NO,, we omitted one outlying 2-week
agency average equal to 75 ppb; the next highest 2-week NO,
agency measurement was 33 ppb.

ACT-AP Snapshot Campaign

The ACT-AP snapshot campaign was primarily a roadway
gradient monitoring campaign. NO, was measured with
Ogawa passive samplers (Ogawa & Co., USA, Inc., Pompano
Beach, FL) deployed on telephone poles. Ogawa passive sam-
plers are convenient measurement devices with a high level
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of performance; for example, one study observed an absolute
difference of 1.2 ppb NO, and R* = 0.95 compared to FRMs
(Sather et al. 2007). For the ACT-AP snapshot, samples were
taken in the Puget Sound at 110 locations in 17 clusters around
major roads, most of which consisted of six sensors varying
from <50 meters up to 350 meters away from the major road
(with a mean = SD = 4.2 + 2.5 sensors per cluster). Sampling
was conducted during three seasons with samplers deployed
for 2 weeks in April 2018, August 2018, and February 2019.
The ACT-AP snapshot measurements were an important
data input into the NO, spatiotemporal model because of the
limited number of agency locations available to contribute
geographic information at locations with NO, measurements.

Low-Cost Sensor Campaign: Remote Air Data Collection,
Quality Control, and Distillation for Analysis

We conducted supplemental sampling with low-cost
sensors between April 2017 and September 2020 with 25
low-cost sensor instruments. 20 were deployed at a rotating
set of over 100 community locations for two seasons each,
and five sampled continuously at co-located regulatory
monitoring sites (Note: for most of the analyses in Chapter 7,
only the 20 rotating instruments were evaluated; the focus of
the remaining five co-located monitors was quality control
and calibration, rather than prediction at cohort locations).
The monitoring locations were primarily ACT participant
volunteer homes selected to represent the distribution of ACT
participant locations in both geographic and covariate space
(specifically population density, elevation, and proximity to
major roads). The low-cost sensors had sensors for PM, ,, nitric
oxide (NO), NO,, ozone (O,), and carbon monoxide (CO), and
were built by the Seto lab at the University of Washington; an
example low-cost sensor is shown in Figure 3.2. Each sensor
box had two pairs of PM, , sensors (Plantower PMS A003 and
Shinyei PPD42NS), plus a set of Alphasense B4 gas sensors to
monitor NO, NO,, O,, and CO (specifically NO-B4, NO,-B43F,
0OX-B431, CO-B4), as well as temperature and relative humid-
ity sensors. The gas sensors rely on a chemical reaction that
produces an electrical current; this is linearly proportional
to the fractional volume (i.e., it measures parts per volume,
rather than mass). Data were transmitted wirelessly every 5
minutes to a secure server.

During the low-cost sensor campaign, routine quality con-
trol was carried out by scrutiny of an automated weekly report
that flagged problems with data completeness, outside range
values, and overall variability; this report also considered cor-
relation of the duplicate low-cost sensors and nearby network
monitors. Broken sensors were replaced when identified by
this routine screening.

After quality control screening, low-cost sensors were
calibrated on the daily time scale with regression models
developed from co-located low-cost sensors and agency
monitors. The low-cost sensors had over 7,500 monitor-days
of co-location with reference-grade monitors during the
deployment period, and the results of these calibrations are

Figure 3.2. Low-cost sensor developed by the Seto lab and used
in the low-cost sensor campaign.

described in detail elsewhere (Zuidema et al. 2021; Zusman
et al. 2020). For NO,, the calibrations had CV RMSE = 3 ppb,
and CV-R? = 0.79 (Zuidema et al. 2021). The low-cost sensor
calibration performance for PM, ; varied slightly depending
upon the cross-validation approach and regulatory monitors
included (i.e., FRM only or FRM plus FEM; see Table 4 of
Zusman et al. 2020). Due to data quality concerns, only the
Plantower measurements were used and reported. The CV
RMSE ranged between 1.02 and 2.13 pg/m?®, depending on the
cross-validation approach and regulatory monitors included,
while the CV MSE R? ranged between 0.86 and 0.97 (Zusman
et al. 2020).

As with the agency data, we averaged the low-cost sensor
data to the 2-week time scale, using the same inclusion crite-
ria as considered in our previous research (Keller et al. 2015).
The PM, ; and NO, analyses based on the low-cost sensor data
used slightly different subsets of data. The PM, , analysis used
112 locations, none of which were co-located with agency
sites, while the NO, analysis used 117 locations, including
five co-located with PM, _ agency sites. Most of the locations
were ACT-AP participant and volunteer homes (N = 99); there
were an additional 12 community sites. Figure 3.3 shows the
study region for the PM, , analyses. A related map for the NO,
modeling is shown in Figure S7.4. Summary statistics for the
data included in the analysis are provided in Tables S7.1 and
S7.2 for PM,  for the 2010-2020 and 1978-2021 time periods,
respectively, and Table S7.5 for NO, for the 19962020 time
period. Data density figures are shown in Figures S7.1 and
S7.2 for PM, ,, and Figure S7.3 for NO,.

Spatiotemporal Exposure Modeling Approach and Model
Selection

For all the exposure modeling based on these data, we
used our published spatiotemporal model, which is designed
to accommodate imbalanced data, with some locations
providing long time series while other locations provide
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only a few measurements (Lindstrém et al. 2014; Szpiro et
al. 2010). The long-term measurements are used to establish
the smoothed temporal trends of pollution, which are known
as time basis functions. The short-term measurements at
locations with high monitoring density help to determine
the spatial coefficients necessary to create spatially varying
linear combinations of the smoothed temporal trends. The
framework can be expressed as

y(s,8) = u(s,t) + v(s,f) (3.5)

where y(s,f) denotes the log-transformed 2-week average
PM, . or NO, concentration at location s and time t; p(s,t)
denotes the spatiotemporal mean surface; and v(s,t) denotes
the spatiotemporal residual variation. The spatiotemporal
mean surface can be broken down as

u(s, t) = Bo(s) + Loy Bi()f;(®) (3.6)

where f3,(s) denotes the long-term mean (intercept) at location
s, and f(t) denotes smoothed temporal trends (i.e., time-basis
functions) derived by singular-value decomposition (Guttorp
et al. 2007; Sampson et al. 2011). ,(s) denotes spatially vary-
ing coefficients for the ™ temporal trend based on universal
kriging (UK):

Figure 3.3. The PM, . modeling study region with locations of PM,

Bi(s)~N[X;(s)a;, Xi(¢pi,04,7)], i =0,1,..,1 (3.7)

where X (s) denotes reduced-dimension summaries of geo-
graphic covariates by partial least squares (PLS) (Abdi, 2010)
at location s, and @; denotes UK coefficients to be estimated.
2, the covariance structure for f3;(s), is a spatial smoothing
model with covariance functions parameterized by a range
@i, partial sill 0, and nugget 7;. I is the number of singu-
lar-value decomposition-derived smoothed temporal trends.
Finally, v(s,f), the spatiotemporal residual is assumed to have
a mean of zero and a spatial correlation structure that is inde-
pendent in time with covariance structure X :

v(s, t)~N[0,Zt(¢t,Jt, rtj,e]-)], t=1,2,..,T, j=monitor type (3.8)

Both the PM, , and NO, models accommodated indexing
by monitor type to distinguish between the agency and the
low-cost sensors. The spatiotemporal modeling and pre-
diction procedures were conducted using the R (ver. 3.6.2)
package “Spatiotemporal” (ver. 1.1.7) (Lindstrom et al. 2023).

To derive the PLS scores, we used different data sources
for the PM,_ and NO, models due to the small number of
long-term sites available in the NO, model (three sites; see

, sensors. The dashed box shows the prediction domain for model

assessment in the PM , analyses. This is the Puget Sound region of Washington state. The right inset map shows the greater Seattle area
prediction domain. Reprlnted with permission from Bi et al. 2024. LCS = low-cost sensor.
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Table S7.5). The PM, , model uses our research team’s typical
approach (e.g., Keller et al. 2015) to develop scores from
“outcomes”, which were regression coefficient estimates
obtained at each of the long-term site locations from regress-
ing the location-specific 2-week average PM,, time series
against the smoothed time trends. For NO, we averaged the
three seasonal NO, measurements at each of the 110 snapshot
locations, creating temporally averaged measurements. Next,
we conducted PLS regression at each of the ACT-AP snap-
shot campaign locations with the average NO, concentration
as the outcome and the vector of geographic covariates as
the predictors. PLS scores were then calculated at all other
locations (e.g., MAP, PSID, and agency locations) using the
geographic covariates at those locations and the PLS scores
defined by the regression with the ACT-AP snapshot averages.
See Bi and colleagues (2024) and Zuidema and colleagues
(2024) for additional details on these approaches; note that
for the 1978-2021 time period data, the spatiotemporal model
was based on detrended data (Bi et al. 2024, supplemental
information).

We employed cross-validation (CV) to identify the optimal
model parameter values and number of terms, aiming to
create a parsimonious model that displayed satisfactory pre-
diction performance (the description of the CV performance
assessment follows in the next subsection). In particular,
for PM, ,, we established f(t) as the single temporal trend
from singular-value decomposition (I = 1; over two or three
temporal trends). The temporal trend was generated based on
reference-grade monitors with over ten 2-week measurements
during the modeling period from January 2010 to September
2020. For the UK process related to 3 , the first two princi-
pal components from PLS were utilized (over one or three
principal components). The covariance functions of ¥.; were
represented by exponential functions with ranges, partial
sills, and nuggets (over an independent covariance structure).
The covariance function of v(s,f) was fitted to an exponential
structure with a range, partial sill, nugget, and random effect.
This random effect, €;, is a constant variance added to the
covariance Xz, which can be interpreted as a partial sill with
infinite range. The random effect enabled the model to account
for temporally uncorrelated deviations from the smoothed
time trends. For NO,, the final model had one time trend, f(f),
three PLS components to summarize the geographic covari-
ates for the time trend, exponential covariance structure for
p, (long-term temporal mean concentration), independent
covariance structure for §, (coefficients for spatially varying
time trend), and exponential covariance structure for v(s,t)
(spatiotemporal residual variation). For this final model, in
addition to v(s,t)’s nugget with random effect, we considered
varying the nugget by measurement type (agency FRM, sup-
plemental data collected with Ogawa passive samplers, and
low-cost sensors), but this resulted in a negligible change in
performance. Additional details about the model selection are
in the published papers (Bi et al. 2024; Zuidema et al. 2024).

Model Performance Assessment

We carried out cross-validation procedures on various
observations and predictions, summarizing the model per-
formance with CV statistics RMSE, MSE R?, and R;,. For CV
RMSE and CV MSE R, abs, is the observed concentration (in
ppb for NO, and ug/m?® for PM, ) and pred, is the predicted
concentrations for the observed time points at location i
(Bergen et al. 2013):

RMSE = \/%Z}Ll(obsi — pred;)? (3.9)
2 _ _ _RMSE?
R? = max (0, 1 Var(obs)) (3.10)

Note that Var(obs) is scaled by n rather than the usual n-1.

Compared to the traditional regression-based coefficient
of determination (R},,), which describes the goodness of fit
to the regression line, CV MSE R? represents a measure of fit
to the 1:1 line of the observed versus predicted concentra-
tions. The CV MSE R? therefore describes the accuracy of the
predictions — the value of interest we are most interested in
characterizing — and is often lower than CV-R;,, (Keller et
al. 2015). The correlation-based R?, which assesses fit to the
regression line between measurements and predictions, has
been widely used in air pollution model evaluation (Diao et
al. 2019; Sorek-Hamer et al. 2020). This correlation-based
metric, however, inflates the R? value when the regression
line deviates from the 1:1 line. In comparison, the MSE-based
R? fits the 1:1 line and is a more trustworthy indicator of a
model’s prediction accuracy because it takes both systematic
bias and uncertainty into account.

In cross-validation, the training dataset comprises all the
data except for the data included in a single cross-validation
group. The model is refitted on the training dataset, and predic-
tions are obtained for the observations in the cross-validation
group omitted from the training dataset. The procedure is
repeated until predictions are obtained for all observations
across all cross-validation groups. Because of the complexity
of the spatiotemporal model and the variety of ways that
cross-validations could be done, most cross-validation anal-
yses we report refit spatiotemporal models, which include all
the data of certain types (e.g., the “agency” data), and only
cross-validated subsets of a specific type (e.g., low-cost sensor
data at residential locations or Ogawa snapshot locations).
Cross-validation is a type of external validation procedure
because predictions are evaluated on data that were not
included in the training dataset. In some of the external vali-
dations described in Chapter 7 and the Additional Materials
for Chapter 9, we use a combination of cross-validation and
pure external validation because some (or all) of the data we
are validating were left out of the model under consideration.
For additional details on the combined cross and pure exter-
nal validation approach, see the PM, , methods description in
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Chapter 7. For additional discussion of various approaches
to cross-validating this type of spatiotemporal model, see
Lindstrom and colleagues (2014).

We predicted 2-week concentrations on the log scale
and then exponentiated these predictions to back-transform
them to the original concentration scale. We summarized
the cross-validated models at the 2-week (or spatiotemporal
validation), 1-year (NO, only), and whole modeling period
(or spatial validation) timescales for various data subsets. For
NO,, the spatial validation represents site averages for the
1996-2020 period, whereas for our primary report of PM,
results, it represents 2010-2020. The NO, ACT-snapshot and
spatiotemporal low-cost sensor cross-validations were sum-
marized at the 2-week timescale.

In the Chapter 7 methods sections, we report the pollutant-
specific consideration of the added value of the low-cost
sensors, as well as performance summary statistics. We report
some additional analyses of the added value of NO, low-cost
sensor data in Chapter 9’s Additional Materials.

Health Association Reporting

For estimating the health associations, we used 5-year
average predictions from the spatiotemporal model, either for
the entire modeling period (spatiotemporal) or restricted to
2019 as purely spatial contrasts. These spatial predictions are
from the same spatiotemporal models, just over the restricted
2019 time frame to make them more comparable to the Seattle
mobile monitoring campaign, which was largely conducted
in 2019. Note that while the spatiotemporal model estimates
reflect time-varying air pollution and the spatial estimates do
not, both take into account time-varying address history over
the 5 years prior to study enrollment.

A NOTE ABOUT THE OBSERVATIONS USED IN MODEL
PERFORMANCE ASSESSMENT

As described above in two different subsections, we use
CV RMSE and CV MSE R? to characterize model performance
from the spatial models used for the mobile monitoring cam-
paign and the spatiotemporal models used with the low-cost
sensor data. As an aside, for some performance evaluations
of the spatiotemporal models in Chapter 7, we report pure
out-of-sample statistics or a combined performance using
both CV and external data. Broadly speaking, mean squared
error is the average squared difference between observations
and predictions. Typically, the observations come from the
same dataset that is used to generate the predictions. This is
the approach used for evaluating the low-cost sensor data in
Chapter 7, with the caveat that some of the evaluations are
pure out-of-sample. In contrast, when evaluating performance
statistics for the mobile data in this report, we use the com-
plete all data observations as the reference observations, even
when predictions are developed from a different subset of the
mobile monitoring data. This is done to facilitate “apples to
apples” comparisons between mobile monitoring designs,
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and because it provides a more objective assessment of the
performance of interest. We and others have shown the
importance of validating model predictions against unbiased
observations, and how comparisons against biased, unstable
campaign measurements (e.g., from restricted sampling
designs) produce noisy and misleading conclusions (Blanco
et al. 2023a, 2023b; Kerckhoffs et al. 2016; Messier et al.
2018). See Blanco and colleagues (2023b) for further details.

ASSOCIATION BETWEEN COGNITIVE FUNCTION
AND AIR POLLUTION IN THE ADULT CHANGES OF
THOUGHT COHORT

For this report, we are focusing on the CASI-IRT outcome at
baseline in the entire cohort of individuals recruited into the
ACT study between baseline and March 2020. The following
sections address the ACT study design, the CASI-IRT cogni-
tive function outcome, ACT cohort characteristics including
a summary of the data used in this report, a description of the
inferential analyses that will be presented later in the report,
and health association results from the all data exposure
models presented in later chapters of this report.

This study was approved by the University of Washington
Institutional Review Board with IRB ID STUDY00009108.

ACT Study Design

We obtained the data for the health effects inference (Aim
3) from the ACT study, under the previously funded ACT-AP
study. The ACT cohort is a population-based cohort of urban
and suburban elderly individuals drawn from Group Health
Cooperative (now Kaiser Permanente), a health maintenance
organization (HMO) administered by the Kaiser Permanente
Washington Health Research Institute. Participants were
at least 65 years of age at the time of recruitment and, on
average, had been part of the HMO for two decades prior to
enrollment. Recruitment began in 1994, with 2,581 individ-
uals enrolled between 1994 and 1996. A second recruitment
wave was conducted between 2000 and 2002 to expand the
cohort, adding 811 individuals. Then, beginning in 2005,
there has been continuous enrollment in ACT to maintain
over 2,000 active at-risk person-years in each calendar year
(Kulick et al. 2020).

ACT study visits are scheduled every 2 years; in-person
measures include the Cognitive Abilities Screening Instru-
ment (CASI) for cognitive function (further details below),
clinical measures such as blood pressure, and questionnaire
data for additional risk factors, clinical, and demographic
information, including residential address. ACT has an exem-
plary Completeness of Follow-up Index (95.6%), and it has
over 20 years of cognitive function data on many participants
(Clark et al. 2002; Kukull et al. 2002).

ACT participants are typically stably enrolled in the HMO,
with more than half of the ACT participants completing at
least 23 years of HMO membership preceding ACT enrollment.
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Residence history information was available from ACT records
as well as HMO billing records starting in 1989. To create the
initial address histories of participants, we retrieved 28,385
addresses from historic HMO billing records going back to
1989, 7,933 addresses from ACT study records going back to
2007, and 651 records from LexisNexis for the 20 most recent
addresses for participants who have died or developed demen-
tia. We developed an address history protocol that provided
guidance on how best to organize the address history main-
tained for the project: which sources were used to collect data
(e.g., Kaiser Permanente historical billing records, LexisNexis,
or telephone interviews with ACT participants) and how fre-
quently the data were updated; how to prioritize conflicting
address data; a summary of information linked to geocoding;
and procedures for updating addresses over time. We geocoded
addresses using ArcGIS Business Analyst. Due to the nature of
billing records, healthcare enrollment in the United States, and
collating of multiple sources, not all participants had continu-
ous address data over time. Many of these participants lived at
the same location before and after the gap in address records,
and some merely had short gaps in records. We addressed
these gaps with some realistic simplifying assumptions, which
are documented in the address history protocol.

Participants are prospectively followed with routine
biennial visits until dementia incidence, drop-out, or death.
Extensive health, lifestyle, biological, and demographic data
are also collected.

Cognitive Function Outcome Measure

Cognitive function is measured using the CASI score,
which ranges from 0 to 100, with scores below 86 triggering a
standardized cognitive evaluation in ACT with examination
by a study physician and neuropsychological tests. CASI is
a 40-item global cognitive test that assesses a broad range of
cognitive domains (Teng et al. 1998). These include attention,
concentration, orientation, short-term memory, long-term
memory, languageabilities, visual construction, list-generating
fluency, abstraction, and judgement (Li et al. 2017). The CASI
inherently has relatively few difficult items and many easy
items, resulting in curvilinear scoring, particularly when
participants start with different baseline cognitive abilities
(Crane et al. 2016). However, item difficulties are not consid-
ered in standard scoring (Teng et al. 1998). Thus, the final
cognition score and outcome measure for all health associa-
tion estimates in this report are derived using Item Response
Theory (CASI-IRT) to improve score accuracy, measure
cognitive change with less bias, and to account for missing
test items (Crane et al. 2008; Ehlenbach et al. 2010; Li et al.
2017). IRT scoring has been found to diminish the impact of
differential item functioning, which occurs when different
groups of individuals have different probabilities of correctly
answering an item, even after controlling for overall ability
level. IRT scores also allow for greater sensitivity at higher
levels of cognitive function, which is especially important
for the detection of early cognitive deficits (Crane et al. 2016;
Kulick et al. 2020). ACT uses Parscale to generate modern
psychometric scores from item-level CASI data (Gibbons,

2015). CASI-IRT scores are normalized, with values less than
0 indicating lower cognitive function and scores above 0
indicating greater cognitive function than average.

In this report, we consider the CASI-IRT measurement
only when obtained at baseline. We chose this outcome
because previous literature has shown a link between air
pollution exposure and cognitive function (Delgado-Saborit
et al. 2021; Peters et al. 2019). Furthermore, by considering
a cross-sectional study design with a continuous outcome
measurement, the analyses we report can focus on the role
of exposure assessment study design and exposure measure-
ment error in health association estimates, without the added
complexity that would accompany analysis of a longitudinal
study design or a binary or survival outcome.

ACT Cohort Characteristics

As of March 2020, the original cohort consisted of 5,763
participants. All analyses were restricted to baseline and
included 5,409 (94%) participants with both a valid CASI
score and who had lived in the mobile monitoring region
during at least 95% of the prior 5 years (Figure S3.3 shows the
inclusion flow chart). ACT participants have excellent resi-
dential histories and air pollution coverage (Blanco et al. 2022;
Shaffer et al. 2021a). On average, this analytic cohort lived in
the monitoring area >99% of the time, had exact residential
addresses 98% of the time, and had imputed addresses 5% of
the time (i.e., from residential gaps). Table 3.1 describes the
baseline analytic cohort characteristics. Participants were on
average (SD) 74 (6) years old, slightly more likely to be female,
about half had at least a college education, and had an average
(SD) CASI-IRT score of 0.33 (0.71).

Table 3.1. ACT Cohort Characteristics at Baseline

Overall
(N = 5,409)

Visit Age (Years)

Mean (SD) 74 (6)

Median [Min, Max] 73 [65,101]
Sex

Male 2,259 (42%)

Female 3,150 (58%)
Degree

None 422 (8%)

GED/High School 1,997 (37%)

Bachelor’s 1,274 (24%)

Master’s 872 (16%)

Doctorate 330 (6%)

Other 514 (10%)
Cognitive function CASI-IRT

Mean (SD) 0.34 (0.71)

Median (Min, Max) 0.37 (-2.12, 1.75)
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Inferential Analyses of Cognitive Function and Air Pol-
Iution  We assessed the association between air pollution
and baseline cognitive function in ACT using multiple linear
regression. We used data for air pollutant exposures (indicated
as X) in Equation 3.11), including UFPs (measured as PNC;
from various exposure models detailed in later chapters),
PM, , and NO,. Each model was adjusted for age, calendar
year (categorical 2-year bins), sex, and educational attainment
(categorical) (indicated as W. in Equation 3.11) to make con-
founder model 1. Calendar year was included in the model, as
in our prior work (Shaffer et al. 2021a), to account for trends
in both air pollution and dementia over time. Chapter 4 (sta-
tionary roadside mobile monitoring) and Chapter 6 (on-road
mobile monitoring) report an additional confounder model
2 that is further adjusted for race (White, People of Color)
and socioeconomic status (SES) based on the Neighborhood
Disadvantage Index at a participant’s longest-lived address at
or prior to baseline. The Neighborhood Disadvantage Index is
a validated indicator composed of Census tract-level variables
from the American Community Survey (Miles et al. 2016).
These underlying models can be written as:

Y}' =a+ BX] + (SI/V] + €j (3.11)
where the index j represents each participant. Y, is the
measured CASI-IRT score at baseline; o is the intercept; X;
is the mean pollutant concentration at baseline; W, refers to
the vector of cross-sectional covariates measured at baseline;
and e, is residual error. The model quantifies the relationship
between exposure and cognitive function; B is our primary
parameter of interest, and the cross-sectional association
between cognitive function and air pollutant exposures before
the baseline exam. Because our focus was on comparison of
exposures given a single model for a health outcome, we did
not address additional considerations of the epidemiological
inferential model, although Chapters 4 and 6, which address
the design of stationary roadside and on-road mobile moni-
toring respectively, include analyses that adjust for additional
potential confounding using confounder model 2 described
above. We discuss this topic further in Chapter 10.

We compared the health parameter () estimated from
reference all data exposure prediction models with the
parameters estimated from alternative exposure models (e.g.,
reduced mobile monitoring sampling).

The estimated associations between air pollution and
CASI-IRT from confounder model 1 with various “all data”
pollutant predictions are summarized in Table 3.2. Air
pollution associations are contextualized in terms of month-

20

equivalents based on each model’s estimated age association.
In other words, the health associations are expressed as the
equivalent of aging a certain number of months. For example,
the first row shows that exposure to an IQR increase in UFP
concentration is equivalent to aging by 7.5 months; this means
that, adjusted for potential confounding, individuals with
higher UFP exposure (per 1,900 pt/cm® increment) performed
similarly to peers who were 7.5 months older but had lower
exposures.

Figure S3.1 shows a map of Washington State with ACT
participant residential locations marked in red, black, or
gray. The red represents residence locations within the
mobile monitoring region, the black represents those within
the spatiotemporal modeling region, and the gray represents
those outside either modeling region. All inferential analyses
(Chapters 4, 5, 6, 7, 8) were restricted to participants residing
within the mobile monitoring region; the locations are shown
in red.

Given the temporal misalignment of the cognitive measure-
ments in ACT (1994+) and the available mobile monitoring
air pollution measurements (2019-2020 vs. the true exposure
period of interest), in the analyses with the mobile data and
with the purely spatial version of the spatiotemporal model,
we assume that air pollution has remained constant over time
such that recent exposures are surrogates for longer-term
exposures (Blanco, 2021; Kim et al. 2017; Levy et al. 2015;
Meng et al. 2019; Molter et al. 2010; Y. Wang et al. 2011).
We are unable to evaluate the accuracy of this assumption
given the lack of historical UFP data. Nonetheless, the goal
of these analyses was to estimate the potential magnitude
of bias and variability when applying restricted sampling
campaigns relative to intentionally designed, more spatially
and temporally complete campaigns, and not necessarily to
estimate causal associations between UFPs and cognitive
function. Any remaining potential confounding unaccounted
for in our analyses was constant across monitoring designs,
thus allowing us to capture differences driven by changes in
monitoring design. The exact degree of bias will depend on
the true underlying associations between an exposure and the
outcome of interest and on the exposure monitoring design.

Using real-world data is a strength of these analyses as they
provide a direct connection to the real-world implications
of our exposure assessment study design findings. Linking
real cohort data with air pollution exposures, for example,
captures the subtle effects of air pollution in complex envi-
ronments where confounding and interactions may exist —
aspects that can be challenging to realistically capture in a
simulation study.
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Table 3.2. Estimated Associations Between Air Pollutants and Baseline Cognitive Function Based on Reference Exposure Models and
Adjusted for Age, Calendar Year, Sex, and Education (Confounder Model 1) (N = 5,409)

Air Pollution Association per Age Association Air Pollution Aging
Chapter Model Pollutant IQRDb (95% CI) (years) Equivalent (months)
4-5 All-data roadside, UFP -0.020 (-0.036, —0.004) -0.032 7.5 (1.5, 13.6)
NanoScan
4 Sensitivity All-data roadside, UFP -0.021 (-0.039, -0.003) -0.032 7.9 (1.1, 14.8)
Analyses, 6, 8 P-Trak
7 Full Spatial model PM, -0.023 (-0.075, 0.028) -0.032 8.8 (-10.7,28.2)
with low-cost sensors
7 Full Spatiotemporal PM, . -0.009 (-0.036, 0.17) -0.032 3.5(-6.5,13.5)
model with low-cost
Sensors
7 Full Spatial model NO2 -0.030 (-0.057, -0.002) -0.032 11.3 (0.86, 21.8)
with low-cost sensors
7 Full Spatiotemporal NO2 0.001 (-0.028, 0.030) -0.031 -0.4 (-11.7,10.8)
model with low-cost
sensors

* Also shown are the age association with cognitive function in years and the air pollution aging equivalent in months. The air pollution aging equivalent associations
are scaled relative to the association between cognitive function and age to give context to the air pollution estimates.
" IQR increment for UFP is 1,900 pt/cm’, for PM, , is 1 ug/m®, and for NO, is 3 ppb.
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CHAPTER 4: USING STATIONARY DATA
FROM MOBILE MONITORING STUDIES:

EXPOSURE ASSESSMENT DESIGN AND
HEALTH INFERENCE*

Lead Authors: Magali Blanco, Lianne Sheppard

INTRODUCTION

Short-term mobile monitoring campaigns, which are the
collection of repeated short-term air samples at selected sites,
are increasingly being used as an efficient and cost-effective
approach for estimating multilocation long-term air pollution
averages (Kim et al. 2023). While many strategies have been
employed, however, little is known about how monitoring
network design features, including the number of stops and
sampling temporality, impact exposure assessment models.
Most campaigns, for example, collect limited data at each site
consisting of approximately 1-5 repeat visits, sample during
restricted time periods such as business hours, and/or have
short monitoring durations lasting under a few months. The
resulting exposure prediction models generally have mod-
erate or poor coefficients of determination (R?), suggesting
limited prediction accuracy and potentially less value for
epidemiological inference.

A few studies have gained valuable insight regarding
the impact of the number of sites and repeat site visits on
the quality of the resulting exposure prediction models
(Hatzopoulou et al. 2017; Messier et al. 2018; Saha et al.
2019). However, these findings have been largely focused on
nonstationary on-road measurement campaigns in relatively
smaller geographic areas and have not demonstrated whether
exposure data from nonstationary, on-road campaigns are
representative of residential human exposure levels (Alexeeff
et al. 2018; Kerckhoffs et al. 2016). Furthermore, cohort
study applications often span large geographic areas and are
interested in long-term exposures. Little is known about how
short-term, temporally restricted sampling campaigns impact
long-term exposure prediction models or subsequent epide-
miological inferences.

We previously investigated the impact of sampling design
using year-round measurements for oxides of nitrogen (NO )
from 69 fixed monitoring sites in California (Blanco et al.
2023b). In that work, we collected 28 random 1-hour samples
following various sampling designs (30 times each), and used
the resulting data to develop annual average exposure predic-
tion models using PLS. Sampling designs included collecting
1-hour samples in a year-round balanced design during all
seasons, all days, and all or most (5 a.m. to 11 p.m.) hours of
the day; and collecting samples during weekday rush hours

*Some of this work has been reprinted (adapted) with permission from
Blanco et al. 2023a. Copyright 2023 American Chemical Society.
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(7-10 a.m. and 3-6 p.m.) or business hours (9 a.m. to 5 p.m.)
during two seasons (e.g., winter and summer, with a 2-week
period per season). We evaluated cross-validated exposure
predictions to the true long-term averages at each site, which
are unknown in true mobile monitoring campaigns. We found
that temporally balanced designs that sample during most
hours generally produced unbiased annual averages. Note
that some late-night hours were excluded for driver safety and
logistical reasons. Common sampling designs like weekday
business and rush hours regularly produced more biased
annual averages. Importantly, we found that traditional model
assessment approaches that compare model predictions to
observations collected during the sampling campaign do not
clearly reveal the inferior performance of rush hours and busi-
ness hours designs (compared to the balanced design), and at
times, they even appeared to perform better. This evaluation
approach does not consider that “reference” observations
from restricted sampling designs may themselves be biased.

In the current study, we investigated the impact of
monitoring design in subsequent work (Blanco et al. 2023a),
leveraging the extensive, multipollutant Seattle mobile
monitoring campaign described in Chapter 3. We used Monte
Carlo sampling to collect subsamples and investigate how the
mobile monitoring design features, including the number of
stops (sites x visits) and sampling temporality (seasons, days,
hours), impacted the resulting UK-PLS exposure prediction
models. Predictions from the all data campaign performed
well, with CV MSE R?s of 0.51-0.77. We found similar model
performances (85% of the all data campaign CV MSE R?)
with ~1,000-3,000 randomly selected stops for NO,, UFPs,
and BC, and ~4,000-5,000 stops for PM,, and CO, (Figure
4.1). Exposure model performances continued to improve as
more total stops were achieved, although at slower rates. It
did not make a meaningful difference whether the total stop
count was achieved by visiting more sites the same number
of times (increased spatial coverage) or the same number of
sites a greater number of times (increased temporal coverage),
so long as total stops increased (i.e., on average, both spatial
and temporal coverage can improve exposure assessment in
limited sample settings). Moreover, as with our prior work
in California (Blanco et al. 2023b), this investigation showed
that repeated, short-term sampling campaigns with addi-
tional temporal restrictions (e.g., business hours, rush hours,
weekdays, or fewer seasons) had reduced exposure model
performances when compared to temporally unrestricted
campaigns with the same number of total stops. These cam-
paigns produced different spatial surfaces, leading to some
areas being substantially over- or under-predicted (Figure
4.2).

Chapter 4 has two objectives. The first is to investigate
the degree to which a stationary roadside monitoring design
impacts exposure assessment models. The second is assess-
ing the impact of these monitoring designs on subsequent
epidemiological inferences. We conduct a case study of UFP
exposures and late-life cognitive function, an area of growing
interest (Brugge and Fuller 2020; HEI 2013; US EPA 2019),
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by leveraging the Seattle mobile monitoring campaign and
the ACT cohort (both described in Chapter 3). The monitor-
ing campaign was specifically designed to assess unbiased
annual average UFP exposures for the ACT cohort study
of the aging brain (Kukull et al. 2002). We follow common
mobile monitoring designs to sample the Seattle mobile
monitoring campaign dataset, develop design-specific UFP
exposure assessment models, use these models to assess par-
ticipant exposures, and run health analyses of the estimated
association between UFP exposure and cognitive function in
ACT. We end this chapter by providing guidance on mobile
monitoring study design features that should be prioritized if
the goal is to develop exposure assessment models for epide-
miological applications.

Figure 4.1. Median normalized MSE-
based R? for fewer total stops designs
using the stationary roadside data
from the Seattle mobile monitoring
campaign. MSE R? is calculated

by comparing cross-validated
predictions to annual average
estimate references from either the all
data campaign (top) or the reduced
sampling campaigns (bottom) and
normalized (divided by) the R? from
the all data campaign. Normalized

R? values below one indicate worse
performance than the all data
campaign. Median performance
parameters are each based on 30
campaigns. The dashed line is at

.85. Reprinted with permission from
Blanco et al. 2023a. Copyright 2023
American Chemical Society (ACS).

METHODS

Figure 4.3 illustrates the analytic approach for this analy-
sis, as detailed below. In summary: UFP measurements from
the Seattle mobile monitoring campaign (described in Chap-
ter 3) were randomly sampled following common sampling
designs; the resulting data were used to develop UFP expo-
sure prediction models; and these predictions were used to
evaluate UFP exposure model performance and to assess the
estimated association between UFP exposures and cognitive
function in the ACT cohort.

Cohort and Cognitive Assessments

This study was conducted in the ACT cohort (Kukull,
2001) under the auspices of the ACT-AP study. As described
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Figure 4.2. Comparison of the
exposure surface from the all data
campaign with the median prediction
difference from some example
reduced sampling campaigns. The all
data campaign had over 7,000 stops
(top) while the reduced sampling
campaigns had ~3,000 stops using
stationary roadside data from the
Seattle mobile monitoring campaign.
The ~3,000 temporally-balanced
stops are from the fewer total stops
design that randomly selects from

the all data campaign with no

time restrictions and can serve as

a reference for the other reduced
sampling campaigns. Reprinted with
permission from Blanco et al. 2023a.
Copyright 2023 American Chemical
Society (ACS).
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Figure 4.3. Summary of analytic approach for alternative exposure
assessment designs derived from the Seattle mobile monitoring campaign
stationary roadside data. See Table 4.1 for a summary of the specific

sampling designs.

in Chapter 3, the analytic cohort consisted of 5,409 older
(65+) participants who were dementia-free at baseline (see
Table 3.1). We used baseline cognitive function (measured by
CASI-IRT score) as the main outcome of interest in this study.

Exposure Assessment from Mobile Monitoring
Campaigns

We leveraged the stationary roadside UFP measurements
from the Seattle mobile monitoring campaign described in
Chapter 3 (Blanco et al. 2022, 2023a). These data consisted
of approximately 29 (IQR: 29-29, range: 26—35) temporally
balanced visit measurements that were collected from 309
roadside sites. We use total (10-420 nm) PNC from the
NanoScan as our primary UFP measurement, and in sensitiv-
ity analyses, we looked specifically at 10-100 nm PNC from
the NanoScan (UFPs are commonly defined as < 100 nm) and
at 20-1,000 nm PNC from the P-Trak instrument (a common

UFP monitoring instrument that does not capture
the smallest particles that may be of most interest).
These data were used to estimate “all data” site
annual averages and were treated as gold-standard
reference estimates, as described below.

We subsampled all of the UFP data (309 sites
x ~29 visits each) with replacement, following
four common restricted sampling designs (30
campaigns each) (Table 4.1).

In the first design, we sampled fewer visits per
site (n = 4, 6, and 12) with no additional temporal
restrictions. In the second design, we restricted
sampling to fewer (1-3) seasons and collected 12
visits from each site, balanced across sampling
seasons (e.g., 4 samples per season for a three-
season campaign).

In the third design, we sampled fewer visits per
site (n = 12) during weekday business (9 a.m. to
5 p.m.) or rush (7-10 a.m. and 3-6 p.m.) hours.
The fewer-visit design with 12 visits per site
was a reference for these designs; it collected the
same number of visits per site without temporal
restrictions. We used business and rush hour visit
samples both as-is (unadjusted) and temporally
adjusted — a common approach for addressing
known biases resulting from restricted sampling
campaigns that do not sample during the full
exposure period of interest (e.g., excluding week-
ends or nighttime) when the goal is to estimate an
annual average (Eeftens et al. 2012; Klompmaker
et al. 2015; Montagne et al. 2015; van de Beek et
al. 2021; van Nunen et al. 2017). This temporal
adjustment approach generally entails using an
air monitoring site with continuous monitoring
(typically a “background” or low-concentration
site); calculating time-specific adjustment factors,
based most commonly on the difference between
a time-specific (e.g., hourly) measurement and the site’s
long-term average; and applying these adjustment factors to
the measured concentrations. Our approach to approximating
this general strategy is detailed in Note S4.1. In summary,
our temporal approach consisted of (1) simulating long-term
UFP monitoring at an urban background site (Beacon Hill;
continuous measures were unavailable for the entire mobile
monitoring study period) from periodic UFP measures, co-
located NO, measures, and temporal indicators; (2) generating
adjustment factors, defined as the difference between the pre-
dicted hourly UFP concentrations and the long-term average
UFP concentrations at Beacon Hill; and (3) applying these
adjustment factors to the mobile monitoring data collected
under business and rush hours designs.

In our fourth design, we evaluated a strategy character-
ized by unbalanced visits, a practice employed by nearly
all field campaigns. We sampled based on predicted site
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Table 4.1. Reduced Sampling Designs Using the Seattle Mobile Monitoring Campaign Data Consisting of 309 Stationary Roadside Sites,

Each with Approximately 29 Visits®

Number of

Design® Versions Versions Total Visits* Visits per Site  Campaign Repetitions
All-data All-data 1 8,969 294 1
Fewer Visits 4, 6, 12 visits per site 3 1,236, 4,6,12 30
(no temporal 1,854,
restrictions) 3,708
Fewer Seasons® 1-4 seasons 4 3,708 12 30
Fewer Hours Weekday business or rush hours, 4 3,708 12 30

unadjusted or

temporally adjusted
Unbalanced Visits High (H) and low (L) variabil- 5 3,708 2-22¢ 30

ity sites receive the following vis-
its: H2 122, H6 L18, H12 L12 (all
receive 12 visits), H18 L6, H22 1.2

“Each reduced sampling design has 30 campaign repetitions.

® The all data campaign is a reference for all other reduced sampling designs.
< Total visits is 309 sites times the number of visits at each site.

¢ Mean and median: 29; IQR: 29-29; range: 26-35.

¢ Samples were distributed evenly across the randomly selected seasons (e.g., 12 site visits/3 seasons = 4 site visits/season).

fMean: 12.

variability, defined by PLS regression where we regressed
site-specific UFP IQR (median [range] of these IQRs: 7,183
[2,834-22,625] pt/cm® based on ~29 visits per site) against
the first two PLS components summarizing hundreds of
geographic covariate predictors (Table S3.2). The in-sample
model R* was 0.46. We used this model to predict in-sample
site-specific IQR and ordered these such that 129 (42%)
sites were treated as medium variability sites, and visits
continued to be fixed to 12. The remaining sites were split
into high or low variability (n = 90 [29%] each). Figure S4.4
shows the distribution of IQRs used for the variability group.
We incorporated more visits for high-variability sites (14 to
22 visits) and fewer visits for low-variability sites (10 to 2),
and vice versa.

The same sampling campaigns (i.e., exact visit samples)
were used for sensitivity analyses of 10-100 nm and 20-1,000
nm particles for all designs other than the business and rush
hour designs, where a different set of 30 campaigns was ran-
domly sampled. This should not be a source of bias because
all campaigns were randomly selected.

In total, there were 480 candidate sampling campaigns and
subsequent exposure models for our primary analysis using
10-420 nm PNC from the NanoScan in addition to the all data
exposure model.

Health Inference

As outlined in Chapter 3, for each campaign, we calculated
annual average site concentrations and developed UK-PLS
exposure models that we evaluated using fivefold cross-
validation. We used these to evaluate the time-weighted
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average UFP exposure for each participant at baseline based
on their prior 5-year residential history in confounder model
1 (adjusting for age, calendar year, sex, and educational
attainment) to assess the adjusted association between UFP
exposure and baseline cognitive function (CASI-IRT), as given
in Equation 3.11. We also fit confounder model 2 that further
adjusted these analyses for race (White, People of Color) and
SES based on the Neighborhood Disadvantage Index at a
participant’s longest-lived address at or prior to baseline. The
Neighborhood Disadvantage Index is a validated indicator
composed of Census tract-level variables from the American
Community Survey (Miles et al. 2016).

RESULTS

Cohort Characteristics

Table 4.2 describes the baseline analytic cohort charac-
teristics. On average (SD), participants were 74 (6) years old,
slightly more were female, about half had at least a college
education, and the average (SD) CASI-IRT score of 0.34 (0.71).
See Chapter 3 for additional cohort information.

Exposure Assessment and Model Performances

The median (IQR) site UFP concentration for the primary
analysis from the all data campaign was 9,742 (8,412-11,199)
pt/cm® (Figure S4.5). Sampling designs had similar but
slightly more variable annual average site estimates. Sensi-
tivity analyses resulted in lower site concentration estimates;
20-1,000 nm PNC from the P-Trak had the smallest concen-
trations (Figure S4.5).
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Table 4.2. Baseline ACT Cohort Characteristics by UFP Tertile Using NanoScan Stationary Roadside Data (10-420 nm) from The Seattle

Mobile Monitoring Campaign®

Low UFPs Medium UFPs High UFPs Overall
(N =1,785) (N =1,785) (N =1,839) (N = 5,409)
Visit Age (Years)
Mean (SD) 73.6 (6.03) 74.0 (6.40) 74.4 (6.48) 74.0 (6.31)
Median (Min, Max) 72.0 (65.0, 98.0) 73.0 (65.0, 96.0) 73.0 (65.0, 101) 73.0 (65.0, 101)
Sex
Male 767 (43.0%) 742 (41.6%) 750 (40.8%) 2,259 (41.8%)
Female 1,018 (57.0%) 1,043 (58.4%) 1,089 (59.2%) 3,150 (58.2%)
Degree
None 128 (7.2%) 136 (7.6%) 158 (8.6%) 422 (7.8%)
GED/High School 657 (36.8%) 607 (34.0%) 733 (39.9%) 1,997 (36.9%)
Bachelor’s 423 (23.7%) 443 (24.8%) 408 (22.2%) 1,274 (23.6%)
Master’s 288 (16.1%) 319 (17.9%) 265 (14.4%) 872 (16.1%)
Doctorate 110 (6.2%) 122 (6.8%) 98 (5.3%) 330 (6.1%)
Other 179 (10.0%) 158 (8.9%) 177 (9.6%) 514 (9.5%)
Race
White 1,666 (93.3%) 1,602 (89.7%) 1,551 (84.3%) 4,819 (89.1%)
People of Color 116 (6.5%) 181 (10.1%) 285 (15.5%) 582 (10.8%)
Missing 3(0.2%) 2(0.1%) 3(0.2%) 8 (0.1%)
Neighborhood Disadvantage Index (NDI)
Mean (SD) -0.978 (0.608) -0.818 (0.627) -0.341 (0.753) -0.710 (0.719)
. . -1.10 -0.907 -0.242 -0.851
Median (Min, Max) (-2.59, 1.20) (-2.66,1.97) (-2.45,2.64) (-2.66, 2.64)
Missing 30 (1.7%) 35 (2.0%) 53 (2.9%) 118 (2.2%)
Cognitive function CASI-IRT
Mean (SD) 0.37 (0.69) 0.37 (0.72) 0.28 (0.71) 0.34 (0.71)
Median (Min, Max) 041 0.40 0.30 0.37
(~1.96, 1.75) (~1.98, 1.75) (-2.12,1.75) (<212, 1.75)
Residential UFP (pt/cm’) Exposure
Mean (SD) 8,760 (647) 10,100 (311) 12,500 (2,080) 10,500 (2,020)
Median (Min, Max) 8,890 10,100 11,700 10,100

(5,930, 9,570)

(9,570, 10,700) (10,700, 22,100) (5,930, 22,100)

* Low, medium, and high UFP tertile is based on the predicted UFPs from the all data exposure model.

The all data campaign UFP exposure models had a
cross-validated R%gp value of 0.65 (Figure 4.4). Almost
all sampling designs with restricted sampling had lower-
performing exposure models. Performances were incre-
mentally worse for campaigns with fewer visits per site,
fewer seasons, and more restricted sampling days and times
(business and rush hours). Performance was worse when tem-
poral adjustments were applied (see Figure S4.6 for paired
comparisons of adjusted and unadjusted campaign model
performances), and when there was an unbalanced number

of visits sampled across sites, particularly when high vari-
ability sites had very few visits. Despite collecting the same
number of total visits (309 sites x 12 visits), campaigns with
one season duration, those conducted during business hours
(adjusted and unadjusted), and those with few visits to high
variability sites (even when more visits were collected from
lower variability sites) performed worse than otherwise unre-
stricted 12 visit designs. Sensitivity analyses for 10-100 nm
and 20-1,000 nm PNC showed similar patterns (Figure S4.8).
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Figure 4.4. Cross-validated UFP model performances (V= 30 campaigns per design) using stationary roadside data from the Seattle
mobile monitoring campaign. The dashed lines indicate the all data campaign performance. Red design reference box plots indicate
the least restrictive or most balanced campaigns; any of these can serve as a reference for the business and rush hours designs. Business
and rush hour designs produce annual average site estimates from unadjusted and temporally-adjusted visits. UFP models are for a
total of 10-420 nm particles (pt/cm®) from the NanoScan instrument. The dashed line indicates the MSE R? from the reference all data

model, which is 0.65.

The median (IQR) predicted UFP concentration for par-
ticipants was 10,100 (9,200-11,100) pt/cm?® and ranged from
5,930-22,100. Exposure predictions for sampling designs var-
ied across campaigns (Figure S4.9). The business hour design
tended to underpredict high exposures relative to the all data
exposure model, while the rush hour design overpredicted
high exposures. Designs with few visits to high variability
sites (and more visits to low variability sites, with H2 L22
being the most extreme case) had highly variable predictions
across campaigns, particularly for high concentrations. We
saw similar patterns in sensitivity analyses of 10-100 nm and
20-1,000 nm PNC.
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Predictions from most designs were highly correlated
with predictions from the all data campaign (median Pearson
correlations [R] > 0.85), although the business hour design
was consistently lower than all other designs (R ~0.77-0.78;
Figure S4.10). Lower correlations indicate differences in
exposure surfaces (predictions) for mobile monitoring designs
with fewer visits per site, those with fewer seasons measured,
those limited to business hours, and those with fewer visits
at high-variability sites. All designs had one or more atypical
campaigns (i.e., outliers not visualized in the Figure S4.10 box
plots) that had a meaningfully lower correlation with the all
data campaign than the majority of other similarly designed
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campaigns, indicating potentially meaningful variability
and lower exposure model performances across campaign
iterations.

Inferential Analyses

Using the all data campaign exposure model, the adjusted
mean baseline CASI-IRT score from confounder model 1 was
lower by —0.020 (95% confidence interval [CI]: —0.036, —0.004)
for every increment of 1,900 pt/cm® (Table 3.2). Figure 4.5
summarizes the point estimates across sampling campaigns
and their percentage difference relative to the health associ-
ation obtained from the all data exposure model. The health
associations for the fewer-visits and fewer-season designs are
similar, with campaigns with more visits and longer dura-
tions being most similar and associated with more consistent
(less variable) results across campaigns. Designs with the
highest variability in the estimated health associations across

campaigns (indicating less consistent results) were those with
fewer visits (4 visits per site), one season, and poor spatial
balance, where high-variability sites receive few visits while
low-variability sites receive many (H2 L22). Business and
rush hour designs, on the other hand, produce biased, attenu-
ated health associations that are about 60% and 40% different
from the all data estimate, respectively. Temporally adjusting
these designs was associated with slightly more accurate
health associations, at least for the rush hours design. Cam-
paigns with balanced designs where all sites receive the same
number of visits (12) produce health associations that are
the most consistent with the all data exposure model. Figure
S4.11 shows similar results for exposure sensitivity analyses,
with 20-1,000 nm PNC P-Trak exposure models showing
greater differences closer to 70% for business hour designs.
Figure S4.12 further details the point and 95% CI for selected
campaigns for primary and sensitivity exposure analyses.

Figure 4.5. Estimated association between UFPs (per 1,900 pt/cm?®) and cognitive function adjusted for age, calendar year, sex, and
education (confounder model 1). Confounder model 2 was further adjusted for race and SES using stationary roadside data from the
Seattle mobile monitoring campaign. The dashed green lines and shaded areas indicate the estimated point and 95% ClIs from the

all data exposure model, which are —0.020 (95% CI: —0.036, —0.004) in confounder model 1 and 0.002 (-0.016, 0.020) in confounder
model 2. The dashed red line indicates no association. Box plots show the results when using exposure estimates from reduced mobile
monitoring sampling campaigns (N = 30 estimates per box plot). Boxes show the median and IQR, whiskers show the 10th and 90th
percentiles. Percentages on the y-axis show the estimated association relative to using the all data exposure model.
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Confounder model 2 with the all data exposure model
produced an inconsistent (nonstatistically significant) asso-
ciation between baseline CASI-IRT and each 1,900 pt/cm?
increment in UFP concentration (0.002 [95% CI: —0.016,
0.020]). As before, most reduced sampling designs produced
generally similar health inferences except for business and
rush hour designs. Business hours designs produced larger
health estimates that are in the wrong hypothesized direction
(i.e., suggesting “protective” air pollution effects). Temporal
adjustment slightly reduced these estimates closer to the
reference estimates. Rush hour designs, on the other hand,
generally produced unbiased health estimates. Temporal
adjustment, in this case, moved away from the reference
estimate, albeit in the hypothesized direction.

DISCUSSION

Mobile monitoring campaigns to assess traffic pollutants,
including UFPs, are being used around the globe to address
monitoring gaps (Kim et al. 2023). Many campaigns now aim
to develop exposure assessment models to be used in epidemi-
ological applications. This application generally necessitates
capturing long-term, off-road (generally residential) exposures
and is different from commuter exposures or hotspot iden-
tification studies, among others. Still, guidance on mobile
monitoring study design for epidemiological applications has
been largely absent from the literature (Blanco et al. 2022,
2023b). As a result, there is substantial variability in how
mobile monitoring campaigns are designed and implemented.
We previously showed that monitoring design features like
the number of sites, number of visits, campaign duration,
and choice of sampling days and sampling hours can greatly
impact the predictive performance of exposure assessment
models (Blanco et al. 2023b). Here, we further assess additional
monitoring approaches and how these differences in exposure
model choices impact epidemiological inferences.

We found that, when compared to an extensive mobile
monitoring campaign intentionally designed for epidemio-
logical application (the all data exposure model), campaigns
with fewer visits (~4—12) but no temporal restrictions, fewer
seasons (~2—-3), and a balanced number of visits across sites
(12 in this case) had only slightly worse exposure model
performances (Figure 4.4). Similarly, those designs had
highly correlated (MSE R? values mostly greater than 0.85)
participant exposure assessments (Figure S4.10), and health
inferences that were similar to the reference (Figure 4.5). As
expected, shorter campaigns (e.g., one season) and those with
fewer repeat site visits generally had worse-performing mod-
els with predictions that were less correlated to those from
the all data campaign. Rush hour and especially business
hour designs, on the other hand, had much worse exposure
model performances and more variable participant exposure
assessments, although their predicted exposures were mod-
erately (business) and highly (rush) correlated with the all
data exposure model predictions. Health associations using
confounder model 1 for the temporally restricted rush and
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business hours designs were less consistent with the refer-
ence model point estimate, although generally within its con-
fidence interval. More generally, the health associations using
confounder model 1 from these monitoring campaigns were
noticeably different from all other designs, including much
shorter (e.g., one season vs. year-round) campaigns and those
with fewer samples (e.g., 4 vs. 12 visits per site), suggesting
that capturing temporal variability through extended hours
designs (e.g., sampling weekends and extending the sampling
hours) is important for capturing long-term annual average
exposures. Notably, these reduced day and hour campaigns
are most common in the field because an operator is required
to operate a vehicle and monitor instrumentation throughout
the sampling period.

Interestingly, business and rush hour designs with tem-
poral adjustments were sometimes associated with worse
exposure model performances compared to temporally unad-
justed designs (Figure 4.4, Figure S4.6, Figure S4.7), and the
resulting health estimates varied in whether they were closer
to or further from the reference estimates (Figure 4.5). Sites
within a region can have different temporal patterns (Blanco
etal. 2023b) related to major nearby sources (or their absence),
such as airports, highways, or industrial sites. Applying tem-
poral adjustments from a single site may incorrectly or insuf-
ficiently adjust exposure estimates. The temporal adjustment
is also likely to introduce more classical-like measurement
error due to the estimation of new temporal adjustment
parameters. The temporal adjustment may also affect Berkson-
like measurement error by improving or worsening the
temporal alignment of the exposure, depending upon the
reference information used and the approach to the temporal
adjustment. These features will impact the interplay between
Berkson-like and classical-like measurement error, such that
temporally adjusted estimates could result in inferences
that are more or less biased than the corresponding design
without temporal adjustment. For instance, in situations
where inferences were improved, it is possible that while
the added complexity of the time adjustment introduced
a form of classical-like measurement error that adversely
impacted prediction accuracy, the improved temporal align-
ment decreased the impact of Berkson-like error, which was
responsible for the dominant health association bias from the
unadjusted exposure estimates (Szpiro et al. 2011b; Szpiro
and Paciorek 2013a). Prior work has also shown that exposure
measurement error can bias health inferences, although the
direction of the bias is unclear and not always toward the
null (Brenner and Loomis 1994; Szpiro and Paciorek 2013a).
Exposure monitoring design thus matters. Our findings sug-
gest that deviating from balanced designs can produce biased
or inconsistent health inferences that may be challenging to
correct with existing temporal adjustment approaches.

A feature of our temporal adjustment approach was that
we based it on a simulated UFP monitoring site, as described
in the Methods, from co-located UFP and highly temporally
correlated NO, observations along with other temporal
indicators. This approach was associated with good UFP



L. Sheppard et al.

predictions and captured much of the temporal variation in
UFPs (Figures S4.3—S4.5), suggesting it was a reliable source
for estimating temporal adjustment factors. In the literature,
various adjustment approaches (e.g., “difference” or “ratio”
approaches) and sites have been used to temporally adjust
mobile monitoring readings. These approaches have not
been validated with data and themselves produce fluctuat-
ing adjustment factors. Finally, we used hourly adjustment
factors to adjust 2-minute mobile monitoring site visits. We
have previously shown that these measurements are highly
correlated (Blanco et al. 2022).

While confounder model 1 did not extensively adjust for
potential confounding, we observed similar patterns in con-
founder model 2 analyses that further adjusted for race and
neighborhood SES. These analyses did not result in a strong
association between UFPs and cognitive function. While this
may be a result of confounding by race and SES, it is also
possible that adjusting for these strongly correlated factors
(Chambliss et al. 2021; Hajat et al. 2015; Saha et al. 2022)
lowers air pollution variability for a given race and SES level,
thus reducing study power. Moreover, the goal of the analyses
in this chapter was to estimate the potential magnitude of bias
and variability when applying restricted sampling campaigns
relative to intentionally designed, spatially and temporally
balanced campaigns. Any remaining potential confounding
unaccounted for in our analyses is constant across monitoring
designs, thus allowing us to capture trends driven by differ-
ences in exposure assessment design.

There are different ways field sampling is conducted that
lead to unbalanced sampling, whereby some locations receive
more visits than others. This may result from having nonfixed
driving routes, logistical constraints that make it challenging
to visit some sites while others along common driving routes
are naturally oversampled, intentionally oversampling sites
anticipated to have high variability while deprioritizing sites
with low variability (e.g., suburban areas), etc. We present one
approach whereby sampling is influenced by the anticipated
site concentration variability across time. We did not see an
appreciable benefit to exposure model performance from
oversampling high variability sites, although performance
was lower when we dramatically undersampled high vari-
ability sites (Figure 4.4, H2 L22). Schemes with balanced
samples across sites (12 visits each) had the least biased and
least variable health estimates (Figure 4.5). These findings
suggest using a balanced sampling design whenever feasible.
If traveling to sites with low anticipated variability presents a
significant logistical challenge, however, our results suggested
that strategies characterized by somewhat fewer visits to these
sites may be a reasonable choice.

For evaluating unbalanced sampling, we used predicted,
in-sample IQR based on PLS regression analysis rather than
“true” IQR to classify sites. This adds some error to site clas-
sifications despite being in-sample predictions, which can
produce overfitted or optimistic results. Nonetheless, true site

concentrations and variability are largely unknown prior to
conducting in-field mobile monitoring, adding uncertainty to
monitoring decisions. Moreover, defining target sites becomes
more challenging for multiple pollutants because spatial
and temporal patterns may vary across pollutants, such that
a site could have high variability for one pollutant and low
variability for another.

Overall, our findings suggest that strategic monitoring
design can be implemented to optimize the accuracy of health
inferences and the anticipated consistency of these results
across campaigns (i.e., generally narrower box plots in Figure
4.5), while keeping in mind the logistical constraints unique
to mobile monitoring. We recommend prioritizing sampling
during extended periods outside of rush and business hours,
as these times were sometimes linked with less accurate
health inferences, and standard temporal adjustment meth-
ods produced inconsistent results. Beyond that, collecting
data over at least two seasons if the goal is to estimate an
annual average, collecting a balanced (fixed) number of visits
across locations, and collecting a higher number of visits
per location may improve health inference accuracy and/
or reduce variability across campaigns, depending on the
exact analysis. In terms of generalizability, seasonal sampling
requirements may be impacted by seasonal variability across
geographical locations and over time, and may thus differ
across locations. Moreover, sampling design impacts some
pollutants more than others. This variability will likely trans-
late to subsequent health inferences to varying degrees.

Spatial and temporal compatibility (i.e., similarity in
distributions) between monitoring and cohort locations is an
important feature for minimizing the impact of measurement
error and consequently optimizing health inferences (Keller et
al. 2017; Szpiro and Paciorek 2013a). This is particularly rele-
vant for air pollution epidemiology, where health associations
can be subtle, and biases or lower levels of precision can eas-
ily obscure meaningful associations. Our study is inherently
spatially aligned because our extensive mobile monitoring
campaign was specifically designed to capture exposures for
the ACT cohort (Blanco et al. 2022). It is notable that most
campaigns select monitoring locations based on geographic
features or sources (e.g., major roads, industry, airports) and
do not explicitly set out to capture exposures based on the
geographical spread of study participants. A focus on spatial
compatibility may instead prioritize monitoring at locations
near or representative of cohort locations and ensure that
monitoring covers the specific geographical variability of the
cohort (regional and cohort geographic variability may or may
not be aligned). One limitation of this work, however, is the
use of outdoor (ambient) exposures at residential locations to
evaluate personal exposures, which primarily occur indoors
and can also occur away from home (i.e., time—activity pat-
terns). This approach is common in large cohort studies due
to monitoring challenges, although it adds exposure measure-
ment error that can affect the estimated health associations.
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In this case study of UFPs and cognitive function, we
observed an association between our exposure data and
the outcome of interest when we used confounder model
1. While mobile monitoring inherently results in missing
observations, the all data and other similar designs (e.g., three
seasons) estimated annual average exposure levels that are
close to the true annual average. The day- and time-restricted
designs, however, sample during times that are temporally
misaligned with the longer-term exposures of interest. These
designs contribute to bias from Berkson-like error, which
is the difference between the true annual average exposure
surface and the more limited part captured by the modeling
process (Szpiro and Paciorek, 2013a). The ideal way to elim-
inate the bias from temporal misalignment is by modifying
the sampling design, but if this is not possible, an alternative
is to introduce a spatiotemporal model that fully captures the
complexity of the underlying exposure surface. Our use of
temporal adjustment affected the amount of bias differently
for the two confounder models (see Figure 4.5), but evidence
of residual bias remained. Future research can explore the
question of whether the available data are sufficiently rich
to support a full spatiotemporal model that will more fully
capture the underlying exposure surface, and thus eliminate
bias from Berkson-like error. Another possibility is to reweigh
the data to achieve temporal compatibility. However, it is not
clear whether either of these approaches will be successful
with the rush-hour or business-hour designs because key
information about what happens during the noncovered
hours is completely unavailable.

More generally, our findings are conservative with respect
to published studies. Many mobile monitoring campaigns
incorporate multiple features that might limit their applica-
bility to long-term population exposure studies; for example,
campaigns that last less than a year, collect fewer repeat visits
per site (median ~4), sample only during weekday business
hours, and collect unbalanced numbers of visits per site (Kim
et al. 2023). We anticipate that these designs will produce
biased health associations like those that we observed for the
business hours design, if not more severe. Moreover, most
mobile monitoring campaigns explicitly collect nonstation-
ary, on-road data. While nonstationary designs achieve higher
spatial coverage than stationary roadside designs like the
one used in this study, they measure on-road concentrations
that are typically higher than those captured by stationary,
roadside locations (which are more similar to residential
exposures); collect less data per road segment (seconds vs.
minutes) making for more unstable estimates; and the result-
ing exposure models are associated with poorer performance
(Doubleday et al. 2023; Kim et al. 2023). Most nonstationary
campaigns also do not adjust on-road data to minimize the
influence of air pollution plumes (spike concentrations)
common on roads, but less so at residential locations. These
design features are unique to nonstationary mobile monitor-
ing, and their potential impact on health inferences should
be investigated in future work. Chapter 6 summarizes our
investigation of nonstationary mobile monitoring designs.
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We conducted this study using data from the long-standing,
community-based ACT cohort. While we could have simu-
lated health outcome data to conduct this analysis, we chose
to use this data source to reflect real-world impacts and incor-
porate aspects that might not be included in a simulation
study. As such, this approach may be more illuminating of
real-world implications compared to a simulation study. ACT
has consistently collected measurements over time, includ-
ing cognitive function, demographics, and lifestyle factors.
ACT’s extensive participant residential histories allowed us
to assess UFP exposures for most participants. Because we
used fixed annual average 2019 UFP exposure surfaces to
assess exposures, there is inherent exposure assessment error
in these analyses, including the all data campaign, and this
likely was higher for earlier time periods. Historical UFP data
are rare, and we assumed that the exposure surface was con-
stant over time (Blanco 2021; Kim et al. 2017; Levy et al. 2015;
Meng et al. 2019; Molter et al. 2010; Y. Wang et al. 2011).
More generally, our inferential models in this analysis were
not necessarily meant to characterize causal effects between
UFPs and cognitive function. Such analysis could consider
additional confounding adjustments and address potential
selection biases that may have resulted, for example, from
conducting complete case analyses. The goal of this analysis
was to characterize how mobile monitoring design choices
may impact the estimated health associations of air pollution.

Intentional monitoring design that ensures that the expo-
sure data collected is aligned with the planned application
of the exposure assessment, while potentially less critical
in some settings, can support the validity of inference in
epidemiological analyses. To maximize exposure and health
inference accuracy, we recommend extending sampling
beyond typical weekday business or rush hours, collecting
data over at least two seasons if the goal is to estimate an
annual average, collecting a balanced (fixed) number of visits
across locations, and collecting more visits per location. Our
future work will investigate how monitoring design more
specifically impacts nonstationary, on-road data exposure
models and health inferences. Some of this is summarized
in Chapter 6.



L. Sheppard et al.

CHAPTER 5: CHARACTERIZATION
OF AND ADJUSTMENT FOR

MEASUREMENT ERROR IN HEALTH
INFERENCE

Lead authors: Magali Blanco, Adam Szpiro, Lianne
Sheppard

INTRODUCTION

Adjusting for exposure measurement error, the discrepancy
between the surrogate and true exposure, is critical for envi-
ronmental epidemiology (Katsouyanni and Evangelopoulos
2022; Keller et al. 2017; Wei et al. 2022). Measurement error
has the potential to modify the estimated health associations
and their uncertainty estimates in ways that may be unclear. It
often (but not always) biases health estimates toward the null,
with the exact impact depending on the correlation between
the exposure and confounders (Katsouyanni and Evange-
lopoulos, 2022; Wei et al. 2022). Biased health associations
and their accompanying uncertainty estimates misinform us
of the true population risks and may impact policy efforts
to understand and control potentially hazardous exposures.
Despite this, exposure measurement error has received
limited attention in the literature. Measurement error is
particularly relevant for air pollution
health studies where predicted ambient
(rather than personal observed) pollution
exposures are almost always used to assess
exposures, and where the estimated health
associations can be subtle.

In these analyses, we investigate the
impact of exposure measurement error on
epidemiological inferences in a case study
of UFPs and cognitive function in ACT. The
exposure and outcome data are the same
as those used in Chapter 4, which focused
on documenting the sensitivity of health
associations obtained from varying expo-
sure monitoring campaign designs. This
chapter focuses on characterizing the bias
and uncertainty (in the all data campaign)
that can be directly attributed to using an
exposure prediction model for inference
about health, as summarized in Figure
5.1. Operating in the spatial measurement
error framework developed by Szpiro and
colleagues (Bergen et al. 2016; Keller et al.
2017; Szpiro et al. 2011a, 2011b; Szpiro and
Paciorek 2013a, 2013b), we decomposed
the error into two components. Classi-
cal-like error is the excess variability in
exposure predictions induced by random
selection of monitoring times and locations,

stochastic variation in measurements, and local fluctuations
in air pollution levels. All these sources of randomness are
propagated through the exposure prediction model (e.g., uni-
versal kriging, spatial random forest), affecting the variability
of the exposure model parameters, and can induce bias and
inflate standard errors of the estimated health associations.
Berkson-like error is the difference between the true exposure
surface and the smooth exposure surface that would be recon-
structed “on average” given the sampling design and choice of
exposure model. Berkson-like error can bias health estimates.
It can also inflate standard errors in health estimates, but this
contribution is largely captured by model-robust standard
calculations that do not specifically account for measurement
error.

We use the bootstrap to address both of these sources
of error. We take a nonparametric bootstrap approach to
capture health inference bias resulting from classical-like
measurement error that’s associated with the uncertainty in
the surface and participants. This approach involves (1) resa-
mpling monitor locations to reflect variation in the predicted
exposure surface derived from different monitor locations
and sampling times, and (2) further resampling participants
to capture additional variability in the epidemiological infer-
ences due to sampling different participants. We also take a
parametric bootstrap approach to capture bias in the health
association resulting from Berkson-like measurement error
due to using predicted rather than observed exposure. We

Figure 5.1. Sources and types of measurement error in air pollution epidemiology
and its impacts on health inference bias and variability. ME = measurement error.
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discuss the impact of measurement error on epidemiological
inferences and compare it to the impacts of the various mobile
monitoring study designs described in Chapter 4.

METHODS

Study Population and Cognitive Function Outcome

This study was conducted in the ACT cohort (Kukull 2001,
Kukull et al. 2002) under the auspices of the ACT-AP study.
As described in Chapter 3, the analytic cohort consisted of
5,409 older (65+) participants who were dementia-free at
baseline (see Table 3.1). We used baseline cognitive function
(measured by CASI-IRT score) as the main outcome of interest
in this study.

Air Pollution Data and Exposure Assessment

Exposure to UFPs (TSI NanoScan, 10-420 nm particles)
was assessed using stationary, roadside measurements from
the Seattle mobile monitoring campaign described in Chapter
3 (Blanco et al. 2022). As previously described, we used these
measurements to develop annual average universal kriging—
partial least squares (UK-PLS) exposure prediction models.
UFPs were log-transformed and regressed against the first two
PLS components, which summarized hundreds of geographic
covariates predictive of traffic-related air pollution (TRAP)
(e.g., land use, roadway proximity, population density). Par-
ticipants were assigned UFP exposures using this model based
on their residential histories over the 5 years prior to baseline.

Epidemiological Inference

We fit a least squares linear regression
model to assess the association between
baseline CASI-IRT score and UFPs,
adjusted for age, calendar year (categor-
ical), sex, and education (categorical)
(confounder model 1) using the all data
(i.e., gold standard) exposure assessment
model (~29 temporally balanced visits
per site distributed across all four sea-
sons, days of the week, and most hours
of the day). The model is

which is similar to Equation 3.11 with
an additional index m, where Y, is CASI-
IRT for participant j, W, is predicted UFP
exposure from model m for participant j,
W, refers to the vector of cross-sectional
covariates measured at baseline, and e
is residual error. 3 is the health parame-
ter for UFP exposure and CASI-IRT for a
given exposure model; it is the primary
parameter of interest. See Chapter 3
for additional details about the health
model, outcome, and covariates.

Nonparametric Bootstrap: Health Inference Bias from
Classical-Like Measurement Error and Variability from
both Classical-Like and Berkson-Like Measurement Error

Figure 5.2 summarizes our approach for estimating the
impact of classical-like measurement error on health inference
bias and both classical-like and Berkson-like measurement
error on health inference variability. Classical-like measure-
ment error results from variability in exposure predictions due
to having finite exposure data. This variability and the implica-
tions for health inference can be quantified by a nonparametric
bootstrap in which exposure data at monitoring locations (e.g.,
stationary roadside locations in the mobile campaign) are
resampled with replacement, and then used to refit the expo-
sure model and derive a new health estimate. There are two
aspects to this nonparametric bootstrap approach: quantifying
the bias and then further quantifying the variability.

Health Inference Classical-Like Measurement Error Bias
Resulting from Variability in the Exposure Surface For
the bias, that is, the bias result in Figure 5.2, the health data
are retained in their original form throughout this process,
without resampling. The bias in health estimates can be
derived from the bootstrap samples by comparing the mean
of the bootstrap samples (5, ) to the estimated health associa-
tion (£) from the original all data exposure assessment model
dataset. Specifically, we generated 500 annual average UFP
exposure models as follows:

1. Resample air pollution data:

a. For each iteration b, 309 locations (I) were sampled
with replacement from the original 309 set of loca-
tions (e.g., the dataset is expected to contain some

(N = 309 sites)

(N = 5409
subjects)

Figure 5.2. Overview of the estimation of health inference bias from classical-like
measurement error and health inference variability from classical-like and

Berkson-like measurement error. ME = measurement error; AP = air pollution.
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duplicated locations and to have some locations not
included in the sample).

b. Foreach of these locations in the b iteration, n stops
were sampled from the n stops available, also with
replacement. One annual average was calculated
for each location based on the n stop measurements
sampled.

2.  Exposure model: For the b" iteration, a UK-PLS model
was generated, as described previously, based on the
dataset generated above, and predictions for participant
locations were generated. Monitoring location latitudes
and longitudes were jittered to a small degree (8th dec-
imal place) to avoid numerical errors associated with
having duplicate monitoring locations.

3. Health inference in the original cohort: We assessed the
adjusted association between baseline cognitive function
in the original analytic cohort (not resampled) and pre-
dicted 5-year UFP exposure for each model (Equation
5.1) and obtained for B, , for b = 1,...,500.

We defined bias from classical-like measurement
error (Pcr pias) as the difference in the mean health infer-
ence from the 500 nonparametric bootstrap approaches

BeL = 2500 B¢y, and B from the all data exposure model
(Equatlon 5.1), as well as the percent bias as

Per bias = Ber — B (5.2)

YeL percent bias — —teLbias__yq00 (5.3)

Bbias corrected
where Bpias corrected is defined in (Equation 5.7).

Health inference for both classical-like
and Berkson-like measurement error
variability resulting from variability in the
exposure surface and in study participants
As shown by Szpiro and Paciorek (2013a),
we can quantify the full variability in the
estimated association induced by the finite
population of the cohort, and classical-like
and Berkson-like measurement error with
the standard error of bootstrap health
estimates that also includes resampling the
cohort. For a corrected standard error (SE),
i.e., the variability result in Figure 5.2, the
health data are resampled by extending the
nonparametric bootstrap. After completing
steps 1-2 above:

4. Health inference in the resampled
cohort:

a. For each iteration b, we resampled
the analytic cohort with replace-
ment (n = 5,409).

b. For each iteration b (now with the new cohort sam-
ple), we assessed the adjusted association between
baseline cognitive function and predicted 5-year
UFP exposure (Equation 5.1), Where the estimate
of the parameter of interest is ﬁCLBLb here, and
obtained for BCLBLb forb =1, ...,500.

We used the standard deviation (SD) of the [)’ CLBLD from
the data in step 4b to estimate the health inference SE that

accounts for classical-like and Berkson-like measurement
error (SEp).

Parametric Bootstrap: Health Inference Bias from
Berkson-Like Measurement Error

Figure 5.3 summarizes our approach for estimating the
impact of Berkson-like measurement error on health infer-
ence bias (i.e., the bias result in Figure 5.3). We expected that
applying predicted rather than observed exposures to our
health analyses would primarily manifest in the Berkson-
like component of measurement error and be a source of
bias in the estimation of the health association. Unlike
classical-like error, Berkson-like error is not identifiable from
the stochastic behavior of the exposure model as calculated
by a nonparametric bootstrap. The key observation is that
we can estimate the Berkson-like error at monitor locations
because true and predicted exposures are available there. For
quantitative outcomes, we have shown that this approach can
be used to derive an analytic approximation to the bias from
Berkson-like error by numerically integrating the estimated
Berkson-like error (Bergen and Szpiro, 2015). When applying
the parametric bootstrap, the difference (averaged over many
bootstrapped samples) between these two health estimates
(i.e., those estimated using the observed and predicted

Figure 5.3. Overview of the estimation of health inference bias from Berkson-like

measurement error. ME = measurement error; AP = air pollution.

35



Optimizing Air Pollution Exposure Assessment with Application to Cognitive Function

exposures based on the simulated outcomes conditional on
the observed exposures) provides an estimate of bias in the
original uncorrected analysis.

Specifically, for each of b* = 1,...,500 times, we

1. Collect observed and predicted air pollution: Sampled
monitoring sites (n = 309) with replacement until we had
5,409 simulated “participant” locations (1).

2. Simulate outcomes: Simulated CASI-H}T outcomes at all
5,409 “participant” monitoring sites, Y} p.:

Vb =@+ BX +6 (5.4)

using the estimated intercept (& ~ 0.0354) and the UFP
health association estimate (f = —0.0198) from the original
data fit (Equation 5.1), along with added statistical noise from
this same model fit (Simulated as normally distributed errors
with p = 0, SD = 0.625, which was the SD of the residuals),
and observed air pollution levels at a given location, AP;.

3. Health inference: Fit least squares linear regression mod-
els for the association between CASI-IRT and predicted, ,
or observed, X), or observed, X;, air pollution:

Yipe = Gpps + BppeXi

Yl,b* = Uo,px + Bo,b*Xl

(5.5a)
(5.5b)

Appsand &, p, are the estimated intercepts from predicted
and observed air pollution, respectively. Bpp« and By p« are
the estimated coefficients for the associations between CASI-
IRT and predicted and observed air pollution, respectively,
and are our parameters of interest.

We defined bias from Berkson-like measurement error
(PBL bias) as the difference in the mean health inference from
the 500 parametric bootstrap approaches with the observed
and predicted exposures:

VBL bias = mean(ﬁp,b* - ﬁo,b*) (5.6)

3 _ VBL bias
VBLpercent bias = 7 X 100 (5.7)
B bias corrected

Health Inference Bias Correction and SE Calculation

We adjusted the all data health association estimate, 8
(Equation 5.1), for classical-like and Berkson-like measure-
ment error absorbed in the estimate as shown in Equation 5.8.
We used the SE estimated from the nonparametric approach
described above in 4b (Health inference in the resampled
cohort) to replace the asymptotic SE from the all data expo-
sure model to account for the extra variability from classical-
like and Berkson-like measurement error (SEg in Figure 5.2).
Note that this approach misses the variability from doing the
bias corrections, which were not feasible to conduct in this
study. All analyses were conducted in R (v. 4.2.2) (R Core
Team, 2023).

,Bbias corrected — .8 - ?CL bias — ?BL bias (5.8)

RESULTS

The estimated adjusted association between CASI-IRT and
UFPs from the all data exposure model was —0.0198 (95% CI:
—0.0356 to —0.0040; SE: 0.0081) per 1,900 pt/cm®. Table 5.1
summarizes the findings from the original (reference) analysis
in the first row and the bootstrap analyses (nonparametric and
parametric bootstrap) in the remaining rows. The first two
columns summarize the information provided with respect
to the type of measurement error present or being corrected
in that row and the bootstrap approach description, which
also refers to the relevant figure. The remaining two columns
show the health estimate and its SE and estimated bias. The
overall bias is given in the first row, the classical-like and

Table 5.1. Health Estimates (Betas) and Their Standard Errors for the Adjusted Association Between UFPs (per 1,900 pt/cm®) and Cognitive
Function from Parametric and Nonparametric Bootstrapped Approaches (sampled 500 times) using Stationary Roadside NanoScan data from the

Seattle Mobile Monitoring Campaign

Bias (percentage of bias-

Measurement Error Description Health Estimate (SE) corrected health estimate)
Classical-like + Unadjusted reference from the all data expo- ‘é - _0.0198 Vet bias + V5L bias =
Berkson-like present sure model (SE: 0.6081) 0.0013 (6.3%)

Classical-like bias
correction

Classical-like +
Berkson-like
variability correction

different participants
(Figure 5.2)

Berkson-like bias

correction ulated cohort (i.e., bootstrapped monitoring)
locations (Figure 5.3)
Corrected for Adjusted reference

Classical-like +
Berkson-like

Nonparametric approach: Different monitor
locations and sampling times (Figure 5.2)

Nonparametric approach: Nonparametric +

Parametric approach: Predicted UFP at sim-

?CL bias = 0.0010
(4.8%)

B - Pcr bias = -0.0188

(SE, =0.0092)

}’/\BL bias = (.0003
(1.5%)

B - V8L bias = -0.0195

Bbius corrected =-0.0212
(SE,:0.0092)
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Berkson-like corrections are provided in rows two through
four, and the bias-corrected estimate and SE are given in the
last row. The effect of measurement error in this analysis was
modest, with a mean estimated bias of 0.0010 (4.8% of the
bias-corrected health estimate) from classical-like and 0.0003
(1.5%) from Berkson-like measurement error, with an approx-
imately 13% increased variability of health estimates after
classical-like and Berkson-like corrections (SE from 0.0081
to 0.0092). Altogether, the corrected, adjusted association
between CASI-IRT and UFPs was —0.0212 (SE: 0.0092, 95%
CI: -0.0392, -0.0031) per 1,900 pt/cm?®.

DISCUSSION

In this work, we investigated the impact of exposure mea-
surement error on the estimated association between UFPs
and cognitive function in the ACT cohort. We leveraged the
methods developed by Szpiro and colleagues (Bergen et al.
2016; Keller et al. 2017; Szpiro et al. 2011a, 2011b; Szpiro
and Paciorek 2013a, 2013b) to decompose the error into
classical-like and Berkson-like components known to impact
health inference bias and SE. In a nonparametric bootstrap
approach, we captured health inference bias resulting from
classical-like measurement error associated with the uncer-
tainty in the exposure surface, and variability resulting from
classical-like and Berkson-like measurement error associated
with uncertainty in both the exposure surface and partici-
pants. In a parametric bootstrap approach, we captured health
inference bias resulting from Berkson-like error associated
with using predicted rather than observed exposure. We note
that a critical assumption needed for the measurement error
correction approach was met because the Seattle mobile
monitoring campaign’s stationary locations were selected to
be spatially aligned, or spatially compatible with the target
ACT cohort. Specifically, spatial compatibility is the assump-
tion that the distribution function of participants’ locations is
the same as the distribution function of monitoring locations
(referred to as G(x) and H(x), respectively, in Szpiro and
Paciorek (2013a) and follow-on papers).

We found that the original health association between
UFPs and cognitive function had been impacted by both
classical-like and Berkson-like error to a small degree, with
a total bias of 6% relative to the bias-corrected health esti-
mate, and a slightly smaller variability relative to the error-
corrected health estimate (13% smaller SE before rounding).
We corrected the original health estimate from —0.020 (SE:
0.008) to —0.021 (0.009).

Putting these results into context, the health inferences
were more meaningfully impacted by features of the mobile
monitoring design as described in Chapter 4. In that work,
we leveraged the same UFP measurements from the Seattle
mobile monitoring campaign in this analysis (described in
Chapter 3). We simulated less robust monitoring designs that
involved subsampling the monitoring data following common
field designs, including sampling fewer visits, more restricted
seasons or hours, and collecting an unbalanced number of

visits across sites. We developed annual average UFP expo-
sure models with the resulting data and ran health analyses
to estimate the adjusted association between 5-year UFP
exposure and baseline cognitive function in the ACT cohort.
We found that more restricted mobile monitoring designs gen-
erally produced poorer-performing exposure models. These,
in turn, produced health inferences from confounder model
1 with median health associations that were approximately
25% to 60% different from the health inference produced by
the all data (gold-standard reference) exposure model. These
median health associations were all attenuated. Furthermore,
as described in Chapter 4, in confounder model 2, we observed
higher percentage differences, though these large percentages
were driven by the small, nonstatistically significant health
association estimate from the all data exposure model.
Notably, the biases in confounder model 2 were both positive
and negative, making them difficult to anticipate and correct.
Note that the Chapter 4 health analyses were not corrected for
measurement error as in this chapter.

It is noteworthy that the resulting bias-adjusted health
estimate still contains sources of exposure measurement error
that we did not address in this study. We used predicted
ambient air pollution at participant residences as a surrogate
for long-term personal exposures. This approach is common
in large population settings, given the logistical challenges
of collecting long-term personal exposures. Outdoor—indoor
infiltration rates, time—activity patterns, and indoor sources
of air pollution (e.g., cooking), however, are known to impact
true exposures (Allen et al. 2003; Jung et al. 2011; Klepeis et al.
2001; Vardoulakis et al. 2020). This adds exposure assessment
error, although we anticipate that the retiree ACT population
spends a large portion of their time at home, and indoor and
outdoor air pollution levels are often correlated. Moreover,
we used exposure surfaces from 2019 measurements as sur-
rogates for the long-term exposure surface. This adds some
error to earlier time periods of assessments, although our
prior work has shown that the spatial variability of UFPs is
greater than the within-year temporal variability (Blanco et al.
2022), and that long-term UFP trends have likely been stable
for over a decade (Blanco et al. 2024). Future work in this
area to better quantify the degree to which these approaches
impact health inferences would be a valuable contribution to
the literature.

One of the limitations we faced in conducting this mea-
surement error analysis was that we had to transfer exposure
data to the Kaiser Permanente Washington Health Research
Institute to be linked to participants’ address histories. The
ideal methodology for this analysis would have involved gen-
erating 500% = 250,000 exposure surfaces based on two levels
of nonparametric resampling (500 samples with replacement
to calculate the variability, and 500 subsamples of each of
those samples to separately calculate a bias correction for
each of the samples). This would have permitted us to use
an integrated approach to calculate the measurement-error-
corrected health estimate and 95% CI because we could have
calculated the standard deviation of bias-corrected health
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estimates. Instead, we calculated the two types of bias and the
measurement-error-corrected SE as semi-independent steps,
using a much smaller number of exposure surfaces, which
were only based on one level of resampling of monitoring
locations. We note that exposure predictions generated by
the various resamples were highly correlated, and the biases
were very small, so we have no reason to believe that the more
computationally intensive method would have produced
substantially different results.

Overall, we found that while measurement error can impact
the validity of the estimated health associations, the moni-
toring study’s overall design can be a much more important
consideration. Our findings hold in a setting where the spatial
compatibility assumption is met. In this case, we can conclude
that improving monitoring design should thus be prioritized,
including in cases where error correction is not possible
because nonideal monitoring sampling design can introduce
bias (Chapter 4) that may be difficult to correct using available
analytic or bias-correction methods. Further investigation is
needed to extend these results to spatially misaligned exposure
data, which are more common in practice.
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CHAPTER 6: USING ON-ROAD DATA
FROM MOBILE MONITORING STUDIES:

EXPOSURE QUANTIFICATION, DESIGN,
AND EPIDEMIOLOGICAL INFERENCE

Lead authors: Magali Blanco, Annie Doubleday, Lianne
Sheppard

INTRODUCTION

Mobile monitoring, which is the collection of repeated
short-term samples from an area of interest, is increasingly
used to characterize air pollutants with high spatial vari-
ability (Kim et al. 2023). No standard monitoring protocols
exist, however, and monitoring designs vary widely. Most
campaigns collect on-road samples while driving a vehicle,
with fewer collecting stationary roadside samples. The
sampling approaches vary in their temporal and spatial cov-
erage, with most sampling during weekday business hours
and collecting approximately 1-40 (median 4) samples per
location. While mobile measurements may result in more
spatial coverage, stationary measurements may be more stable
and representative of residential exposures. Several studies
have reported elevated air pollution concentrations resulting
from on-road measurements when compared to stationary
measurements (Chambliss et al. 2020; Doubleday et al. 2023;
Kerckhoffs et al. 2016, 2017; Minet et al. 2018). Approaches
to address these concerns have been developed, although
most campaigns have not yet implemented them. Methods
include plume detection approaches (Kerckhoffs et al. 2016),
those that leverage stationary, roadside measurements (Yuan
et al. 2022), and others that leverage both stationary and
multipollutant measurements to detect plumes as described
in Chapter 3 and published work (Doubleday et al. 2023).
Importantly, it is unclear how on-road monitoring choices
may impact the resulting exposure assessment models, and
whether some approaches may be better suited for epidemio-
logical applications.

A few on-road monitoring studies have gained valu-
able insights into the number of measurements required to
produce robust exposure assessment models. These have
reported robust, well-performing exposure models relative to
all data models when a subset of measurements are collected;
for example, approximately 4-8 (Messier et al. 2018) or 5-15
(Kerckhoffs et al. 2024) repeat visits per road segment in
Oakland, CA (depending on the modeling approach), and
10-12 repeat visits in Montreal, Canada (Hatzopoulou et al.
2017). No on-road mobile monitoring studies have investi-
gated whether temporally or spatially balanced sampling is
necessary for estimating unbiased long-term averages, the
degree to which plume adjustment approaches may improve
both balanced and unbalanced sampling campaigns, or how
monitoring design may impact subsequent health inferences.
Moreover, relying exclusively on exposure data and prediction

quality, as prior studies have done, does not directly address
the suitability of these campaigns for epidemiology.

We previously conducted a spatially and temporally
extensive mobile monitoring campaign in the greater Seattle
area to capture annual average traffic-related air pollution
(TRAP) concentrations for the Adult Changes in Thought
(ACT) study, as described in Chapter 3 and our published
work (Blanco et al. 2022). The campaign collected stationary
roadside and on-road measurements of various traffic-related
air pollutants, including ultrafine particles (UFPs, measured
as a particle number concentration [PNC] with a TSI P-Trak
8525 instrument [20-1,000 nm particles]), at locations rep-
resentative of the cohort across all seasons, days of the week,
and most hours of the day. Chapter 4 details some of the
insights we gained from investigating sampling design with
the stationary roadside measurements. We found that increas-
ing the total number of stops (sites x visits per site) is strongly
associated with increased exposure model performance, with
diminishing returns for UFPs above approximately 309 sites
and 12 visits per site (Blanco et al. 2023a). Furthermore, we
documented the most accurate and consistent exposure mod-
els and health estimates when monitoring campaigns were
designed to collect UFP measurements across three to four
seasons, during all days and most hours, and in a spatially
balanced way to ensure that all sites received the same num-
ber of visits.

In a follow-up study focused on the P-Trak data from the
mobile monitoring campaign, we documented the differences
between stationary and on-road data with the goal of better
characterizing on-road data for epidemiology (Doubleday et
al. 2023). We showed that on-road measurements approach-
ing and departing from stationary locations were much more
similar to the adjacent stationary roadside measurements
than nonadjacent on-road measurements that were otherwise
comparable in terms of their location characteristics. We
further showed that on-road data were systematically higher
on average than stationary roadside data due to on-road
sources. Thus, we developed a plume adjustment approach
to decrease the impact of on-road sources. This approach is
summarized in Chapter 3. The adjusted on-road predictions
were more consistent with predictions from the stationary
data than the unadjusted on-road predictions.

The objective of this chapter is to evaluate how on-road
mobile monitoring design features impact the resulting expo-
sure model performances and subsequent health inferences in
a case study of UFP exposures and cognitive function in ACT.
We leverage our prior Seattle mobile monitoring campaign
to assess designs with a smaller number of visits per road
segment, restricted sampling during weekday business hours,
spatially unbalanced sampling where some locations receive
more visits than others, and the application of a plume
adjustment to the resulting data. We provide guidance on key
design features that on-road mobile monitoring campaigns
can leverage to improve exposure model performance and
support future epidemiological applications.
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METHODS

Cohort and Cognitive Assessments

We assessed cognitive function in the ACT cohort using
baseline CASI-IRT scores, as described in Chapters 3 and 4
(Table 3.1, Figure S3.3, Table 4.1).

Ultrafine Particle Data

We leveraged measurements from the Seattle mobile
monitoring campaign described in Chapter 3 (Blanco et al.
2022, 2023b; Doubleday et al. 2023), which included both
on-road and stationary measurements. We distilled these
measurements as described in Chapter 3. This study focuses
on the UFP measurements collected from the TSI P-Trak 8525,
which measured the total PNC for 20-1,000 nm particles
every second.

The stationary visit data were used to develop site annual
averages and were treated as a gold-standard external valida-
tion dataset for the on-road prediction models, as described
below and in Chapter 3.

Mobile Monitoring Sampling Designs

We simulated hypothetical sampling campaigns by sam-
pling with replacement from the full dataset, using segment-
level drive-pass median concentrations in the following
process (Figure 6.1):

e  Visits per location: For each road segment, we collected
either 4 or 12 visits.

e  Spatial balance:

o  Spatially unbalanced sampling: We collected visits
using an unbalanced approach guided by a lognor-
mal distribution (e.g., median: 4, IQR: 3-7.5, range:
1-28).

= Road segments: We assumed some road seg-
ments were visited more frequently than others,
possibly allowing for large discrepancies in the
number of visits between neighboring segments.

= Spatial clusters: We sampled certain areas
more heavily by establishing spatial clusters,
each composed of an average of 93 100-meter
segments. Road segments within a cluster were
sampled the same number of times. Specifically:

Random clusters: Clusters were randomly
assigned the number of visits.

Sensible clusters: Clusters with higher all data
annual average UFP concentrations received
more Vvisits.

Nonsensible cluster: Clusters with lower
all data annual average UFP concentrations
received more visits.
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Road type: We sampled road segments based on
the predominant road type, with larger, more
heavily trafficked roads receiving more visits.

o Spatially balanced sampling: We sampled visits
using a balanced approach, ensuring that all loca-
tions received the same number of visits.

= Road Segments: Each road segment was vis-
ited the same number of times. As before, we
allowed for independent segment visits (e.g.,
different days), a common approach that does
not account for the temporal correlation inte-
grated into mobile monitoring, as neighboring
segments are sampled together.

e  Time selection:

o  All hours: Visits were conducted during all days and
most hours.

o Business hours: Visits were restricted to weekday
business hours (9 a.m. to 5 p.m.).

o  Temporal adjustment:

o None: No temporal adjustment was applied to the
data.

o Fixed-site temporal adjustment: We followed a
common approach of using a fixed-site background
monitor to develop time-specific adjustment factors,
defined as the difference between a measured short-
term concentration (e.g., 1 hour in the study period)
and the longer-term average concentration of interest
(Eeftens et al. 2012; Hoek et al. 2002; Montagne et al.
2015; van Nunen et al. 2017). Chapter 4 details this
approach for NanoScan PNC measurements.

¢  Plume adjustment:

o None: We used the raw, possibly plume-impacted
data.

o  Plumeadjustment: We applied the plume adjustment
method developed by Doubleday and colleagues
(2023), which is summarized in Chapter 3.

We calculated annual average segment concentrations
from each sampling campaign.

Ultrafine Particle Exposure Assessment

We used annual average segment UFP concentrations
from each sampling campaign to develop universal kriging—
partial least squares (UK-PLS) exposure prediction models,
as described in Chapter 3. We evaluated each model at the
309 stationary roadside locations by comparing the predicted
annual average UFP concentrations to estimated annual aver-
age concentrations using both traditional regression-based R*
(R?e g) and mean squared error (MSE) -based R? (Rf,, sg) (Chapter
3 differentiates between these two measures of performance).
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Figure 6.1. On-road mobile monitoring
sampling designs. See Methods —
Mobile Monitoring Sampling Designs
for details. There are 30 campaigns

for each sampling approach (N = 24
design paths x 30 campaigns = 720 total
campaigns) in the main analyses.

We used each campaign model to predict time-weighted
average UFP exposures for each ACT participant at baseline
based on their prior 5-year residential history.

Inferential Analyses

As outlined in Chapter 3, we assessed the adjusted asso-
ciation between UFP exposure using each exposure model
and baseline cognitive function (CASI-IRT), as given in Equa-
tion 3.11 for confounder models 1 and 2. We compared the
estimated health parameter from each UFP exposure model
to the health parameter estimated when using the all data
stationary exposure model.

We conducted all analyses in R (v. 4.2.2) (R Core Team,
2023).
RESULTS
Cohort Characteristics

The cohort characteristics are described in Table 3.1 and
Table 4.1.

Exposure Assessment and Model Performances

The all data stationary reference campaign produced a
median (IQR) observed UFP concentration of 6,665 (5,667—
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8,029) pt/cm® and cross-validated predicted UFP concentration
of 6,588 (5,817-7,898) pt/cm? at the 309 stationary sites. Expo-
sure models from on-road campaigns produced similar, slightly
elevated predictions at the stationary locations, with plume
adjustments slightly reducing these inflated predictions (Fig-
ure S6.2). Cohort predictions from the all data stationary UFP
model had a median (IQR) of 7,008 (6,212-7,995). As before,
on-road sampling campaigns generated UFP predictions that
were slightly more elevated, while plume adjustment slightly
reduced these inflated predictions (Figure S6.3).

The all data stationary P-Trak UFP model had a cross-val-
idated RZsg of 0.77. On-road campaigns had similar model
performances in balanced campaigns with either four or 12
visits per location (Figure 6.2). Four and 12-visit campaigns
produced similar results, with 12-visit campaigns producing
more stable estimates across campaigns. Business-hours
campaigns produced the worst-performing exposure models
(~25% of the all data reference). Temporally adjusting these
campaigns produced more variable results and, at times,
improved exposure model performances. Plume adjustment
improved business-hours exposure models to a larger degree
than temporal adjustment. Temporally adjusting plume-ad-
justed models produced relatively noisier models. Plume
adjusted all-hours campaigns
produced the best-performing
exposure models.

Spatial balance generally
had a minimal impact on

exposure ~ model  perfor-
mances. Campaigns with
unbalanced road segment

sampling (vs at the cluster
level) produced similar results
(not shown). Figure S6.4
shows regression-based R,%eg,
a more common metric
reported in the field. Rﬁeg
is always higher than R%E,
and it differentiates between
campaign performances less
well than RZ/gg.

Inferential Analyses

Using the reference all
data  stationary  exposure
model, the adjusted mean
baseline = CASI-IRT  score
differed by —0.021 (95% con-
fidence interval [CI]: —0.039 to
—0.003) in confounder model
1 and 0.007 (-0.013 to 0.027)
in confounder model 2 per
each 1,900 pt/cm® In con-
founder model 1, compared to
the reference estimate, health
associations from on-road
UFP exposure models were

42

most similar for campaigns that sampled during all hours,
with plume adjustment marginally improving results (Figure
6.3). Median health estimates were attenuated (i.e., closer to
0) by approximately 50% to 75% when on-road monitoring
campaigns were restricted to business hours. Spatially bal-
anced sampling had a relatively small impact on the estimated
health inferences. The benefit of monitoring design was less
clear in confounder model 2, where there was no association
detected between UFPs and cognitive function. Results were
similar for 4- and 12-visit campaigns, with 4-visit campaigns
producing noisier estimates (Figure S6.5).

DISCUSSION AND CONCLUSIONS

Mobile monitoring campaigns are increasingly used to
characterize air quality in an area. The monitoring designs
vary, however, and it is unclear what the key design features
are for campaigns aiming to develop exposure assessment
models for epidemiological applications. Only a few other
studies have investigated monitoring design, and these have
mostly focused on the amount of data collected (Blanco et
al. 2023b; Hatzopoulou et al. 2017; Kerckhoffs et al. 2024;
Messier et al. 2018).

Figure 6.2. Out-of-sample UFP (pt/cm?®) exposure model performances for on-road campaigns (N
= 30 campaigns per combination (i.e., box plot). R
PNC at 309 stationary locations and the annual average site estimate from stationary roadside
measures. UFP models are for total particles (20-1,000 nm) from the unscreened P-Trak
instrument and the Seattle mobile monitoring campaign. Boxes show the median and IQR,
whiskers show the 10th and 90th percentiles. The dashed line indicates the R? from the reference
all data stationary model, which is 0.77.

ise 18 based on a comparison of the predicted
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Figure 6.3. Estimated association between UFPs (1,900 pt/cm®) and cognitive function at baseline using confounder models 1 and 2.
UFP exposures are predicted from on-road monitoring campaigns using the 12-visit campaigns. The dashed green lines and shaded
areas indicate the estimated point and 95% CIs from the all data roadside exposure model, which are —0.021 (95% CI: —0.039 to —0.003)
in confounder model 1 and 0.007 (95% CI: —0.013 to 0.027) in confounder model 2. The dashed red line indicates no association. Boxes
show the median and IQR, whiskers show the 10th and 90th percentiles.

We leveraged an extensive mobile monitoring campaign
and a long-standing prospective cohort study to gain insight
into the impact of common on-road monitoring and analytic
decisions on both exposure prediction performance and
health inference. The reference all data stationary campaign
produced well-performing exposure models (RI%/ISE =0.77).In
confounder model 1, which utilized the roadside reference
P-Trak exposure model, the adjusted mean baseline CASI-IRT
score was reduced by 0.021 (95% CI: —0.039 to —0.003) per
each 1,900 pt/cm?. Conversely, confounder model 2 produced
an estimate that barely overlapped with confounder model
1, was not statistically significant (0.007 [95% CI: -0.013 to
0.027]), and was not in the hypothesized direction (Figure
6.3). Plume-adjusted all-hours designs yielded results most
consistent with the confounder model 1 all data association
estimates, which reported a stronger association, whereas
other designs produced more attenuated results. Temporal
and plume adjustments typically improved exposure model
performance statistics to varying degrees (Figure 6.2), but
they did not meaningfully improve health inference estimates
(Figure 6.3), suggesting that temporally balanced sampling is
critical. We saw similar patterns when evaluating campaigns
with four and 12 visits, with four-visit designs producing
slightly attenuated, more variable results. This may be a result
of the increased temporal representation captured by a larger
number of visits. Collecting spatially balanced samples had
a relatively small effect on the results, indicating that some

degree of spatial imbalance (e.g., due to logistical constraints)
may not meaningfully affect the resulting conclusions. In
confounder model 2, where the estimated associations were
smaller and not statistically significant, there was consider-
able overlap across designs.

There is some overlap in the findings from this on-road
campaign study and our prior work with stationary roadside
monitoring (Chapter 4). Stationary data are more precise
than mobile data in terms of the accuracy of the geographic
location and the duration of sampling. They are also less
likely to be contaminated by on-road sources, making them
potentially more representative of residential cohort expo-
sures (Doubleday et al. 2023). They often represent fewer
monitoring locations than mobile data, however (19 times
fewer in this case, with 309 stops vs. 5,878 road segments),
and they are less common in the literature. Despite these dif-
ferences, we previously also found that collecting temporally
unrestricted visits had the largest impact on exposure and
health models. We previously discussed these results in the
context of temporal misalignment of the data relative to the
longer-term exposures of interest (Chapter 4). Designs with
temporally unbalanced or incomplete exposure data result in
higher levels of Berkson-like error than other designs and are
associated with bias in the resulting health association (Szpiro
et al. 2011b; Szpiro and Paciorek, 2013a). We previously also
found that the resulting exposure model performances and
health inferences are worsened when collecting fewer visits
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per location, although this impact is smaller than the impact
from sampling during restricted days and hours (i.e., business
or rush hours).

In our prior work with stationary data, we reported health
inferences that were slightly more variable and biased when
locations with more concentration variability were prioritized
(visited more) or deprioritized (visited less). In these analyses
using on-road data, however, we observed no clear pattern. This
may be due to the proximity of neighboring segments when
compared to stationary locations, which may make models
appear to perform better. These findings may reflect the ability
of geostatistical models to borrow information from nearby
locations. Future analyses should consider route structure to
evaluate the impact of temporal correlation and visit frequency
in realized on-road monitoring campaigns. Furthermore, work
characterizing the degree to which geostatistical models allevi-
ate unbalanced sampling may be valuable.

Interestingly, adjusting on-road data for plume concen-
trations improved exposure models, but minimally improved
health inferences, and this improvement was not sufficient
to counteract the attenuating effects of business hours sam-
pling in confounder model 1. Similarly, temporally adjusting
business hours designs at times improved exposure models,
but their impacts on health estimates were inconsistent. In
our prior work using stationary data, we also found that tem-
porally adjusting data produced inconsistent results. These
findings suggest that collecting temporally balanced data
could be a reliable approach for both roadside and on-road
campaigns, as existing temporal adjustment methods may
not adequately address the inconsistent effects of temporally
restricted designs. Future work to identify more effective
adjustment approaches would be valuable.

There are likely other monitoring design features that are
important to consider in future work that we did not address
in this study. The overlap in some of the findings between
on-road campaigns discussed in this chapter and roadside
campaigns (e.g., all hours, more visits), discussed both in
Chapter 4 and by Blanco and colleagues (2023a), indicates
that some of our earlier conclusions may also be relevant
for on-road campaigns. For example, while we focused this
study on UFPs — a pollutant that is commonly measured
with mobile monitoring — we previously found similar
trends across pollutants, with some variability based on a
pollutant’s spatial and temporal variability (Blanco et al.
2023a). Moreover, while we did not investigate campaign
duration in this study, we previously found that campaigns
with samples collected across three to four seasons produced
the most robust annual average exposure assessment models
and health inferences. Nonetheless, there may be sampling
strategies beyond location concentration or variability (the
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latter based on stationary data) that may allow for less sam-
pling at some locations without negatively impacting expo-
sure predictions or epidemiological inferences. For example,
selectively adding more visits to poorly predicted locations
has not been evaluated. Finally, results will vary for different
health outcomes and association estimates. In this study,
based on the sizes of the coefficient estimates, we found a
more striking impact on health inferences by exposure design
when considering confounder model 1, and smaller and less
consistent impacts on inferences across designs when consid-
ering confounder model 2. More work is needed to investigate
other relevant hypotheses.

There are a few features of this analysis that should be
considered for the generalizability of our findings. The use
of real data from the long-standing ACT cohort is a strength
of this study. These data naturally incorporate aspects that
might not be included in a simulation study, thus strengthen-
ing the real-world implications of our findings. A feature of
this analysis was the use of 2019 air pollution measurements.
The use of these data to assess longer-term exposures adds
some degree of exposure assessment error, particularly to ear-
lier time periods. Nonetheless, our analyses should have still
captured the impacts of mobile monitoring design changes.
Moreover, it is notable that we evaluated exposure model
performances at out-of-sample monitoring locations where
we had high confidence in the accuracy of the annual average
site concentrations. These data are not generally available in
practice, resulting in analyses that compare predicted expo-
sures against the collected campaign observations. We have
previously shown that this assessment approach can produce
unclear or misguided results when certain common designs
(e.g., business hours) are implemented (Blanco et al. 2023b).
We also primarily reported Rgjgg in these analyses, which
is less commonly reported than RZ,, and, as we observed,
performs worse. It is also notable that R?eg was less able to
differentiate between different monitoring designs.

In conclusion, on-road monitoring campaign design can
be leveraged to improve exposure models, although its impact
on health inferences may be subtle, with resulting estimates
potentially attenuated. Exposure models benefit from data
collected using temporally balanced and unrestricted
approaches. While plume and temporal adjustments can
sometimes improve exposure models, they can also introduce
statistical noise. Temporally unrestricted on-road campaigns
may yield more accurate health inferences than temporally
restricted on-road campaigns. Increasing the number of vis-
its per location generally leads to more consistent findings
across campaigns. These design principles can be applied by
on-road monitoring campaigns to support epidemiological
applications.



L. Sheppard et al.

CHAPTER 7: ADDED VALUE OF
LOW-COST SENSORS AND OTHER

NONREGULATORY MONITORING DATA
FOR EXPOSURE PREDICTION AND
HEALTH INFERENCE*

Lead authors: Jianzhao Bi, Chris Zuidema, Dustin Burnham,
Magali Blanco, Lianne Sheppard

INTRODUCTION

Historically, associations between ambient air pollution
and health effects have been studied at the ecological or
regional level using regulatory agency monitoring data, such
as data collected by the US Environmental Protection Agency
(US EPA) Air Quality System. For air pollutants such as fine
particulate matter (PM, ; particles that are 2.5 pm or less in
aerodynamic diameter) and nitrogen dioxide (NO,), regula-
tory measurements are typically taken with Federal Reference
Monitors (FRMs) or Federal Equivalent Methods (FEMs) and
provide high-quality pollutant data, but the monitoring loca-
tions have sparse geographical distribution. This geographic
sparseness poses challenges for environmental epidemiolog-
ical studies of air pollution, as pollutant measurements may
not adequately characterize individual-level spatial exposure
variability. Past exposure assessment approaches relied on
intercity differences (Dockery et al. 1993) or nearest monitor
assignment (Miller et al. 2007); however, these approaches
have limitations and may lead to low exposure variability
and exposure measurement error or misclassification, and
may obscure relationships between air pollution exposure
and disease outcomes, or lead to spurious associations.
Determining the most feasible and cost-effective approaches
to improving PM, . and NO, exposure assessment will con-
siderably enhance the quality of epidemiological inferences
about their health effects.

Recent advances in microprocessor platforms, open-
source software, and low-cost sensors have enabled the prolif-
eration of low-cost sensor networks to measure air pollution.
These networks, both custom-made and commercialized,
detect particulate matter, hazardous gases, or both, although
the availability of sensors tends to reflect pollutants of regu-
latory importance (e.g., PM, ,, PM, , carbon monoxide, NO,,
and ozone). Examples of sensor networks described in the
literature are growing (Datta et al. 2020; English et al. 2017;
Gao et al. 2015; Heimann et al. 2015; Tkram et al. 2012; Jiang et
al. 2016; Jiao et al. 2016; Malings et al. 2019; Mead et al. 2013;
Moltchanov et al. 2015; Zimmerman et al. 2018), and offer
insights into the calibration, deployment, practical issues,
and quality of data that low-cost sensor networks provide.

*Parts of this section have been reprinted (adapted) with permission from
(1) (Bi et al. 2024) Copyright 2024 Elsevier, and (2) (Zuidema et al. 2024)
Copyright 2024 Nature.

Compared to reference-grade FRMs and FEMs, low-cost
sensors may provide data of lower quality but are orders of
magnitude less expensive, which facilitates their deployment
in geographically dense networks. Several researchers have
suggested that a key potential of low-cost sensor networks is
to supplement traditional regulatory monitoring (Kumar et al.
2015), particularly in exposure assessment for epidemiologi-
cal studies (Jerrett et al. 2017).

The use of low-cost sensors, however, may be coupled
with high personnel costs with regard to sensor deployment,
construction, and data management. It is unclear what type of
monitoring design is spatially and temporally optimal, such
that a minimum number of monitoring locations and time-
points can maximize the quality of PM, , and NO, exposure
modeling at specific locations of interest (e.g., residential
locations of an epidemiological cohort). Some previous stud-
ies investigated the sensitivity of PM, . modeling to the spatial
and temporal coverage of the pollutant’s measurements (Bi et
al. 2022a; Geng et al. 2018; Huang et al. 2019), implying that
spatiotemporally denser measurements can improve the mod-
eling quality. Nonetheless, very few, if any, efforts have been
made to evaluate the impacts of monitoring design on PM, ,
and NO, modeling in the context of using low-cost sensors to
improve exposure assessment for epidemiological inference.

This work had two objectives. The first was to determine
whether low-cost sensors can improve the predictions of PM, |
and NO, in spatiotemporal air pollution models, particularly
at residential locations, as these are the locations of interest
for epidemiology. The second was to determine the impact of
the resulting predictions on health association estimates. We
addressed these objectives by considering different features
of low-cost sensor designs. Because the available data and
challenges in our study associated with modeling PM, , and
NO, were different, some aspects of our approach varied by
pollutant. In this chapter, we rely extensively on the Chapter
3 data description and its presentation of the spatiotempo-
ral modeling approach to provide much of the essential
background. Within the methods and results subsections,
we first present PM, ; followed by NO,. The PM, ; methods
section focuses on the low-cost sensor monitoring designs
we evaluated. The results section covers both the impact on
PM, . predictions for different amounts of short-term low-cost
sensor data included, as well as the impact on inference
about cognitive function across low-cost sensor designs. The
PM, . methods and results are a distillation of the recently
published PM, ; exposure modeling paper (Bi et al. 2024); it
additionally covers the impact of PM, ; prediction models on
PM, . health association estimates. The NO, campaign and
analysis presentation mirrors that of the PM, , presentation.
Similar to the PM, , presentation, additional details are in
the published NO, exposure modeling paper (Zuidema et al.
2024). The discussion and conclusion section addresses each
pollutant separately before considering the combined lessons
learned from the NO, and PM, . findings.
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METHODS
Introduction and Brief Data Overview

Chapter 3 gives a brief overview of the types of data used
for this analysis and presents the general spatiotemporal
modeling approach for producing predictions from these
data. Chapter 3 also provides an overview of the ACT cohort,
the CASI-IRT cognitive function outcome, and the model
used for the health association estimates.

Table S7.1 gives a summary of all the available PM,
data used for the primary modeling evaluations described
in this chapter (which focus on the 2010-2020 time period),
including the type of monitor, the number of monitors, the
number of measurements, the time period each monitoring
type was active for, and some descriptive statistics by monitor
type. Figure S7.1 shows plots for the monitoring data for each
monitor, and Figure 3.3 is a map with the locations of the
monitors. Table S7.2 and Figure S7.2 give the same summa-
ries for the 1978-2021 time period. These are the data used
for the health analyses.

Table S7.5 gives a summary of all the available NO, data,
including the type of monitor, the number of monitors, and
some descriptive statistics by monitor type. The supplemen-
tary monitoring data descriptions at the beginning of Chapter
7’s Additional Materials give the time period for the supple-
mentary monitoring data. Figure S7.3 shows plots for the
monitoring data for each monitor, and Figure S7.4 is a map
of the monitoring region with the locations of the monitors.

Methods — PM, . Modeling

To evaluate the model performance for various low-cost
sensor campaign designs, we considered reduced temporal
coverage as well as reduced spatial coverage. We conducted
our primary modeling evaluations over the period from
January 2010 to September 2020. We selected this time
period because the short-term low-cost sensor campaigns
were carried out between April 2017 and September 2020,
and we determined that a 10-year period for the long-term
PM, , exposure assessment was sufficient (Note: We only used
low-cost sensor data between June 2017 and May 2019 in our
analyses due to the availability of two-period measurements).
We also report a similar but less comprehensive analysis
using all PM, , data beginning in 1978 and ending in 2021 (the
full time period dataset). Our primary spatiotemporal model
had all reference-grade and two-period low-cost sensor mea-
surements included (INV of monitors = 160, N of measurements
= 6,688; Table S7.1) as our “All data” comparator. Refer to
Chapter 3 for details on the modeling approach.

We examined five variants of temporally reduced mod-
els, and all of them used all the data from all reference-grade
monitors. Each used different amounts of temporally reduced
low-cost sensors, including the following:

1. “First” — Only the first measurement from each low-
cost sensor within its monitoring period;
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2. “Last” — Only the last measurement from each low-cost
sensor within its monitoring period

3. “Separate” — Both the first and last measurements from
each low-cost sensor within its monitoring period

4. “Adjacent”— The first two temporally consecutive mea-
surements from each low-cost sensor

5. “No” — No low-cost sensor measurements

We also examined variants of models with three sets of
spatially reduced low-cost sensors incorporated:

1. The first set, with five models, included measurements
from randomly selected subsets (10%, 25%, 50%, 75%,
and 90%) of low-cost sensors.

2. The second set, with four models, included measure-
ments from low-cost sensors falling into the quadrants of
long or short distance to major roads (defined as A1 and
A2 roads based on the Census Feature Class Code classi-
fication; cutoff at the median distance of 1,086.5 meters)
combined with high or low population density (defined
as ambient population density within a radius of 3,000
meters of a location of interest; cutoff at the median value
of 48,508.5 people).

3. The third set, with seven models, included measure-
ments from low-cost sensors within one of the seven
ACT-AP participant recruitment regions.

We describe the results based on an out-of-sample valida-
tion scheme that is a combination of cross-validation (CV) and
external validation for the subset of two-period low-cost sensor
locations (i.e., the low-cost sensors used in the models; N of
monitors = 82, N of measurements = 502; Table S7.1). We refer
to this validation as the “combined validation” hereinafter.
The CV had a 10-fold leave-monitors-out design. For models
with only a subset of low-cost sensor measurements (i.e., tem-
porally and spatially reduced designs), we conducted CV for
measurements included in the model and external validation
for the remaining measurements. Importantly, for temporally
reduced designs, because all 82 low-cost sensors were always
included in the models, the external validation followed the
CV grouping and was conducted in a leave-monitors-out man-
ner based on the 10 CV groups; for spatially reduced designs,
in contrast, the external validation was a pure independent
validation for low-cost sensors that were not included in
the model (i.e., the external validation was conducted once
based on the model with all other low-cost sensors). While
the 10 CV monitor groups were different across designs due
to different low-cost sensors included, the combination of
CV and external validations provided a consistent validation
dataset (i.e., measurements from all reference-grade monitors
and low-cost sensors) for all designs. Thus, this combined
validation method ensured a fair comparison among designs.

We validated the models in two ways: spatial validation
based on monitor-specific, temporally averaged PM, , con-
centrations throughout the whole monitoring period, and
spatiotemporal validation based on individual 2-week PM,
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concentrations. Note that some temporal variability remained
in the spatial validation given the short duration of low-cost
sensor sampling (Figure S7.1). We used MSE-based R* and
root mean squared error (RMSE) to evaluate the model’s per-
formance (Keller et al. 2015; Young et al. 2016).

Finally, we predicted 5-year average exposures at ACT
cohort residential locations for the 5 years prior to the base-
line visit. We used these in Equation 3.11 using confounder
model 1 to estimate associations with cognitive function, as
quantified by CASI-IRT, for each of these exposures. In these
analyses, we evaluated the various prediction model results
using either or both time-varying spatiotemporal predictions
and purely spatial predictions for the year 2019. For results
reported based on both the spatiotemporal and spatial
predictions, we used the full monitoring period dataset; for
results reported for only the spatial predictions, we used
the 2010-2020 dataset. Participants were restricted to those
residing at residential locations within the mobile monitoring
region (red locations in Figure S3.1). See the description in
Chapter 3 for details of the cohort, outcome, and inferential
model. Table S7.4 matches the descriptions of the models
listed above to the labels in the results figure and indicates
the time period (1978-2021 or 2010-2020) of the predictions
for the health association results reported in Figure 7.1.

LCS Model

Methods — NO, Modeling

We evaluated the model performance for NO, concentra-
tion predictions without low-cost sensor data included in the
model development. Given the three different data sources
(agency, snapshot, and the Remote Air Data campaign), we
conducted separate CV evaluations focused on each of the
sources. For the agency data, we used a leave-one-site-out
approach. For the ACT-AP snapshot data, we considered a
leave-one-cluster-out approach as well as a ninefold CV with
equally sized groups and, finally, a leave-one-campaign-out
assessment. For the low-cost sensor data, we considered
a 10-fold CV. Note that for the assessment of the low-cost
sensor data, when they were omitted from the spatiotemporal
model, the performance evaluation was a pure out-of-sample
evaluation (rather than a CV).

The general approach we followed was that for each
candidate spatiotemporal NO, model, we removed NO, obser-
vations at locations according to the procedures described
below, fit the model with locations removed, predicted NO,
concentrations for those locations, and repeated until predic-
tions were made for all locations.

The agency leave-one-site-out cross-validation, carried
out on 11 sites, describes how the model performs over longer

Alternative LCS Model

Figure 7.1. Estimated association (95% CI) between PM, , (1 pm/m?) and cognitive function at baseline for different exposure models.
The associations are adjusted for age, calendar year, sex, and education (confounder model 1). See Chapter 3 for the analysis approach
and Table S7.4 for model descriptions. LCS = low-cost sensor; SP = spatial model; ST = spatiotemporal model.
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periods of time, compared to other data sources, which
comprise a shorter amount of time. Agency measurements are
longer-term than other data sources available. While agency
measurements are of the highest quality and represent “true”
concentrations, they do not reflect locations of interest within
the study region (i.e., residential locations of ACT-AP study
participants) because their monitoring goals are generally to
capture regional concentrations.

The primary cross-validation conducted on the ACT-AP
snapshot measurements was leave-one-sampling-cluster-out,
resulting in 26 cross-validation groups (17 groups with clus-
ters and nine groups with single locations). We also conducted
ninefold cross-validation, by site, with similarly sized groups
where we accounted for clustering among measurements,
resulting in cross-validation groups of 9-13 sampling loca-
tions. We kept sampling clusters in the same cross-validation
groups to enable fairer evaluation because of the correlation
among geographically close measurement locations. With the
large amount of spatial variability across ACT-AP snapshot
locations, the interurban and regional performance of the
NO, model can be assessed. We also investigated leaving one
season (i.e., sampling campaign) of three out to assess if the
model predictions were sensitive to season.

We performed 10-fold cross-validation, by site, of the
low-cost sensor measurements, summarizing results at
ACT-AP participant, community, and volunteer residential
locations where low-cost sensors were sited to provide a
metric of the NO, model performance at residential locations
(N = 111). After choosing the best-performing model from
the candidates, we repeated the performance evaluation on
a dataset omitting low-cost sensor data to assess the low-cost
sensor data’s contribution to the final model’s performance.
To create a similar performance metric for the final spatio-
temporal model without low-cost sensor data, we generated

out-of-sample predictions at low-cost sensor locations and
compared those predictions to low-cost sensor measurements.

For health analyses, we used an approach similar to
the one described for PM, .. We applied confounder model 1
(Equation 3.11) to the 5-year average exposures prior to each
participant’s baseline visit, according to their address history
during that 5-year period. We considered exposure models
with and without low-cost sensors included. We present
spatiotemporal results for time-varying exposures and 2019
spatial results for time-constant exposures (see Chapter 3 for
details). Because the earliest NO, exposure data were from
1996, we assumed location-specific predicted exposures
before 1996 were equal to exposures in 1996.

RESULTS — PM, , EXPOSURE AND HEALTH
INFERENCE

Summary Statistics — 2010-2020 Time Period

As shown in Table S7.1, the reference-grade monitors
had mean 2-week PM, concentrations around 5-7 pg/m?,
with a minimum of 0.4 pg/m® and a maximum of 100.8 pg/m?®.
The low-cost sensors had similar mean 2-week concentrations
around 6 pg/m® with smaller concentration ranges from 2.6 to
17.0 pg/m?.

Temporally Reduced Designs — 2010-2020 Time Period

Table 7.1 shows the combined validation performance of the
PM, . exposure models built on temporally reduced monitoring
designs. All monitoring designs resulted in decreased spatio-
temporal performance compared to the All data model (MSE R?
[RMSE] = 0.84 [0.88 pg/m®]). The spatiotemporal performance
was the worst when low-cost sensor measurements were entirely
excluded in the No model (MSE R? [RMSE] = 0.69 [1.20 png/m?]).

Table 7.1. Combined Validation Performance for Prediction of PM, , at the Two-Period Low-Cost Sensor Locations for Temporally

Reduced Designs
N of Reference-
Grade Nof Low-Cost ~ Nof Combined  Spatiotemporal Validation Spatial Validation
Measurements Measurements Validation
for Modeling (N for Modeling (N Measurements RMSE RMSE
Model of sensors) of sensors) (N of sensors) MSE R? (ng/m?) MSE R? (ng/m?)
All data 502 (82) 0.84 0.88 0.57 0.57
First 82 (82) 0.76 1.06 0.37 0.69
Last 82 (82) 0.77 1.04 0.43 0.66
6,186 (78) 502 (82)
Separate 164 (82) 0.79 0.99 0.48 0.63
Adjacent 164 (82) 0.77 1.03 0.41 0.67
No 0 (0) 0.69 1.20 0.11 0.82

MSE R?=mean squared error coefficient of determination; RMSE = root mean squared error.
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All versions of the model that included all low-cost sensor
locations but with reduced temporal coverage underper-
formed the All data model, but outperformed the No model.
Among these, the model that had the greatest time interval
between the two low-cost sensor measurements (Separate,
i.e., with the first and last measurements) had the highest
spatiotemporal performance across designs (MSE R? [RMSE]
= 0.79 [0.99 pg/m°]). In comparison, the two models with a
single (first or last) measurement had lower spatiotemporal
performance (MSE R? [RMSE] around 0.77 [1.05 pg/m?]); and
the model with two consecutive measurements (Adjacent)
had similar spatiotemporal performance (MSE R* [RMSE] =
0.77 [1.03 pg/m?]) as the single-measurement models.

Likewise, all monitoring designs had worse spatial
performance compared to the All data model, which had an
RMSE of 0.57 pg/m®. The No model had the worst spatial
performance with an increased RMSE of 0.82 png/m®. Among
the remaining models, the performance of the Separate model
was closest to that of the All data model, with an RMSE of
0.63. It should be noted that although the MSE R? for spatial
validation was below 0.6, this metric was extremely sensitive
to a few samples that deviated from the 1:1 line. For full
appreciation of the models’ performance, note that the low
RMSEs suggested good performance.

Figure 7.2 shows the mean PM, predictions between
June 2017 and May 2019 (i.e., the period of the short-term
low-cost sensor campaigns) across designs. The Separate
model had the smallest differences from the All data pre-
dictions, while the model without low-cost sensor measure-
ments had the largest deviations. When compared to the All
data predictions, the Adjacent model tended to overestimate
PM, . in urban areas and underestimate it in suburban and
natural areas. Noticeable differences in estimated PM, , con-
centrations were also observed for the models with only one
low-cost sensor measurement, either the first or the last, as
compared to the All data model.

All data

Spatially Reduced Designs — 2010-2020 Time Period

Table 7.2 shows the combined validation performance of
the PM, _ exposure models built on spatially reduced monitor-
ing designs. When more randomly selected low-cost sensors
were included in the model, both spatiotemporal and spatial
performance improved, with larger R? values and smaller
RMSEs. Notably, when a model included 90% of the low-cost
sensors (74 out of 82), its spatiotemporal and spatial perfor-
mances were nearly identical to the All data performances.

Low-cost sensors with shorter distances to major roads
contributed more to model improvement compared to the
model with road-distant low-cost sensors, while population
density was a less important factor. Also, the model improve-
ment did not necessarily correlate with the number of low-
cost sensors included, as the “road-proximate and low-pop-
ulation” model with 15 low-cost sensors outperformed the
“road-distant and low-population” model with 26 low-cost
SEensors.

As expected, incorporating low-cost sensors from a
single participant recruitment region resulted in worse spa-
tiotemporal and spatial performance as compared to using all
low-cost sensors.

Model Performance for the 1978-2021 Time Period

For completeness, in Chapter 7’s Additional Materials,
we include two tables and one figure for the 1978-2021 time
period: the descriptive statistics for the data from the entire
time period (Table S7.2), the data availability plot for the
entire time period (Figure S7.2), and the combined validation
performance for a selected subset of the models discussed
above (Table S7.3). The full time period results reported in
Table S7.3 are generally consistent with the results focused
on the 2010-2020 time period.

Figure 7.2. Mean PM, _ predictions for the all data model and the prediction differences for other monitoring designs. The data is
from June 2017 to May 2019 (the period of the short-term low-cost sensor campaign). All data is the subtrahend for the other designs.

Reprinted with permission from Bi et al. 2024.
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Table 7.2. Combined Validation Performance for Prediction of PM, , for the Whole Time Period (Spatial Validation) and the Two-Week
Time Scale (spatiotemporal validation) at the Two-Period Low-Cost Sensor Locations for Various Spatially Reduced Designs

N of Reference- Spatiotemporal Spatial
Grade N of Low-Cost N of Combined Validation Validation
Measurements  Measurements Validation
for Modeling  for Modeling (N Measurements- MSE RMSE MSE RMSE
Scheme Model (N of sensors) of sensors) (N of sensors) R’ (ng/m®) R (ng/m3)
All data 502 (82) 084 088 057 057
10% 61 (9) 0.74 1.11 0.28 0.74
25% 131 (21) 0.77 1.04 0.39 0.69
Random 50% 250 (41) 0.8 098 045 065
Selection
75% 382 (62) 0.81 0.94 0.5 0.62
90% 458 (74) 0.84 0.88 0.57 0.57
Long Distance to 92 (15) 0.72 1.15 0.19 0.78
Road & High
Population Density
Long Distance to 161 (26) 0.74 1.1 0.27 0.75
) Road & Low
Distance to Road  Population Density
and Population
Density Short Distance to 6,186 (78) 154 (26) 502 (82) 0.78 1.01 0.4 0.68
Road & High
Population Density
Short Distance to 95 (15) 0.76 1.06 0.32 0.72
Road & Low
Population Density
Region 1 88 (13) 0.7 1.18 0.11 0.82
Region 2 79 (14) 0.72 1.15 0.22 0.77
Region 3 87 (14) 0.76 1.06 0.32 0.72
Participant
Recruitment Region 4 56 (8) 0.71 1.17 0.14 0.81
Region Region 5 80 (13) 0.78 1.03 0.4 0.68
Region 6 51(9) 0.73 1.12 0.26 0.75
Region 7 61 (11) 0.73 1.12 0.22 0.77

MSE R? = mean squared error coefficient of determination; RMSE = root mean squared error.

Health Analyses

Figure 7.1 shows the health estimates and their 95%
confidence intervals for the association of a 1-pg/m?® increase
in PM,, with cognitive function using confounder model 1
(Equation 3.11) for analysis, while Table S7.4 defines its labels
and also indicates the time period from which the model
predictions were obtained. The figure shows predictions from
both the full spatiotemporal model as well as those restricted
in time to 2019 (purely spatial, with residential history based
on the 5 years prior to enrollment). The health association
estimates were —0.023 and —0.009 per 1-ug/m® increase in
PM, . using the full spatiotemporal and spatial model, respec-
tively, with wide confidence intervals that are consistent with
no association.
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Overall, all estimates ranged from negative to slightly
positive and had wide and highly overlapping confidence
intervals. While the primary spatial All data estimate (labeled
“full” in the figure) was among the more negative estimates,
there is little distinction between them. The confidence
intervals are slightly wider for spatial predictions from the
full time period model, and those health estimates tend to be
negative.

RESULTS — NO, MODELING

Summary Statistics

The data available for the NO, model over the study period
are shown in Figure S7.3 and summarized in Table S7.5. There
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were 11 agency monitoring locations over this period (with
three meeting our criteria for inclusion in the computation of
long-term time trends) and several supplementary monitoring
campaigns (described in Chapter 7’s Additional Materials).
Despite a relatively limited number of agency locations, there
were 479 unique locations with NO, measurements among the
supplementary monitoring campaigns that contributed infor-
mation on the spatial distribution of NO, to the model. Our
focus on the 117 low-cost sensors represents 24% of the loca-
tions of the dataset, and we do not assess the contribution of the
other data sources to the model. Individual low-cost sensors
varied in their deployment and their subsequent contribution
to the modeling data; they had a range of 1-83 observations
per location, and a median of seven 2-week observations per
deployment location (Table S7.5). Another feature of the mod-
eling data was that of the 110 ACT-AP snapshot locations, 13
had data for only two of the three seasons measured.

The NO, concentrations among the agency monitors
included in the model’s time trend were greater than those not
included in the trend (location mean + SD = 13.5 + 7.3 ppb ver-
sus 11.9 + 7.1 ppb), likely because they were generally located
in more urban areas (Figure S7.4, Table S7.5). ACT-AP snapshot
concentrations (11.3 + 3.8 ppb) were comparable to the low-cost
sensors (11.9 + 3.1 ppb), even though the ACT-AP snapshot cam-
paign was designed to capture pollutant gradients along road-
ways, while the low-cost sensors reflected residential locations.
The Yesler Terrace study’s NO, concentrations were the highest
of all the model’s data sources (26.0 + 4.1 ppb), consistent with
its sampling location adjacent to an interstate highway. The
DEEDS and PSID studies also had relatively higher NO, concen-
trations, likely as a result of the study design (DEEDS sought to

capture emissions from diesel combustion) and time period (the
PSID study took place earlier in the modeling period when NO,
concentrations tended to be higher).

Added Value of Low-Cost Sensors

The results of cross-validation procedures on final NO,
models fitted with and without the low-cost sensor data are
shown in Table 7.3. These measures describe the accuracy
of the average NO, concentration while considering both the
temporal and spatial components of the predictions. The
inclusion of low-cost sensor data improved the spatial agency
leave-one-site-out cross-validation results slightly, with the
CV RMSE decreasing from 2.8 to 2.5 ppb and the CV MSE R*
increasing from 0.82 to 0.85.

The impact of low-cost sensors on the various ACT-AP
snapshot cross-validation results was generally small, with
little to no change in the CV performance statistics. One
exception to that, however, was the leave-one-campaign-out
CV MSE R?, which decreased from 0.50 to 0.23 with the inclu-
sion of low-cost sensor data (CV RMSE changed little from 3.2
ppb without low-cost sensors to 3.9 ppb with). Finally, the
results of the evaluation conducted on the low-cost sensors
markedly improved with the inclusion of low-cost sensors,
from RMSE = 3.8 ppb and MSE R? = 0.08 (without low-cost
sensors) to CV RMSE = 2.8 ppb and CV MSE R? = 0.51 (with
low-cost sensors).

Health Analyses

The primary focus of this analysis is whether association
estimates change with the omission of relevant spatial exposure

Table 7.3. NO, Spatiotemporal Model CV Performance Statistics Comparing Predictions with Observations Across Several CV Designs,
Over Short and Long Time Periods, and With and Without Low-Cost Sensor Data Included in the Model Development

RMSE (ppb) MSE R* Regression R*
Without Low-  With Low-Cost ~ Without Low-  With Low-Cost ~ Without Low-  With Low-Cost

CV Description Cost Sensors Sensors Cost Sensors Sensors Cost Sensors Sensors
Agency Leave One Site Out

Spatial (whole modeling 2.8 25 0.82 0.85 0.84 0.85

period)

1-year 2.6 2.5 0.82 0.83 0.85 0.85

Spatiotemporal (2-week) 35 3.4 0.72 0.74 0.76 0.76
ACT-AP snapshot

Leave-one-cluster-out 2.7 2.7 0.61 0.61 0.63 0.69

Ninefold, equally sized 2.7 2.7 0.64 0.64 0.66 0.72

groups

Leave-one-campaign out 3.2 3.9 0.50 0.23 0.51 0.50

3.8* 2.8 0.08* 0.51 0.39° 0.60

Low-cost sensor 10-fold

* Performance statistics for low-cost sensor cross-validation without low-cost sensor data are out of sample, not CV.
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information provided by the low-cost sensors. Figure 7.3
shows the health association estimates for exposures with
and without low-cost sensor data and their 95% confidence
intervals for the association of a 3-ppb increase in NO, with
cognitive function using confounder model 1 (Equation 3.11)
for analysis. The figure shows columns for predictions from
the full spatiotemporal model (ST, right column), which
are time-varying with exposures before 1996 assumed to be
equal to the 1996 levels, as well as those restricted in time
to 2019 while still retaining the time-varying address history
(SP, left column). Overall, the mean associations of NO, with
cognitive function ranged from negative to slightly positive.
The estimated association using the spatial exposure model
with low-cost sensor data is the strongest and most negative
(—0.0030; 95% CI: —0.057 to —0.002), and the same exposure
model without low-cost sensor data is closer to zero. Further-
more, both of the estimates from the spatiotemporal exposure
models were approximately zero (e.g., 0.001; 95% CI: —0.028
to 0.030 for the full model), and their confidence intervals
suggest that they are consistent with a wide range of effects.

DISCUSSION AND CONCLUSIONS

This chapter considered the added value of low-cost
sensor data in predicting PM, ; and NO, for an application
to epidemiology. Differ-
ences in the underlying
data for these two pol-
lutants contributed to
differences in the two
assessments. In the text
that follows, we first
discuss lessons learned
from each pollutant
evaluation separately,
with an emphasis on
lessons learned from
the exposure modeling,
before providing uni-
fied comments on the
findings.

LCS Model

Insights from the PM, ,
Assessment

This study investi-
gated fixed-site low-cost
sensor designs with
varying sampling dura-
tions, repeated measure-
ments across periods,
and sampled locations
that affect the spatio-
temporal prediction of
ambient PM, ; exposure.
Our goal was to assess

practical considerations  spatiotemporal model.
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for optimizing spatiotemporal coverage of low-cost sensors in
PM, . exposure modeling and gain insight into its application
for long-term epidemiological studies. The exposure model
performance assessments demonstrated that the inclusion
of low-cost sensor measurements improved PM, . exposure
modeling and that increasing the number of low-cost sensor
locations and times resulted in better performance statistics
and more accurate PM, , predictions. We also demonstrated
that the same number of low-cost sensor measurements, if
temporally separated, could result in better model perfor-
mance as compared to temporally consecutive measurements.
Thus, it is key to conduct repeated low-cost sensor measure-
ments while ensuring adequate temporal separation between
the measurements; maintain an adequate number of spatial
monitoring locations to effectively capture the spatial vari-
ability of PM, , concentrations; and incorporate near-roadway
monitoring locations that provide valuable insights into the
impact of traffic-related emissions on PM,, concentrations.
These findings agree with our hypothesis regarding the
overall value of incorporating low-cost sensor data into PM, ,
exposure modeling and show that certain design strategies can
reduce the resources invested in low-cost sensor deployment
while ensuring good exposure modeling. However, when we
used predictions from these various models in our estimates

Alternative LCS Model

Figure 7.3. Estimated association (95% CI) between NO, (3 ppb) and baseline cognitive function for
exposure models with and without low-cost sensor data. The associations are adjusted for age, calendar
year, sex, and education (confounder model 1). LCS = low-cost sensor; SP = spatial model; ST =
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of association with cognitive function, we found that the
estimates from all the various models were overlapping, and
there was little meaningful difference between them.

Returning to the exposure prediction results, we found
that all temporally reduced monitoring designs resulted
in decreased performance when compared to the All data
model that used all available low-cost sensor measurements.
However, the model with the greatest time interval between
the two low-cost sensor measurements had the highest per-
formance among designs, while the model with temporally
consecutive measurements had a comparable performance
to the models with only one measurement during a single
period. While only a subset of the results was included in
Chapter 7’s Additional Materials, we still observed differences
in performance after extending the model to a multidecadal
period of 1978-2021, although the extent of the performance
changes was smaller than those observed in our primary
modeling period of 2010-2020. These findings emphasize the
importance of characterizing longer-term temporal variations
of PM, . during the monitoring to optimally support the expo-
sure modeling, as opposed to making repeated measurements
over a shorter time period. If logistical considerations require
fewer sampling periods, ensuring reasonably long time
intervals between deployment campaigns (e.g., ensuring a
temporal spread of more than one season) can enhance model
performance for the same amount of measurement data in the
exposure modeling.

As expected, our findings suggest that incorporating
more low-cost sensor locations increases model performance.
However, the performance was found to reach its optimum
relative to all the low-cost sensor data when 90% of the
low-cost sensors were included. This result may suggest that
further incorporation of low-cost sensors beyond a certain
threshold does not result in meaningful model improvements,
although this hypothesis must be treated with caution, given
that we had a fixed maximum of low-cost sensors to evaluate.

Our study indicates that a low-cost sensor’s distance
from major roads has a noticeable impact on the model’s per-
formance, with low-cost sensors located closer to major roads
contributing more to improved model performance compared
to those farther away. This is likely due to siting criteria for
PM monitoring that avoid near-road locations (US EPA 2008).
This finding suggests that increased availability of low-cost
sensors that measure PM, | concentrations near roadways can
contribute to a more comprehensive characterization of PM, .
pollution patterns in proximity to roads, thus enhancing the
model’s performance. (Bi et al. 2022b; Zhu et al. 2002) On the
other hand, we found that population density is a less critical
factor, as there were no substantial differences in performance
when comparing models including low-cost sensors in areas
restricted to either high or low population density. This could
be because the ACT-AP low-cost sensors were deployed in
areas with relatively high population densities. Specifically,
all low-cost sensors were at locations with a population
density that is above the median population density in the

Puget Sound region. These findings highlight the importance
of carefully siting low-cost sensors and considering their
geographical and demographic characteristics to improve the
performance of PM, _ models.

The primary limitation of our study is that the low-cost
sensors at the residential locations of the ACT-AP cohort
covered relatively short time periods, and most of them were
deployed during only two seasonal periods. Nonetheless,
our study presented clear evidence that different temporal
designs can impact PM, . exposure modeling. To conduct a
more comprehensive temporal analysis, we recommend using
low-cost sensors with more repeated measurements over
more extended deployment periods. This would also facili-
tate estimation of the model’s performance because the spatial
summaries over a long time period would more accurately
represent pure spatial variation. Additionally, the ACT-AP
low-cost sensors were deployed at staggered times and for
varying durations (to manage the deployment cost effectively,
we rotated the monitors at different residential locations).
We expect that a more balanced deployment design would
allow more extensive evaluation of low-cost sensor sampling
designs (e.g., to evaluate alternative methods for selecting any
two consecutive measurements, rather than being limited to
the first two consecutive measurements of a monitor). Fur-
thermore, the external validation was restricted to a relatively
small number of one-period low-cost sensor locations, which
constrained a holistic evaluation of the model’s performance.
In the future, we plan to use a considerably larger dataset of
PM, . measurements from the openly accessible low-cost air
monitoring network, PurpleAir, to further our investigation.
This will allow us to better answer our research question on
the most optimal low-cost sensor campaign design for epide-
miological inference that requires the least amount of time
and money invested in monitor deployment.

Low-cost sensors may still have residual uncertainties
despite calibration, impacting our performance evaluation.
However, this impact was likely to be consistent across low-
cost sensor campaign designs, ensuring a valid interdesign
comparison. Finally, our analysis was conducted during
relatively low PM, . concentration ranges, with the limitation
of excluding extreme measurements during wildfire weeks.
It would be worthwhile to undertake additional modeling
efforts aimed at effectively analyzing and confirming our
findings under high-concentration conditions.

Our health analyses gave overlapping results from the
various exposure estimates, such that it is difficult to develop
deeper insights from the findings of this single study.

Insights from the NO, Assessment

Our primary exposure modeling goal was accurate NO,
exposure prediction at ACT-AP participant residences, par-
ticularly the long-term averages, for input into epidemiolog-
ical models examining associations with cognitive function.
Ideally, we would have high-quality measurements over a
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long period of time at many participants’ residences to both
calculate accurate long-term average exposures and evaluate
predictions from our NO, exposure model. Data limitations,
however, presented challenges to this goal. As a compromise,
we evaluated cross-validated predictions for several data
sources, including agency data at various timescales and
supplementary monitoring campaigns; striking a balance
between data quality and availability, the locations of various
measurement types, and the relevance of the timescale.

The highest quality supplementary data (i.e., ACT-AP
snapshot) was designed to capture NO, road gradients, not
to measure residential exposures. The ACT-AP snapshot
cross-validation primarily characterizes the added value of
additional spatial data. These measurements, taken at the
same 110 sites over three seasons, do not contribute substan-
tial amounts of temporal information, but were collected at
many locations, and are of high quality (i.e., they have good
agreement with FRM methods). The low-cost sensors, on the
other hand, were deployed at residences, but the measure-
ments were of lower quality. In hindsight, it may have been
beneficial to deploy Ogawa Passive Samplers — perhaps even
co-located with low-cost sensors — in residential locations as
an additional supplementary data source.

The inclusion of low-cost sensor data into the spatiotem-
poral NO, model generally increased the prediction concen-
trations and decreased the variability across all time periods,
although neither meaningfully (Zuidema et al. 2024). Further-
more, the results of cross-validation procedures showed only
modest improvement of the model predictions with the addi-
tion of low-cost sensor data in most of the evaluations consid-
ered (Table 7.3), even though the low-cost sensor data increased
the number of spatial locations by 32%. The low-cost sensor
data improved the Agency’s leave-one-site-out cross-val-
idation performance slightly, and had mostly no impact
on the various ACT-AP snapshot cross-validation results,
except for the leave-one-campaign-out cross-validation,
where the performance decreased. The August 2018 ACT-AP
snapshot measurement campaign occurred during a period
that was highly impacted by wildfire smoke, with potentially
negative effects on the cross-validation in this fold. The
low-cost sensors were calibrated while excluding wildfire-
impacted periods (Zuidema et al. 2021) nitric oxide (NO;
NO-B4, which may explain the decreased prediction accu-
racy of the model during this period. Despite observing these
differences, the magnitude of the performance increase or
decrease was not large, so we caution against over-interpreting
these results.

While low-cost sensors did not definitively alter the qual-
ity of the predictions as evaluated through cross-validation
at nonresidential locations, out-of-sample predictions at
residential locations showed substantial improvement. At
residential locations (low-cost sensor sites), the performance
improvement with low-cost sensors gave RMSE = 3.8 ppb
NO, and MSE R* = 0.08 (without low-cost sensors), compared
to CV RMSE = 2.8 ppb NO, and CV R* = 0.51 (with low-cost
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sensors). Note that the prediction performance assessment
at low-cost sensor sites without low-cost sensor data is com-
pletely out-of-sample and not cross-validated.

The cross-validation results observed in this study are
generally comparable to those observed in the low-cost NO,
sensor calibration (CV RMSE = 3 ppb, and CV Rfeg =0.79),
indicating that the model performs as well as the sensors, and
suggesting that the low-cost sensor data may not lower the
performance of the spatiotemporal NO, model (Zuidema et
al. 2024). As others have observed, low-cost sensor data with
lower data quality (e.g., lower accuracy or precision) may be
more obviously detrimental to models of air pollution (Bi et
al. 2020; Zuidema et al. 2021). In this study, however, the NO,
sensors were specifically calibrated in the Puget Sound region
for this modeling purpose, potentially reducing the amount
of measurement error present. Furthermore, the model we
developed had measures of cross-validation performance
consistent with similarly constructed spatiotemporal models
of NO, in six US metropolitan areas (Keller et al. 2015). The
incorporation of low-cost sensor data, which contributed to
a moderate 24% increase in the number of spatial locations
with data used to fit the model, generally increased the pre-
dicted NO, concentrations.

Our epidemiological analyses were limited to two expo-
sure models — one with and one without low-cost sensors.
The health association estimates from the time-constant (spa-
tial) and time-varying (spatiotemporal) exposure models with
low-cost sensors imply different conclusions, with the spatial
models suggesting an adverse association between NO, and
baseline cognitive function, while the spatiotemporal models
suggest no association. In contrast, association estimates for
exposures without low-cost sensor data were more compara-
ble with each other and had wider confidence intervals.

Combined Discussion and Overall Conclusions

For both PM, . and NO,, we found that the addition of
low-cost sensor data improved exposure prediction perfor-
mance at residential locations such that exposure models
with an absence or smaller fractions of low-cost sensor data
all performed worse than models with all available low-cost
sensor data. Furthermore, while different predictions across
exposure models with no, all, or subsets of low-cost sensor
data produced different health association estimates, these
differences were small. The health association 95% confi-
dence intervals overlapped across exposure models; these
results did not suggest favoring one exposure model over
another.

While in principle the time-varying exposures (spatio-
temporal) more accurately reflect individuals’ exposures at
baseline, evidence in the literature suggests that the spatial
distribution of exposure is stable over time (Cesaroni et
al. 2012; Eeftens et al. 2011; Wang et al. 2013), such that a
time-constant exposure estimate (e.g., spatial exposures
predicted from the mobile campaign) should be an adequate
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replacement for the more temporally aligned time-varying
exposures. Furthermore, the association model controlled for
calendar year to remove potential bias from residual temporal
confounding. We found that while the association estimates
for spatial and spatiotemporal exposures differed somewhat,
these differences were not substantial, and most of the health
estimates overlapped. The largest difference between spatio-
temporal and spatial exposure metrics was for the NO, full
model with low-cost sensor data. The estimates of the full
models were the only pair of estimates where the mean of one
confidence interval wasn’t contained within the other’s 95%
CI. These results suggest that reliance on the time-constant
exposure estimates may not substantially impact association
estimates.

Overall, it was challenging to develop deep insights into
the utility of collecting low-cost sensor data to supplement
regulatory monitoring due to the structure of the data. As seen
in Figures S7.1, S7.2, and S7.3, these space-time datasets are
very sparse and unbalanced over time, with more missing
observations than available data. These sparse and unbal-
anced features pertain to the added low-cost sensor data as
well because the 20 low-cost sensor instruments had to be
deployed in a rotating time-unbalanced design. These features
don’t negate the added value of the low-cost sensor campaign
which provided a substantial increase in the number of spatial
locations, with 82 (2010-2020) and 117 new spatial locations
used in the spatiotemporal models for PM, . and NO,; these
represent a 105% and 32% respective increase in the number
of locations used. However, even with the large increase in
the number of spatial locations, while it did improve predic-
tion model performance at the target residential locations, we
did not observe substantial impacts on the health association
estimates, as noted above. Furthermore, the lower precision
of the low-cost sensor measurements, particularly for NO,,
may also have contributed to these results.
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CHAPTER 8: APPLICATION OF
ADVANCED STATISTICAL METHODS

FOR EXPOSURE PREDICTION USING
THE MOBILE DATA

Lead authors: Si Cheng, Magali Blanco, Lianne Sheppard,
Ali Shojaie, Adam Szpiro

INTRODUCTION

The research described in this chapter addresses our
efforts to apply novel statistical methods to develop traffic-
related air pollution (TRAP) exposure predictions with the
ultimate goal of improving health inferences. For all applica-
tions, we used the stationary roadside data from the mobile
monitoring campaign described in Chapter 3. We summarize
three projects, and then develop the first and last in more
detail in the following subsections. We conclude with a dis-
cussion of the insights developed.

These projects were as follows:

1. Application of spatial ensemble-learning methods and
resulting variable importance metrics: We applied spa-
tial ensemble-learning methods to replace our universal
kriging (UK) approach using a linear mean derived from
a partial least squares model with modern ensemble
machine learners (e.g.,, Random Forest) with spatial
structures that efficiently identify nonlinear relationships
from high-dimensional geographic predictors. Below, we
describe these methods and the new variable importance
metric we developed, with our results concluding that
the ensemble learning methods did not perform better
than the universal kriging with partial least squares
approach (UK-PLS).

2. Leveraging driving distance to improve spatial pre-
diction: We worked to determine whether taking into
account additional information about the road network
would improve our predictions. We leveraged driving
distances along the road network and considered
their added value, both by creating a spatial model
using driving distance alone and by adding driving
distance to the spatial model based on Euclidean dis-
tance (as determined by longitude and latitude). We
implemented a network graph approach with the edges
assigned weights equal to the inverse driving distances
between stationary locations. Because driving distance
is not a well-defined mathematical metric, we identified
resulting computational issues. Furthermore, even
when these computational challenges were absent, we
found that incorporating the driving distance informa-
tion did not result in better performance than leveraging
Euclidean distance. Thus, we dropped further study of
this idea.
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3. Multipollutant dimension reduction, a tool to be applied
prior to the prediction of spatial data: We developed
a principal component analysis (PCA) approach that
balances prediction and approximation accuracy, called
representative and predictive PCA or RapPCA. We briefly
summarize RapPCA below and show how it compares
with classical and predictive PCA in the Seattle mobile
monitoring dataset. In future work, we will apply this
method to compare health inference using a variety of
exposure mixture prediction approaches.

APPLICATION OF SPATIAL ENSEMBLE-LEARNING
METHODS AND RESULTING VARIABLE IMPORTANCE
METRICS

Methods — Introduction

We used the mobile monitoring data at the 309 stationary
roadside locations described in Chapter 3 for analysis. We
considered five pollutants: UFPs, BC, NO,, CO,, and PM, .
For UFPs, we focused on the data from the unscreened P-Trak
(20-1,000 nm particles) instrument. The methods, results,
and discussion are a distillation from a published preprint
(Cheng et al. 2024b).

Methods — Spatial Prediction Approach

Our initial work focused on the prediction of annual
average pollutant concentrations with various machine learn-
ing methods, including the following:

UK-PLS — A two-step procedure that first extracts the top
partial least squares (PLS) components from the covari-
ates (where the number of components is determined
by cross-validation within the training set, to maximize
prediction R?), and then fits a UK model via maximum
likelihood with the selected components as covariates
and an exponential covariance (Additional details of the
UK-PLS approach are provided in Chapter 3.)

SpatRF — A spatial random forest algorithm proposed
by Wai and colleagues (2020), where the tree-building
algorithm selects each split of the tree adjusting for spa-
tial correlation via thin plate regression splines (TPRS)

We selected hyperparameters by cross-validation with a
grid search. We considered two optimization approaches:
the pseudo-likelihood optimization introduced by Wai
and colleagues (2020) (SpatRF-PL) and a nonparametric
optimization approach (SpatRF-NP), also discussed by
Wai and colleagues (2020).

RF — A standard random forest algorithm implemented
by the randomForest R package (Breiman et al. 2022),
ignoring spatial correlation

TPRS — Spatial smoothing via thin plate regression
splines implemented by the mgcv R package (Wood
2003, 2017)
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RF-TPRS — A two-step procedure that first runs RF and
then conducts TPRS spatial smoothing on the residuals
from RF

TPRS-RF — A two-step procedure that first runs TPRS
and then applies RF on the residuals from TPRS

Our primary models were UK-PLS, the standard on which
all of our other work is based, and SpatRF-PL, the recently
developed spatial random forest with pseudo-likelihood
optimization. We also evaluated the remaining models as
benchmarks for comparison. We modeled the pollutants
on the log scale and converted these to the native scale for
model assessment. We assessed performance accuracy using
10-fold cross-validated MSE R* as described in Chapter 3.
Finally, using the baseline cognitive function outcome and
confounder model 1 described in Chapter 3, we used each
of these predicted exposures for UFPs from the unscreened
P-Trak to estimate the cognitive function health association
using Equation 3.11.

Following the assessment of prediction accuracy, we
proposed an intuitive variable importance metric for spatial
machine learning models that can be applied to a wide variety
of models with separable mean and correlation components.
We applied these to the UK-PLS and SpatRF-PL models. The
variable importance metric assesses the difference in pre-
dicted values for each datapoint when each predictor is fixed
at specific quantile levels and averages them as the overall
contribution of each predictor to the outcome. We provide
technical details of this metric in the next subsection.

Methods — Variable Importance Metric

To develop the variable importance framework, we con-
sider a class of models where an outcome Y{(s) is indexed by
location s € (. This is modeled via an additive mean surface
of the form

g(u(s)) = TK_[fie(X(9)) + vk ()]

(8.1)

where g(e) is a link function, p(s) is the expected value of
Y(s), X(s) represents the covariates, each v,(s) represents the
correlated error term, and each f,(¢) is an unknown function
within some function class F. The indexing k allows for
application to multiple ensemble-learning methods. As an
example, when g is the identity link and v,(s) is a correlated
Gaussian process, ji(s) models the surface of a continuous
outcome, for example, a UK model if fis linear.

Specifically, we describe how to apply this approach
to the UK-PLS and then the SpatRF-PL models. Given the
observed continuous outcome Y, ,; (log-transformed), with
identity link function g(e) and potentially high-dimensional
covariates Xpyp, the UK-PLS model has k = 1 and first con-
ducts PLS to extract the first ¢ (1 < g < p) components of X
by finding a decomposition of X

Taxq = XnxpHpxq
such that the covariance between T and Y is maximized. The
number g of components are selected by cross-validation. In
the second step, a UK model is fit. It has the form

Yox1 = Tnxqﬁqxl + Unx1
Upnx1~ Normal(0, Z(6))

where 6 are covariance parameters (e.g., the nugget, partial
sill, and range, see (Cressie, 2015)), which can be solved
jointly with f8 via maximum likelihood. With terms Hy,xq, 8,0
estimated from the model for m new test locations with
covariate values Xp,.,, the outcome Y” can be predicted as

V' =X"HB + 5,05 )Y —TH)

where i(m+n)x(m+n)(§) is the covariance matrix induced
by the distances between all n training and m test locations,
partitioned as

i(mxm) i(mxn)
(D) — 11 12
2(0) - [z(nxm) i(nxn)] (8.2)
21 22

The spatial random forest algorithm proposed by Wai
(2020), which is solved by pseudo-likelihood (SpatRF-PL), is
an ensemble model (i.e., k > 1) that specifies

K K
A(s) = D () = ) [fulX()) + 0(5)]
k=1 k=1

where each fk(0] is a regression tree, and each v,(s) could be
modeled using common spatial smoothing methods such as
kriging or regression splines (Friedman, 1991; Wood, 2003).
With a kriging model, for each k, a spatially adjusted tree can
be built by solving the optimization problem resulting from
the profile likelihood, assuming normally distributed spatial
error terms:

T

1 1 A A
arg max | logl2(0,)| =5 (¥ — fu(X12(60) 570 (¥ - fuX12(60))

|

st fi(XIZ(6)) = arg min)(Y — [ (XI2(6)) T O — fie (XIZ(6,)))

Fe(X12(6x)

Likewise, predictions can be made via

K

7= ifk(X*) +Eg ) = ).
k=1

k=1
with & defined as above.

The variable importance model applies to additive
models taking the form of Equation 8.1. This leave-one-out
approach is based on the change in predictions across different
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user-specified quantiles qq q,--*,qm, for each covariate,
evaluating it at each location s, s,,++, s, one at a time. Note
that prediction at the test locations relies on evaluation of the
trained covariance model D(s). This implies that when we
permute or fix the values of the test set covariates X, as in
many common variable importance analyses, the evaluation
of the covariance model §(s) is also implicitly altered, and the
distribution of the residuals at the test locations may no longer
be well-fit by 0(s). Therefore, the key idea in this approach is
to reuse the trained mean model across all locations, but refit
the covariance model in a leave-one-out manner. We write
ﬁ'Xj (x]-), j =1,--,p as the empirical cumulative distribution
function of the % covariate, and s_; as the set of all locations
except the i one.

Suppose we have trained a model
K
9GEE) = D (X)) + 5(5)]
k=1

from observations {X(s;), Y (s;)}i=1. Then for the j* covariate
at the I™ quantile g, of interest and within the k™ submodel
fx, we replace each with X{(s) the sample g" quantile and

calculate the predicted mean as
5j)l 2 -
li (Si) = fk (Xl(si)""'Fle(ql)""'Xp(si))

for location i. In other words, this is the new predicted mean
at s, with the j™ covariate replaced by its g* quantile across
51S2,+**,Sp. Next, we refit the k™ error component with
the new predicted means fé’l(s_i) along with observations
(X(s_), Y(s_)), leaving out the i™ site. Denoting the resulting
model as ﬁ(j'_ll)'k(s), the leave-one-out approach yields the
linear predictor

o= G0 + Bggr [0l kG0IY G520, feX(s-)] (8.3)

for location 1, which is what the model would predict if the j®
covariate of all data points were replaced by the g,* quantile
of its distribution, and if the error component were fit without
the i data point, while keeping everything
else intact. Refitting leads to updated cova-

across different quantiles of covariate X, which serves as an
intuitive measure of the contribution of this covariate to the
predicted outcome. This procedure could easily be paral-
lelized to facilitate computation. To fix the ideas, Algorithm 1
describes the procedure in detail for the indices i, j, k, I, which
corresponds to each monitoring site i, covariate of interest j,
and submodel k that is fitted in an ensemble-learning method
(including K = 1 models), and quantile level I, respectively.

Results — Spatial Prediction Approach

Table 8.1 summarizes the predictive performance of all
methods for five pollutants. The relative performance of the
different models reveals different sources of heterogeneity
in pollutant concentrations. For UFPs and NO,, covariate
and spatial effects both account for part of the spatial het-
erogeneity, reflected by the reasonable performances of RF
or TPRS alone, while accounting for both together in a joint
(SpatRF-PL, SpatRF-NP) or two-step (RF-TPRS, TPRS-RF)
manner leads to increased accuracy. The case is similar for BC
and CO,, although the covariate effects appear to be stronger
than the spatial effects. PM, ., on the other hand, illustrates
a scenario where spatial smoothing alone captures the major
source of heterogeneity. UK-PLS and SpatRF-PL have the best
overall performance for all pollutants. While neither shows
clearly better or worse accuracy than the other, UK-PLS has
slightly better performance for all pollutants other than BC.

For the remaining results in this section, we focus on
UFP concentrations. Some results also prioritize the compar-
ison between UK-PLS and SpatRF-PL. We note that the cross-
validated MSE R’s from these models were 0.81 and 0.78 for
UK-PLS and SpatRF-PL, respectively. Figure 8.1 displays the
cross-validated prediction errors of UK-PLS and SpatRF-PL
for UFPs at all stationary locations in the Seattle mobile mon-
itoring campaign. We observe very similar spatial patterns
in the distribution of prediction errors across the monitoring
locations produced by UK-PLS and SpatRF-PL, despite their
different nature: UK-PLS captures a linear trend in the mean
model while SpatRF-PL allows for nonlinear effects; UK-PLS
is a two-step procedure with explicit dimension reduction

Table 8.1. Cross-Validated MSE R? by Pollutant from the Seattle Mobile Monitoring

riance models that account for the implicit ~Campaign Stationary Roadside Dataset and Model for Various Machine Learning Models*

change in the error distribution caused by

. . . UK-PLS RF TPRS RE-TPRS  TPRS-RF  SpatRF-PL SpatRF-NP
manipulating the covariates.
. . . . 0.81 0.75 0.76 0.79 0.80 0.78 0.78
Computing this for all i, we obtain a UFP
sequence of linear predictors of the form  BC 0.65 0.60 0.57 0.67 0.64 0.67 0.67
Equation 8.3. Aggregating across each sub-
. . 0.77 0.70 0.70 0.76 0.74 0.75 0.74
model k and location i finally leads to the NO,
average leave-one-out predictions at the ¢/*  CO, 0.56 0.47 0.44 0.57 0.55 0.56 0.54
quantile for covariate j. PM,. 076 0.66 0.73 0.72 0.73 0.74 0.71

i)

*'The machine-learning models are the universal kriging with partial least squares dimension reduction
(UK-PLS), a standard random forest (RF) algorithm, thin plate regression splines (TPRS), RF followed by
TPRS (RE-TPRS), TPRS followed by RF (TPRS-RF), and a spatial random forest algorithm with optimiza-
tion done either using pseudo-likelihood (SpatRF-PL) or nonparametrically (SpatRF-NP).

_ 1 (1 N
Uji =g ! (;Z}Ll Z£=1 U;]cl(si)) (8.4)

For each j, the trajectory L4, ", &jm
reflects how the predictions, on average, vary
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followed by spatial smoothing, while SpatRF-PL conducts
implicit degree-of-freedom control and jointly accounts for
the mean and covariance components. To further investigate
the difference between the two models, Figure 8.2 shows the
gridded prediction maps over the Seattle TRAP study region.
This is based on the evaluation of each model at an additional
set of 2,815 gridded locations within the same study region.
The difference map on the third panel reveals that predictions
made by UK-PLS and SpatRF-PL, although very similar at the
mobile monitoring locations, exhibit different spatial patterns
when predicted at many more locations. These observations
indicate that different spatial prediction models may appear
to be very similar on some scales or when restricted to certain
areas, and the true underlying differences between them may
not be observed in some evaluations.

We also compared the various machine learning models
in the context of the upcoming health association analyses.
Figure 8.3 shows the predicted 5-year average UFP exposures
and compares the primary UK-PLS model to the various alter-
native machine learning models for the 5,409 participants
in the health analysis. There is considerable overlap in all
the predictions, and all are highly correlated with UK-PLS,
with Pearson correlations (r) between 0.97-0.99. The greatest
differences between exposure model predictions occur above
10,000 pt/cm?, and are most easily observed by comparing the
smoothers on the plot.

Figure 8.4 shows the health association estimates and
their 95% confidence intervals for the various exposure mod-
els using confounder model 1 (Equation 3.11), the cognitive
function outcome, and the analysis approach described in
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1,000 pt/cm?®

Figure 8.1. Cross-validated prediction errors of UFPs for UK-PLS and SpatRF-PL at each monitoring location for the Seattle
stationary roadside mobile monitoring data. The shade, color, and size of the dots reflect the magnitude of the errors.

Figure 8.2. Predicted UFP concentration surfaces based on predictions at gridded locations derived from the Seattle mobile
monitoring stationary roadside data. Predicted surfaces use SpatRF-PL (map 1), UK-PLS (map 2), and their difference (map 3; UK-PLS
is the subtrahend).
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Figure 8.3. Comparison of 5-year average
UFP exposures for 5,409 participants in
the health analyses predicted from the
primary UK-PLS model and alternative
machine learning models. Exposure
models were developed from unscreened
P-Trak instrument readings (20-1,000 nm
particles) from the Seattle mobile
monitoring stationary roadside data.

All alternative machine learning model
predictions were highly correlated with
the main reference model (UK-PLS), with
Pearson correlations between 0.97-0.99.

Figure 8.4. Estimated association (95% CI) between UFPs (1,900 pt/cm?) and cognitive function at baseline using various machine
learning exposure assessment models. The associations are adjusted for age, calendar year, sex, and education (confounder model 1).
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Chapter 3. The results from these various models were all
very similar, consistent with their similar prediction model
performances.

The similarity between the various spatial prediction
models in this context motivates the evaluation of a variable
importance metric that may facilitate investigation of the
mechanisms that the various models capture, as well as aid in
the selection and interpretation of models. This metric can be
applied to a diverse class of prediction methods.

Results — Variable Importance Metric

We examined the proposed variable importance
metric at each quartile of each predictor, that is, q,, g,
and g, are 0.25, 0.5, and 0.75, respectively. We compared
the UK-PLS and SpatRF-PL models and looked at three
contrasts to evaluate the contribution of each predictor:
B2 — Hj1,Aj3 — #j2, 3 — £j1. (The notation definition
is given in Equation 8.4). Figure 8.5 shows the contribution
of predictors that had the greatest contribution to predicted
UFP concentrations. Despite similar predicted maps between
UK-PLS and SpatRF-PL, the plots highlight the difference
in the mechanisms captured by each model. In particular,
SpatRF-PL identifies the length of truck routes and closeness
to major roads as major contributors to predicted UFP con-
centrations in the Seattle mobile monitoring campaign, while
UK-PLS highlights the distance to a large airport as a more
important contributor. As has been reported in prior studies,
jet engine exhaust is a significant source of UFPs (Hudda et
al. 2018), which suggests UK-PLS as a more sensible candi-
date predictive model in terms of scientific interpretation. In
addition, the UK-PLS model is more consistently influenced
by truck traffic and general traffic on large A1 roads than
the SpatRF-PL predictions. It is also reasonable that a linear
model based on such a large number of covariates would
perform well in a relatively homogeneous and small area
where relationships between sources and pollution levels are

consistent across the domain. In other words, a linear approx-
imation, even when the underlying relationship is nonlinear,
is likely to perform well in this setting.

This variable importance metric also reveals the greedy
nature of tree-building algorithms here. For instance,
although both UK-PLS and SpatRF-PL find the length of
truck routes within several buffer sizes to be important pre-
dictors of UFP concentrations, SpatRF-PL highlights only a
few of these autocorrelated predictors, as indicated by the
number of circles with a predictor contribution that devi-
ates meaningfully from zero. This is in contrast to UK-PLS,
which highlights all of them, as can be seen in Figure 8.5.
Furthermore, the covariates and buffer sizes highlighted
vary across quantile contrasts with SpatRF-PL, whereas this
is more consistent across quantile contrasts for UK-PLS.
This is related to the nonlinear property of SpatRF-PL (in
contrast to the linear UK-PLS model); namely, the magni-
tude of effects of the same covariate could differ at different
levels of its distribution.

The variable importance metric can also provide insight
into how the performance of various fitted models differs on
newly observed datapoints. We elaborate on this point in
Chapter 8’s Additional Materials and demonstrate figures that
support the argument that models with similar behaviors on
the training data (e.g., the monitoring sites) can have mean-
ingful differences when extrapolated to new locations (e.g.,
the gridded locations). With the aid of our variable impor-
tance metric, the latter can be anticipated and captured by a
variable importance analysis on just the training data.

MULTIPOLLUTANT PREDICTION FOR SPATIAL DATA

Introduction

The goal of multipollutant prediction is to predict an
m-dimensional matrix of exposures Y, x, given a potentially

Figure 8.5. Variable importance plot for UFP concentration predictions, showing the predictors among the top five contributors for
either method for at least one contrast. All buffer sizes were included if one of them was within the top five important predictors.
Analyses based on the Seattle mobile monitoring stationary roadside data.
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large-dimension matrix of covariates X, ;. In this case, m can
be very large, and its components are often highly correlated.
A typical approach is to use a low-dimensional approximation,
Y,.xr» such as the first r components of a principal component
analysis (PCA). The sole focus of classical PCA is to prioritize
representability, or minimal loss of information. However, in
the context of spatial prediction analyses, predictability is very
important. Jandarov and colleagues (2017) developed predic-
tive PCA, which prioritizes the prediction of Y by X. The goal
of this work is to balance representation and predictability.
We propose a new metric, representative and predictive PCA,
or RapPCA for short. We summarize the methods here, which
are a distillation from a published preprint; see Cheng and
colleagues (2024b) for additional details.

Methods
We refer to the following notation in this presentation:

e Yisan x mmatrix of exposure measurements,

e Xisan x p matrix of covariates,

e uisan x 1vector of principal component scores,

e visam x 1 vector of loadings,

o |I‘l|F represents a Frobenius norm for matrices,

e ||||, represents a £, norm for vectors, and

° ais a p x 1 vector of parameters.

Note that while not explicitly indexed in the notation
that follows, vectors u and v represent a sequence of vectors
for multiple rank-1 optimizations to obtain multiple principal

component decompositions. We focus on three principal
components in the results.

The gist of this proposal is to combine into the proposed
RapPCA two elements: classical PCA:

min|lY —uvT||2 st viv=1
uv

and predictive PCA:
o 2
. X
min Y—(~a )vT”
a,v IXell F

where the columns of X contain the covariates as well as thin-
plate regression spline basis to capture the spatial effects.
This gives the proposed RapPCA:

Y — i where @i and ¥ represent optimal solutions; this is
repeated for multiple PCs. In the submitted methods paper
(Cheng et al. 2024a), we provide the technical development of
this method, including an analytical solution that attains the
minimum despite the nonconvexity of the biconvex objective
function. We also discuss three types of evaluation metrics:
mean squared prediction error to quantify the prediction
error, mean squared representation error to quantify the
representation error, and the total mean squared error. These
are computed on the training (frn) or test (tst) datasets, as
indicated in the notation, and are given by

e Mean squared prediction error: Nk || (uigr — s ) DT |12
where U}, = arg miny, ||Y;se — u®” || is what the actual
PC score on the test set would be, given the loadings ¥, if
Y, were known. In other words, it characterizes the gap

between the predicted u,, and true PC scores and reflects
the predictability of the PCs.

¢ Meansquaredrepresentationerror: n;, ||V, — g ¥ |13
measures the gap from approximating Y, in dimension
reduction. Focusing on quantifying this on the training
data allows us to assess the quality of the representation
alone, without considering predictive performance.

+  Total mean squared error: nyk||Yes, — fles: D" ||% is the
overall gap from both predicting # and the dimension
reduction of Y. This measures the discrepancy between
the true data Y and the predicted scores that are trans-
formed back to the original, higher-dimensional space.

Note that mean squared prediction error and mean squared
representation error can be viewed informally as a decompo-
sition of the overall total mean squared error.

To illustrate the approach, we considered measurements
of UFPs, BC, and NO, from the 309 stationary roadside loca-
tions described in Chapter 3. Our goal was to use as much
high-quality data as possible from the mobile campaign. Thus,
because UFP concentrations were measured using multiple
instruments and both UFPs and BC produced multiple mea-
surements, we incorporated these multiple measurements
into this analysis. We used 13 bin sizes from the NanoScan,
the total particle concentration and median size estimates
from the DiSCmini, and two P-Trak measurements: the total
from the instrument with the diffusion screen (size range
36—1,000 nm) and the difference between the instruments with

and without the diffusion screen

ulmznﬁ”Y —uvT||F +yllu— (Ka + BR)IIZ + ha"Ka + ,87QB st u=Yv,vTv=1 (size range 20-36 nm). We used

where the four terms are for representability, predictability,
and regularization (the last two terms), respectively. In this
approach, the nonlinear covariate effects are modeled by the
kernel matrix K: K. = k(x, Xj] for a kernel function k(e,¢) and
the spatial effects are captured by the spatial basis matrix
B, with penalty matrix Q. Specifically, RapPCA interpolates
between classical PCA and predictive PCA. It also includes
classical PCA as a special case when y= 4, =4, =0. To estimate
the principal components (PCs), the vector Y is replaced by

five wavelength measurements of
BC from the micro-aethalometer: blue, green, infrared, red, and
ultraviolet. We transformed the ultraviolet measurements to
represent the difference between the ultraviolet and infrared
ranges. We used the NO, concentration to normalize all other
measurements, other than the median size measure from the
DiSCmini. All variables were centered and scaled. This gave
us p = 23 annual average measurements of pollutant concen-
trations at the 309 locations. We ran dimension reduction
with each of the PCA algorithms to assess the spatial distri-
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bution of the top three PC scores. For RapPCA, we selected
the tuning parameters ¥, 4, 4, that produced the optimal total
mean squared error. We used 10-fold cross-validation to train
spatial random forest prediction models (Wai et al. 2020)
followed by spatial smoothing via TPRS, and then predicted
the top three PC scores and evaluated them on a grid of 5,040
locations. In the results section, we show these smoothed
PC scores on maps over the study region as well as the PC
loadings, which reflect the contribution of each pollutant to
the PC scores.

Results

Table 8.2 summarizes the overall prediction evaluation
metrics for each of the three PCA approaches (classical PCA
[PCA], predictive PCA [PredPCA], and representative and pre-
dictive PCA [RapPCA]). Comparisons should be made across
the PCA approaches within each metric column. We observe
that RapPCA has the best total predictive performance and
also minimizes the prediction error. As expected, classical
PCA performs slightly better than RapPCA in minimizing
representation error.

Figure 8.6 shows the smoothed PC scores obtained by
each method across the study region. We observe similar
spatial patterns in the distribution of PC scores across the dif-
ferent methods, except for the south end of the study region
for the third PC, where PCA identifies a stronger signal than
either RapPCA or predictive PCA. In particular, all methods
highlight regions near the airport and around major roads (the
dark red area) for the first PC, indicating aircraft and road traf-
fic emissions as a major source of the overall pollution level.
This is consistent with the large contributions of BC as well
as UFPs with small or moderate sizes. This is also reflected by
the UFP and BC loadings in Figure 8.7.

Figure 8.7 shows the PC loadings for each pollutant
measurement after applying the three different PCA methods.
Roughly grouping the UFPs into small, moderate, and large
particle size groups, we observe that RapPCA identifies one
size group to be the main contributor to each of the PCs, while
the other two groups have smaller or negligible loadings. Spe-
cifically, small particles contribute to PC1, moderately sized

particles contribute to PC2, and the large ones contribute to
PC3. In addition, BC mainly contributes to PC2 in RapPCA.
This observation is consistent with findings from other stud-
ies where two key sources of TRAP were identified as aircraft
emissions, which are primarily composed of the smallest
UFPs, and road traffic, especially diesel exhaust, which is
comprised of moderately sized UFPs and BC. In contrast,
neither classical PCA nor predictive PCA distinguishes the
contributions of different sizes of UFPs or BC as effectively.

DISCUSSION AND CONCLUSIONS

Application of Spatial Ensemble-Learning Methods and
New Variable Importance Metric

We applied several spatial machine-learning algorithms,
focusing most on UK-PLS and a recently developed spatial
random forest approach, to predict exposure throughout the
Seattle mobile monitoring region. We compared the results of
these two approaches in terms of standard prediction model
performance measures, health association estimates, and a
new variable importance metric we developed in this project.
We found that although the two models had comparable
prediction performances and health association estimates, the
variable importance metric indicated that some geographic
features, specifically distance to large airport, distance to main
roads, and length of truck routes, were differently important
contributors to the predictions of UFP concentrations from
UK-PLS and SpatRF-PL. Given that epidemiological cohort
studies rely on predicted air pollution exposures for making
inferences about health associations, the use of this variable
importance metric has the potential to allow new insights
into how seemingly similar exposure metrics may differ in
practice. However, in this work, the association of cognitive
function and UFPs from these various exposure metrics did
not meaningfully differ.

The variable importance metric we developed is flexible,
intuitive, and generally applicable to machine learning mod-
els that account for spatial correlation. This leave-one-out
approach can be applied to additive models with separable
mean and correlation components, including nonlinear,
ensemble, or doubly stochastic spatial models. It provides

Table 8.2. Comparison of the Overall Metrics and Individual Prediction Mean Squared Errors (MSEs) for Each Principal Component

(PC), Assessed by 10-Fold Cross-Validation®

Overall Metrics Individual MSEs
Mean squared
Total Mean Mean Squared Representation
Squared Error Prediction Error Error - Training PC1 PC2 PC3
PCA 14.79 7.93 6.38 3.93 2.86 1.14
PredPCA 14.81 7.16 7.28 3.41 2.53 1.22
RapPCA 13.92 6.66 6.75 2.62 2.92 1.12

*These were developed using the Seattle mobile monitoring roadside data after normalization to NO, along with centering and scaling, and obtained from classical
PCA (PCA), predictive PCA (PredPCA), and representative and predictive PCA (RapPCA), respectively.
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Figure 8.6. Smoothed principal component scores for the first three
principal components. Components were developed on the Seattle mobile
monitoring roadside data, and scores were determined from classical PCA
(PCA), predictive PCA (PredPCA), and representative and predictive PCA
(RapPCA), respectively.

a unifying notion of variable importance, which
would otherwise be less comparable between
different modeling approaches, and we have
demonstrated that meaningful differences in the
model structure can be found even for models
producing similar predictions. An informative
variable importance metric such as ours also
facilitates a deeper understanding of complex
prediction models from a methodological per-
spective. For instance, while our example illus-
trates the already well-understood greedy nature
of tree-building algorithms, future applications of
this variable importance metric may help reveal
the behavior of more complex black-box machine
learning models.

Multipollutant Dimension Reduction for
Prediction

We presented a dimension reduction algo-
rithm that allows flexible interpolation between
the representability and predictability objectives
of dimension reduction of multipollutant data for
settings where there is a need to predict these data
at unmeasured locations. This balance between
prediction and representation is a generalized
form of the bias-variance trade-off. While classi-
cal PCA minimizes the representation gap in the
training data, it may also capture excessive noise
by explaining too much of the variation in the
data. In contrast, predictive PCA restricts the PC
scores to fall within a certain model space — the
linear span of the covariates, which is a form of
regularization enforcing the smoothness of the
PCs. The RapPCA seeks the optimal balance
between these two aspects in an explicit and
interpretable way. Our empirical evaluation in
the Seattle mobile monitoring campaign data (and
in another dataset described in the underlying
paper [Cheng et al. 2024a]) suggests that striking
this balance has the potential to improve, and
won’t diminish, the total mean squared error in
comparison to existing alternatives.

To fully understand the implications of this
newly developed mixture model approach, it will
be important to apply it to a health analysis, both
using a real-world example, such as the ACT cog-
nitive function cross-sectional analysis, and using
a simulated example where the true impact of the
mixture on a health outcome is known. This is
planned future research.
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Figure 8.7. The first three PC loadings for each pollutant. These were developed on the Seattle mobile monitoring roadside data and
obtained from classical PCA (PCA), predictive PCA (PredPCA), and representative and predictive PCA (RapPCA), respectively. There
are three types of pollutants, where the suffix, if applicable, represents the properties of, or the instruments used to measure, each
pollutant. In particular, the numeric suffix after ufp_ corresponds to the lowest value of the size range. Specifically, ufp_ptrak 36
represents P-Trak measurements with the diffusion screen (36—1000 nm) while ufp_ptrak 20 represents the difference between P-Trak
measurements with and without the diffusion screen (20-36 nm). BC measurements at different wavelengths are labeled as: blue
(bc_blue), green (bc_green), infrared (bc_ir), red (bc_red), and ultraviolet (bc_uv). The ultraviolet measurements were transformed to
represent the difference (bc_uv_diff) between the ultraviolet and infrared ranges.
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CHAPTER 9: EXPOSURE MONITORING
STUDY DESIGNS FOR EPIDEMIOLOGY:

COST AND PERFORMANCE
COMPARISONS

Lead authors: Sun-Young Kim, Amanda J. Gassett, Magali N.
Blanco, Lianne Sheppard

OVERVIEW

This chapter has two sections. The first section, Cost and
Performance Comparisons for Low-Cost Sensors Supplement-
ing Regulatory Monitoring Data, describes our work on the
value of information in supplementary low-cost sensor cam-
paigns. It is a summary of the write-up included in Chapter 9’s
Additional Materials. The second section, Mobile Monitoring
Study Designs for Epidemiology, provides a more extensive
presentation as it is a complete published manuscript (Kim
et al. 2025).

COST AND PERFORMANCE COMPARISONS FOR
LOW-COST SENSORS SUPPLEMENTING REGULATORY
MONITORING DATA

We combined existing regulatory monitoring datasets
with various subsets of additional low-cost sensor data to
determine how cost-effective it is to collect additional low-
cost sensor data as a supplement to regulatory monitoring
data, to predict PM, , and NO, concentrations for application
to epidemiological cohort studies. Leveraging the data and
modeling approaches summarized in Chapters 3 and 7 for
these two pollutants, we considered designs that used var-
ious subsets of the supplementary data available in the full
datasets. The NO, dataset had two supplementary datasets:
the snapshot campaign using Ogawa samplers that deployed
all Ogawa samplers simultaneously in each of three seasons,
and the home-based low-cost sensor campaign that deployed
a rotating set of monitors predominantly at participant
homes for 2-week and longer periods. The PM, , dataset only
had the home-based low-cost sensor campaign. Chapter 9’s
Additional Materials describes the specific subsets of data we
considered for these value of information analyses and the
results as characterized by (1) differences in model prediction
performances, and (2) differences in cost as quantified by
the additional staff days required to deploy and take down
instruments, as well as recruit participants, obtain consent,
and schedule visits at home locations.

From an exposure model predictive performance per-
spective, results from both the PM, ; and NO, analyses indicate
that home-based monitoring adds value to models developed
for epidemiological purposes. For instance, for PM,, there
was considerable improvement of nearly all models with
home data included, compared to a model with no home data
(Table S9.7). For NO,, all the models that considered home

data had reasonably good performance when compared to the
gold-standard model (Table S9.6).

However, home-based monitoring is also very expensive,
as noted by the number of staff days required for sampling
in Table S9.8. In addition to requiring more staff time,
home-based monitoring also potentially involves different
staff positions, because participants need to be (1) contacted
for recruitment, (2) complete a consent process, and (3) be
present when staff are at their home to provide access to their
outdoor spaces for monitoring set-up and take-down. Home
monitoring data are also subject to institutional review board
(IRB) oversight, and these measurements cannot be publicly
shared because that would violate participants’ privacy. In
previous studies, we have found that a team of two field tech-
nicians could reasonably plan to visit about five homes per
workday. Thus, this sampling approach adds considerable
staff time for every home location included.

In contrast, using a snapshot design with Ogawa passive
samplers to measure NO,, a two-person team can typically
visit 40-60 utility pole locations in a day, making it possible
to collect data from more locations much more quickly. As
shown in Table S9.6 and focusing on performance statistics
at the snapshot locations, we observed similar performances
among the snapshot variations that included observations
from all three seasons for each included location, though
somewhat worse for the model with locations dropped at
random rather than by cluster. We observed much larger
reductions in performance for snapshot designs with fewer
seasons, particularly for some season combinations. Perfor-
mances for the snapshot campaigns were also worse when
evaluated at home locations, particularly for the mean square
error (MSE)-based R?, which evaluates model fit around the
1:1 line. This poorer performance was driven more by bias
than poor correlation, as the regression-based R*s at the homes
were much more similar to the MSE-based R’s at snapshot
locations. In other words, the limited seasonal information
represented by the snapshot campaign’s results in predictions
that can be systematically offset from the 1:1 line, as is shown
in the example in Figure S9.3.

Exposure assessments that included home monitoring
required at least three times the number of staff days as the
most time-intensive snapshot (Table S9.8). Thus, while snap-
shot campaign locations are not as spatially compatible with
the target epidemiological cohort as those that can be selected
in a home-based low-cost sensor campaign, this is a much
more cost-effective approach. However, passive samplers
such as the Ogawa badges that we used are only feasible for
the collection of gases. For PM, _, there are a few good alterna-
tives to home monitoring.

To summarize, in some settings, it may not be feasible
to collect air pollution measurements at participant homes
or on a rolling basis that allows measurement throughout
the year. Particularly in multisite designs where monitoring
is conducted by excursions from the research center to the
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study sites, data collection designs are often logistically
constrained. Snapshot designs are an appealing solution
for measuring gases, but the snapshot designs in our study
performed more poorly than anticipated. Based on the results
presented in Table S9.6, we recommend reducing the number
of NO, snapshot locations before reducing the number of
snapshot monitoring seasons whenever possible. In contrast,
the PM, , results suggest that given a study design with home
monitoring that covers the full temporal extent of the possible
monitoring period, it is preferable to have fewer repeat visits
to the same location rather than reducing the number of
locations. It is also preferable to spread out those monitoring
locations over space as much as is feasible.

MOBILE MONITORING STUDY DESIGNS FOR
EPIDEMIOLOGY

Introduction

While mobile monitoring has been applied to assessing
air pollution emitted from traffic or wildfires for decades (Aus-
tin et al. 2021; Boanini et al. 2021; Larson et al. 2007; Loeppky
et al. 2013; Pirjola et al. 2012; Wagstaff et al. 2022), more
recent mobile monitoring studies have focused on exposure
assessment to investigate the association between long-term
exposure to air pollution and human health (Kerckhoffs et al.
2016; Messier et al. 2018). Specifically, recent mobile mon-
itoring campaigns aimed to achieve high-quality estimates
of people’s long-term average exposures to traffic-related
air pollution (TRAP), given the increasing epidemiological
evidence of adverse TRAP associations (Boogaard et al. 2022;
Kerckhoffs et al. 2019; Weichenthal et al. 2016). To achieve
this goal, investigators designed or leveraged existing mobile
monitoring campaigns and subsequently used air pollution
prediction models to provide estimates of individual-level
long-term average exposures.

As mobile monitoring allows substantial flexibility with
regard to the temporal frequency and timing of sampling, as
well as the spatial domain, there are many available choices
in designing a monitoring campaign. Some recent studies
focused on quantifying the accuracy of individual long-term
exposure estimates (Apte et al. 2017; Blanco et al. 2023a;
Kerckhoffs et al. 2024; Klompmaker et al. 2015; Messier et al.
2018). Cost is another important factor that drives monitoring
design, particularly given the high expense of payroll and
equipment in mobile monitoring. Cost can vary dramatically
as a function of logistical features; some designs optimized
to achieve high accuracy in exposure estimates may be too
expensive to implement. Thus, an investigation of the trade-
off between the increase in cost and the improvement of
prediction model performance can help investigators design
their mobile monitoring campaigns in the future. Our previous
study suggested that greater spatial and temporal coverage in
mobile monitoring designs can improve prediction accuracy
(Blanco et al. 2023a), as described in the current report. This
study expands our focus to include cost to offer cost-effective
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design options to future air pollution mobile monitoring
campaigns, and has been published (Kim et al. 2025).

Focusing on the goal of providing practical guidance,
this study aims to compare the costs of input resources with
the resulting exposure model performance by comparing
and contrasting characteristics of mobile monitoring designs
for application to environmental epidemiology. We assume
that the ultimate exposure assessment goal in this setting
is to produce high-quality predictions of annual average
concentrations at study participants’ residences to assess
their health associations in a single geographically defined
area. We specifically focus on UFPs quantified using a spa-
tial prediction model. As UFP monitoring equipment can
be very expensive and no regulatory monitoring networks
include UFP measurements, a mobile platform carrying a few
instruments has been widely considered to be a cost-effective
option (Gozzi et al. 2016; Presto et al. 2021; Vallabani et al.
2023). Despite the increasing attention, there has been limited
guidance on effective monitoring designs for epidemiological
applications. To quantify costs and compare them with model
performances, we leverage our experience in monitoring and
modeling short-term stationary roadside measurements of
UFPs that were produced under the auspices of the Adult
Changes in Thought Air Pollution (ACT-AP) study.

Methods

ACT-AP Study Overview and Assumptions for the Present
Study As a part of the ACT-AP study, an extensive mobile
monitoring campaign has been conducted to characterize
TRAP with high temporal and spatial resolution (Blanco et al.
2022). The mobile monitoring included stationary roadside
and nonstationary (on-road) measurements of particulate
and gaseous pollutants from multiple instruments loaded
on a single vehicle that drove along nine fixed routes with a
total length of 1,069 km in the 1,200 km? study area. Driving
hours were between 5 a.m. and 11 p.m., including business
and nonbusiness hours, weekdays and weekends, and all four
seasons from March 2019 through March 2020. The monitor-
ing platform did not operate from midnight to 5 a.m. because
of logistical difficulties. We used the canonical calendar sea-
sons: spring from March 20, 2019, to June 20, 2019, summer
from June 21 to September 22, autumn from September 23 to
December 20, and winter from December 21, 2019, to March
19, 2020 (with average seasonal temperatures of 8, 19, 12, and
5 °C, respectively). The stationary measurements, at 1 second
to 1 minute depending on the pollutant, were collected at 309
roadside locations for 2 minutes at each site, with ~29 repeat
visits per site. This study also carried out makeup sampling
for missing data due to instrumentation, inclement weather,
car trouble, driver illness, or driver error. As this campaign
included most hours and all seasons and days of the week
at each sampling site, we considered the annual average
of measurements at each site without additional temporal
adjustment as the representative annual average concentra-
tion. For particle number concentration (PNC) often used to
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characterize UFPs, we computed the median concentration
of each 2-minute visit, winsorized medians across visits
within each site using the 5% threshold level, and computed
averages at each site. The instrumentation details, including
specifications and limits of quantification as well as quality
control procedures, are provided in our previously published
study and also described in Chapter 3 of the current report
(Blanco et al. 2022).

Design Components Using the available mobile monitoring
data, the present study quantified features of the complete
and alternative (subsampled) monitoring campaign designs
for UFPs sampled from an unscreened TSI P-Trak 8525. We
choose a single instrument and location scenario to focus
more directly on design components and omit from consid-
eration differences in cost derived from instrument selection
and travel to or from multiple study areas. We selected the
P-Trak because it has been commonly used in previous
mobile monitoring campaigns and produces high-quality data
at a 1-second time scale, as we have documented previously
(Blanco et al. 2022, 2023a; Doubleday et al. 2023).

We considered five design components in this investi-
gation: number of sites, number of visits per site, days of the
week, hours of the day, and number of seasons (Table 9.1).
These five components indicate key spatial and temporal
characteristics that contribute to assessing long-term average
exposure of air pollution for cohort participants, but are
commonly limited in previous monitoring campaigns given
logistical and financial constraints. The complete all data
design included 309 stationary roadside sites, ~29 visits per
site, all 7 days of the week, most hours of the day (between
5 a.m. and 11 p.m.), and all four seasons. Alternative designs
reduced the number of sites to 100, 150, 200, or 250 (i.e.,
spatially reduced), or reduced the number of visits per site to
4,6, 12, 16, 20, or 24 (i.e., temporally reduced), to provide a
wide range of values that could be used to visualize the shape
of the association between amount of monitoring and model
performance. In temporally restricted designs, we restricted
the days of the week and 5 am. to 11 p.m. sampling hours
to (1) most hours on weekdays with no additional temporal
restriction, (2) weekday business hours from 9 a.m. to 5 p.m.,

and (3) weekday rush hours from 7 to 10 am. and 3 to 6
p-m. The alternative designs related to the season included
two or three seasons with no other restrictions. The designs
that restricted the numbers of seasons, days, or hours used
consistent numbers of sites and visits per site, 309 and 12,
respectively, to separate the effect of selective timing from
the effect of the total amount of monitoring. We did not
consider the following designs: weekends only, one season,
or an unbalanced number of visits per site. The first two are
unrealistic options for assessing long-term average exposure
to air pollution, and the last, while common in the literature,
is left for future work. To assess the representative model
performance of each alternative design, we constructed 30
campaigns of each design by random sampling from the
complete all data design.

Approach to Cost Estimation We assumed that the total cost
of the mobile monitoring campaign is composed of two types:
up-front and per-drive-day costs. Table S9.1 shows the char-
acteristics and examples of up-front and per-drive-day costs.
The up-front cost is defined as one-time or long-term costs
mostly incurred before the beginning of regular monitoring.
Examples include the purchase of instruments and various
preparation efforts such as fabrication of the manifold, soft-
ware development, protocol development, maintenance, and
establishment of sampling locations. Together, these activities
required about 40 workdays of 1 full-time and 3-5 part-time
staff in the ACT-AP study. The actual number of days will
vary depending on the experience and training status of staff
as well as the presence of existing materials and protocols.
Most of these elements did not vary by monitoring design.
The exception to this was a small amount of incremental
time needed to establish sampling locations, which included
site-specific selection, review, and documentation, plus time
needed for pilot drives of each route.

The per-drive-day cost includes the cost of staff time
for planned driving, makeup sampling, related in-laboratory
quality control activities, vehicle use, and data management.
The per-day vehicle costs were based on our university’s
long-term or short-term rental, mileage, and fuel rates for
fleet services and the monthly parking rate for our building’s

Table 9.1. Alternative and Reference Roadside Mobile Monitoring Designs to Assess Model Performance and Costs

Design Component Complete or Reduced Reference Design

Alternative Monitoring
Design

Versions of Alternative Monitoring
Design

Number of sites 309

Number of visits 29%or 12

Day of the week All days

Hour Most hours for 5 a.m. to 11 p.m.
Season 4 seasons

Fewer sites 100, 150, 200, or 250

Fewer visits per site 4,6, 12,16, 20, or 24
Fewer days Weekdays only
Fewer hours Business or rush hours only®

Fewer seasons 2 or 3 seasons

* Median with a range of 26-35.
® Monday to Friday only.
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lab. Because the P-Trak provides direct real-time measure-
ments, which were downloaded after each day of sampling,
laboratory data management activities were limited to data
review and cleaning as described in Table S9.1. We primarily
assumed that the staff cost of a single workday was constant
regardless of the hours of day or days of week worked,
because we funded multiple full-time staff members instead
of paying overtime. We quantified the staffing effort by using
the number of workdays as a unit of cost measurement, which
can also be expressed as a fraction or multiplier of a year of
effort from a full-time staff person.

We estimated that a single full-time staff person should
work 229 days in a year, based on the assumptions that a
person works 5 days per week and has 3 weeks’ paid vaca-
tion, 12 paid holidays, and 5 sick days. The calculations of
required workdays for the full single-instrument single-city
monitoring design based on ACT-AP are shown in Table
9.2. Given a single instrument, we estimated that 203 days
of regular driving would be required to make 29 visits to all
sites on seven routes. Each route was designed to be driven
in 1 day (approximately 7.5 hours driving plus 15 minutes
each for set-up and take-down) and included an average of 44
sites. We estimated 2 days per season for rescheduled drives
to accommodate sick time, car trouble, inclement weather, or
other unforeseen circumstances that prevent driving per the
original plan. We also assumed that drivers spent 1 day in
every 10 sampling days for in-lab quality control activities,
including calibration, lab-based co-location, administrative
tasks, meetings, and car or instrument repair. After aggregat-
ing all of these workdays in the complete design, we obtained
a total between 232 and 244 workdays, or between 1.0 and
1.1 (232/229-244/229) field technicians or drivers needed for
a year. For alternative designs, the number of workdays was
reduced according to the difference from the complete design.
Our cost estimation did not consider analysis work for expo-
sure model development or collaboration efforts with expert

groups, as these would vary depending on the scientific aims
proposed for the use of the data.

We estimated monetary values corresponding to the
number of workdays for alternative and complete designs
based on actual expenditures in the ACT-AP study. Here, we
have also highlighted monitoring elements that could incur
additional costs: multiple instruments and the potential
for a shift premium. For the multiple instruments scenario,
we added two additional instruments for PNC (NanoScan
and DiSCmini) and four instruments for black carbon (BC),
nitrogen dioxide (NO,), carbon dioxide, and carbon mon-
oxide (microAeth MA200, CAPS NO,, LI-850, and Langan,
respectively). While additional PNC instruments are useful
to verify PNC measurements, other pollutants can help adjust
localized on-road plumes to assess representative residential
exposure to UFPs as described earlier (Doubleday et al. 2023).
A temporally varying shift-premium scenario illustrates the
impact of a 30%, 50%, or 100% higher staff cost rate for week-
end and evening driving than for weekday daytime driving.

Exposure Model Performance = We computed R* values
from 10-fold cross-validation (CV) of the spatial prediction
model for complete all data as well as alternative designs
using the observations collected under the complete all data
design of the ACT-AP study. The annual average UFP spatial
prediction model was based on the previously published
universal kriging with partial least squares (UK-PLS) frame-
work that reduces the dimension of hundreds of geographic
covariates to a few predictors estimated by partial least
squares, followed by spatial smoothing based on universal
kriging (Sampson et al. 2013). The details of model specifi-
cation and implementation were previously provided in the
report and the published paper (Blanco et al. 2023a). In our
CV, we computed annual average predictions at all 309 sites
for all alternative and complete designs, except for the fewer
sites design. We divided the 309 sites in each alternative

Table 9.2. Calculation for the Expected Number of Workdays Needed for the Full Single-Instrument and Single-City Monitoring Design

of the ACT-AP Study

Number of
Type of Cost Working Days Equation
Available working days (per 229 365 days - [52 weeks x 2 weekend days® + 12 paid holi-
person) days + 3 weeks x 5 paid vacation days + 5 sick days]
Required working days Up-front 40°
Per-drive-day: total 232-244

Regular drives 203 7 routes X 29 visits

Rescheduled drives 8-20 2-5 days x 4 seasons

Quality control 21 (203+8) drive days x 1/10°

* Two mid-weekdays when weekend driving is performed.

® Protocol development, fabrication, and assembly of the platform, and pilot testing. Examples include writing standard operating procedures, developing the instru-
ment set-up checklist, testing and troubleshooting the instruments and the set-up inside the vehicle, working with information technology to develop the data orga-

nization procedure, and other preparation activities.
¢ Quality control activities every ~10 days.
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design into 10 groups, developed the prediction model using
nine groups of sites after holding out one group as test sites,
predicted annual-average UFP concentrations at test sites,
and repeated this procedure for each of the remaining nine
groups. For the fewer sites design, we obtained predictions
using a combination of CV at the 100-250 sites included in
that design and external validation for the rest of the sites not
included. For example, in the 250-site design, we computed
CV predictions at 250 sites and then applied the model based
on all 250 sites to obtain external predictions at the remaining
59 sites. For CV statistics, we always calculated mean squared
error (MSE)-based R? values for each alternative design from
predictions at all 309 sites compared to the annual average
observations from the complete all data design, instead of the
observations from the corresponding alternative design. We
considered these observations at 309 sites from the complete
all data design as the gold standard to validate all alternative
designs against. MSE R’s evaluate whether predictions and
observations are the same (i.e., are near to the one-to-one
line); they are computed as 1 minus the ratio of MSE divided
by data variance (scaled by n, not n — 1), as opposed to more
common regression-based R’s that are calculated as squared
Pearson correlation coefficients to assess whether pairs of
observations are linearly associated. Because we constructed
each alternative design by resampling 30 campaigns, we
presented median CV MSE R? and its 5th and 95th percentiles
across 30 campaigns for each design.

Comparison of Costs and Model Performance Between
Different Designs

We compared costs (computed as workdays) to model per-
formances (presented as CV MSE R?s) across various alternative
designs (Table 9.3). Specifically, the comparison focused on
the decrease of CV MSE R’s and the decrease of workdays in
alternative designs compared to the relevant reference design.
This comparison indicates the trade-off between the deterio-
ration in model performance and the cost reduction. For the
reference design, we used the complete all data design (309
sites and ~29 visits per site) to compare to alternative designs
that were spatially reduced with fewer sites (100, 150, 200, or
250) or temporally reduced with fewer visits per site (4, 6, 12,
16, 20, or 24). For all the other alternative designs with tempo-
ral restriction(s), as in those with fewer days (weekday only),
hours (business or rush hours only), or seasons (two or three
seasons), the reference design was a reduced design with 12
visits per site (309 sites and 12 visits) as the “complete all data”
design of temporally restricted designs. We selected this refer-
ence based on both feasibility as well as reasonably good model
performance in our previous study (Blanco et al. 2023a). For
example, two seasons only have 114 days (229 available work-
days/2), and it would not be physically possible to drive 7 routes
more than 12 times over two seasons using a single instrument
platform (12 repeat visits x 7 routes regular driving + 8 makeup
driving + 21 quality control = 113 days). Therefore, a realistic
two-season design inherently requires fewer repeat visits with
a realistic maximum of 12 visits compared to the complete

all data design, or it would require much higher up-front costs
to purchase more equipment.

All statistical analyses, including exposure model perfor-
mance and comparison to cost, were performed in R (v. 4.1.2)
(R Core Team, 2023).

Results

Table 9.3 shows the summary of design components,
costs, and model performances. The complete all data
design showed the highest CV MSE R? of 0.77. CV MSE R’s
decreased as the number of sites, visits, seasons, days, and
hours decreased, showing the largest declines for designs
with limited repeat visits and hours (median CV MSE R*=
0.60 for 4 visits per site and 0.55 for business hours only).
The number of workdays was also the largest in the complete
all data reference design (232 days), with linear decreases for
fewer sites or visits designs (73 and 40 days for 100 sites and
4 visits per site, respectively).

The relationships between cost and model perfor-
mance varied across design components (Table 9.3, Table
S9.2, Figure 9.1). In particular, we found a contrast in this
relationship for the spatially and temporally reduced versus
temporally restricted designs. As shown in Figure 9.1, cost
was continuously higher and model performance was better
as designs included more sites or visits, whereas costs were
constant despite improving model performance when remov-
ing temporal restrictions by adding more seasons, days, or
hours. Compared to the complete all data design, the number
of workdays linearly decreased as the number of sites or
visits decreased. The model performances, however, showed
different rates of decline based on the number of sites or visits
per site. Model performance CV MSE R®s were lower by 3-7
percentage points compared to the complete all data reference
design, until the number of sites or visits dropped to 200 sites
or 12 repeat visits with all other design components identical
to those of the complete all data design (median MSE R’s
of 0.70-0.74 vs. 0.77) (Table 9.3 and Table S9.2). When the
monitoring design had fewer than 200 sites or 12 visits, CV
MSE R’s markedly decreased by more than 7-17 percentage
points (median MSE R?s of 0.60—0.70 vs. 0.77). In contrast, the
restriction in the number of seasons, days, or hours resulted
in decreased CV MSE R?s, even though the number of work-
days was roughly the same as the reduced 12-visit reference
design. When we included only two or three seasons in the
monitoring campaign, CV MSE R’s were lower by up to 3
percentage points compared to the reduced reference design
(median MSE R%s of 0.67-0.69 vs. 0.70). The fewer-days
design restricted to weekdays gave about a 5 percentage point
lower CV MSE R? (median MSE R?s of 0.65 vs. 0.70). The
fewer-hours designs showed the most notable decrease in CV
MSE R? down to a median of 0.55, when the monitoring was
restricted to business hours only.

The estimated monetary values for up-front and per-
drive-day costs combined showed similar relationships with
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Table 9.3. Model Performance and Estimated Per-Drive-Day Costs Across Different Alternative Sampling Designs Based on the Data from the ACT-AP
Roadside Mobile Monitoring Campaign, Given a Single Instrument for UFP Monitoring (P-Trak) in a Single Study Area

Cost (workdays for per-drive-day costs)

Design Components Model Performance

Nof Visits N of N of Regular Rescheduled  Quality Reference
Design Version Nof Sites  per Site*  Routes® Seasons  Drive Drive* Control Total CVMSER*® Design®
Complete  Allf 309 29 7 4 203 8 21 232 0.77
250 250 29 6 4 174 8 18 200 0.76
Alternative
200 200 29 5 4 145 8 15 168 0.74
Fewer sites
150 150 29 3 4 87 8 10 105 0.70
100 100 29 2 4 58 8 7 73 0.67
24 309 24 7 4 168 8 18 194 0.72
20 309 20 7 4 140 8 15 163 0.72
Fewer visits 16 309 16 7 4 112 8 12 132 0.71
12 309 12 7 4 84 8 9 01 070 | RR |
6 309 6 7 4 42 8 5 55 0.63
4 309 4 7 4 28 8 4 40 0.60
Fewer days¢ Weekday 309 12 7 4 84 8 9 101 0.65
Business 309 12 7 4 84 8 9 101 0.55
Fewer hours"
Rush 309 12 7 4 84 8 9 101 0.64
) 3 309 12 7 3 84 6 9 99 0.69
Fewer seasons®!
2 309 12 7 2 84 4 9 97 0.67

* Maximum number of visits feasible given the restriction of reduced designs in a single mobile platform.
® A single route as a packet of driving covering an average of 35 sites that provides the number of driving days.
¢ Make-up driving for at least 2 days per season.

4 Median cross-validated MSE R across campaigns (N = 30) for each design using predictions of annual UFP averages at all 309 sites; For the fewer-site designs, predictions were obtained

from cross-validation for 100 to 250 sites and external validation for the rest of the sites not included in a given campaign.

¢ Application of the complete reference design (CR — red cell) to alternative designs with spatial reduction with fewer sites or temporal reduction with fewer visits (orange cells), and
the reduced reference design with 12 visits (RR — blue cell; 309 sites but 12 visits instead of 29 visits) to alternative designs including fewer days, hours, or seasons (light blue cells).

£309 sites, ~29 visits per site, all days, most hours for 5 a.m. to 11 p.m., and four seasons.
¢ We did not consider the designs of weekend-only and 1 season, as they are unrealistic options.

" Business hours: weekdays 9 a.m. to 5 p.m.; rush hours: weekdays 7 to 10 a.m. and 3 to 6 p.m.

' Specific combination, such as summer + winter and summer + spring.

model performance as those for workday costs. Although CV
MSE R’s decreased in the temporally restricted alternative
designs with fewer seasons, days, or hours (median MSE
R?s of 0.55-0.69 vs. 0.70), the costs were similar to those
for the reduced 12-visit reference design (155,000-162,000
vs. 162,000 USD) (Table S9.2). However, the spatially or
temporally reduced alternative designs with fewer sites or
visits showed much lower costs (124,000-205,000 USD)
compared to the complete all data reference design (219,000
USD), as well as a reduction in model performance (median
MSE R’s of 0.60-0.76 vs. 0.77). When we compared these
estimated costs from our primary monitoring scenario with a
single instrument and fixed staff cost to those from additional
monitoring scenarios, the total cost of the complete design
slightly increased with a temporally varying shift premium
and increased by more than 80% with multiple instruments
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(232,000-264,000 and 398,000 USD vs. 219,000 USD) (Table
S9.3). However, consistent patterns were showing a large
cost decrease in spatially and temporally reduced designs as
well as a roughly constant cost across temporally restricted
designs (Figures S9.1 and S9.2).

Discussion

Our study investigated the tradeoffs between model per-
formance and cost in alternative mobile monitoring designs,
and attempted to identify optimal monitoring designs to
satisfy the goal of good quality predictions of air pollution
along with reduced costs. Our alternative designs represent
mobile monitoring designs applicable in practice with
reduced spatial or temporal coverage. Designs that restrict
the number of seasons, days of the week, or hours of the day
adversely impact model performance without reducing cost
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Figure 9.1. Relationships between the number of workdays and median CV MSE R’s across complete and alternative mobile
monitoring designs according to the number of sites, visits, seasons, days, and hours. “All” and “All*” indicate all sites, seasons, days,
or hours from the complete all data and reduced reference designs, respectively. Open circles and diamonds represent workdays and
CV MSE R, respectively, from the complete reference design that serves as a reference for spatially reduced alternative designs with
fewer sites or temporally reduced alternatives with fewer visits. % and ¢ display workdays and CV MSE R?s, respectively, from the
reduced reference design that is equivalent to the complete all data design, except reduced to 12 visits instead of ~29, and is used as
the “complete” design for temporally-restricted alternative designs with fewer seasons, days, or hours. The black dotted horizontal and
vertical lines in the plot for the number of repeat visits per site highlight the CV MSE R? for the reduced reference design. The designs
in the left column are for spatially and temporally reduced alternatives for sites and visits, respectively, as opposed to the designs in
the right column that show temporally restricted alternatives based on the number of seasons, or days/hours.

compared to designs requiring the same number of workdays.
The optimal design for 12 visits per site includes at least two
seasons, both weekdays and weekends, and most hours of the
day, including business, early morning, and nighttime hours
(5 am. to 11 p.m.). Furthermore, while cost increases are
driven by the number of sites or visits, the cost-performance
tradeoff becomes less favorable above 12 repeat visits due to
the relatively slower increase in performance. This finding
remained when we extended the monitoring campaign sce-
narios to multiple instruments and temporally varying staff
costs (i.e., shift premium).

Our study extends and improves on previous studies that
considered monitoring design guidance by considering cost
and leveraging a year-long monitoring campaign with balanced
sampling over all days of the week and most hours of the
day. The literature includes a few recent studies of mobile
monitoring designs that provide insights into the relationship
between design components and model performance with
the ultimate goal of epidemiological application (Table S9.4).
Like our work, these studies sampled from their original

campaign to create new campaigns with specific designs, and
compared the performance of prediction models developed
from these subsets to that of the complete design. Two stud-
ies in Oakland, California, USA, leveraged a campaign that
collected BC and nitric oxide (NO) during weekday business
hours in 2015-2017. Using land-use regression models to
predict from annual medians on all 19,149 30-meter road seg-
ments, the first study showed that at least 4 repeat visits gave
comparable model performance with the complete data of
10-41 visits, depending on the road segment (Messier et al.
2018). The second study applied a mixed-effects model to pre-
dict average concentrations using the same data, and reported
CV R%s of 0.8 and 0.9 for 5 and 15 repeat visits per road
segment, respectively (Kerckhoffs et al. 2024). In Montreal,
Canada, another mobile monitoring study collected UFP data
for 34 days over three seasons and showed that reduced cam-
paigns with 12 repeat visits per site gave a median adjusted R?
close to 0.70, which is lower than 0.74 for the complete data
of at least 16 visits (Hatzopoulou et al. 2017; Levy et al. 2014).
As with our findings, all these studies suggested the import-
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ant role of repeat visits in model performance, although these
studies used nonstationary on-road data as opposed to our
use of stationary roadside data. In contrast to our work, their
insights into the optimal monitoring designs were based on
temporally limited monitoring campaigns over less than 40
days or during the daytime on weekdays, which may limit
their generalizability (Kim et al. 2023). A recent review also
pointed out the limited temporal coverage of mobile moni-
toring studies, noting that only 15% of studies lasted for at
least 1 year. It also reported a median of 10 repeat visits from
41 studies that developed spatial regression models (Wang et
al. 2023).

Our focus on costs provides a different optimization
of monitoring designs from those that focus exclusively on
prediction accuracy. Our previous study (described in the
current report) explored the role of different design compo-
nents and model performance by using the same monitoring
data, and showed improved model performance with more
sites and repeat visits in a design that covered most hours
and days (Blanco et al. 2023a). In this study, we showed that
while costs increase linearly with increasing numbers of sites
or visits, performance increases much more steeply from 4 to
12 visits per site than from 12 to 26 visits per site in a design
that had ~29 total visits per site. We also showed that designs
that include multiple different seasons, weekdays and week-
ends, and most day and night hours can improve prediction
accuracy with no cost increase, assuming the per-drive-day
cost does not vary by time of day or day of week. Thus,
leveraging the temporally and spatially resolved monitoring
data and extending experiments using various subsampled
datasets, we can conclude that temporally balanced designs
with 12 visits per site are the most cost-effective.

For this study, we considered a simple monitoring
environment by assuming a single-city, pollutant, and instru-
ment condition. This allowed us to focus on the changes
in incremental costs derived from per-drive-day sampling.
Application of monitoring to more than one city results in
travel costs, including car rentals, flights, additional travel
days, housing and per diem, and shipping of instruments,
when the primary institution mainly takes charge of monitor-
ing in multiple cities. These additional costs can vary widely
depending on the target city. Multicity campaigns also need
to plan for additional coordination time to find lab space at
a partner institution and possibly subcontract costs to that
institution. Additional instruments require more set-up and
take-down time each drive day, more data management and
quality control, and more up-front time to develop protocols.
This additional workload associated with more instruments
will likely limit the length of the driving routes and thus the
number of locations that can be visited in 1 day. For example,
the ACT-AP study involved multiple particulate and gaseous
instruments that required an hour to set up and take down
at the beginning and end of each driving day, and thus data
collection was limited to 6 hours of driving (compared to 7.5
hours in our primary monitoring scenario with a single instru-
ment), resulting in more routes to visit all 309 sites (9 vs. 7),
fewer sites on each route (35 vs. 44 on average), and more
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total driving days (261 vs. 233). In addition, each instrument
has unique up-front, consumable, and per-drive-day costs.
The P-Trak, chosen in this study, is a 7,000 USD instrument
that requires low-cost consumables and does not need special
calibration. Another instrument used for UFP monitoring in
the ACT-AP study, the NanoScan, costs 30,000 USD up-front,
which is approximately the equivalent of 56 days of per-
drive-day costs for the simplified single-instrument design.
The manufacturer also recommends factory maintenance and
calibration once per year, costing about 2,000 USD for service
and shipping. Although this additional cost results in much
higher total costs compared to those of the single instrument
scenario, the cost increase is mostly derived from up-front
costs, which are constant across different designs, as shown
in Table S9.3. The relationship between per-drive-day costs
and design components in the multi-instrument scenario was
consistent with our findings based on a single instrument
(Figures S9.1 and S9.2).

We employed the simplifying assumption of identical
staffing costs for business hours versus nonbusiness hours
sampling as well as weekday versus weekend sampling,
which resulted in roughly constant costs between all designs
requiring the same number of workdays. We based this
simplification on our experience using full-time staff who
are paid a constant staff cost rate across different days of the
week or hours of the day. However, this could vary between
institutions and countries. When we applied higher staff
costs to evening and weekend sampling, the estimated cost
was slightly higher, as shown in Figure S9.1. However, the
increases were relatively small and do not affect our overall
interpretation that the temporally unrestricted designs are the
most cost-effective (Table S9.3, Figures S9.1 and S9.2).

Our study has several limitations, and future studies
could develop alternative cost estimation approaches to
represent the complex reality of mobile monitoring cam-
paigns. There are different costs and logistical considerations
associated with funding graduate students versus staff, and
full versus part-time workers. For example, students might
need to accommodate class schedules or may not be available
for 8-hour shifts. A variable shift schedule could also require
extra up-front planning to accommodate the design with the
available staff or additional time to hire staff willing and able
to work an unusual schedule. This staffing plan is also more
vulnerable to staff turnover or disruption if field technicians
develop unexpected obligations outside of work, such as
family duties, potentially causing delays or data loss. In
addition, it is important to note that all our comparisons were
constrained by the full dataset available for analysis. Had we
collected additional data, for example, at more sites or more
visits per site, the changes in performance statistics may have
been different for the number of sites and visits per site that
we considered. Finally, all our exposure assessments focused
on ambient exposure, which could affect exposure misclas-
sification and health inference, although consideration of
indoor air quality or personal exposure was outside the scope
of our study.
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We focused on mobile-monitoring stationary roadside
sampling with 2-minute measurements and excluded
nonstationary sampling with 1-second measurements, to
characterize residential rather than on-road pollution levels.
Our previous analysis of minute-level data from two regula-
tory monitoring sites in Seattle showed that multiple visits
of a 1-minute duration minimized the error in estimating the
long-term average concentration of NO and NO, (Figure S2
in Blanco et al. 2022). This finding supports our focus on
2-minute stationary roadside data when our goal is long-term
average prediction at residential locations. In addition, we
have shown that on-road data requires additional sampling
and analysis costs to characterize residential off-road expo-
sures. Specifically, additional pollutants must be measured
to account for on-road sources such as tailpipe pollution
(Doubleday et al. 2023). Our multi-instrument scenario indi-
cates a possible and realistic attempt to account for on-road
plumes to assess representative residential exposures to UFPs
by using other gaseous pollutants. Furthermore, nonstation-
ary measurements could be highly correlated given adjacent
sampling locations. These unique features of nonstationary
data could result in inconsistent long-term average concentra-
tions compared to those from stationary roadside data, when
combined for developing a single exposure prediction model.
Future studies should examine both nonstationary on-road
data alone as well as on-road data combined with stationary
roadside data to provide guidance for exposure model devel-
opment of combined data.

Some of the performance statistics in our results may be
influenced by randomly resampling the same observations in
designs with restricted sites, visits, seasons, days, and hours.
We summarized the model performance using the median
across 30 campaigns to avoid the impact of reporting extreme
performance statistics. In addition, our resampling from the
temporally balanced data could also reduce the impact. The
ACT-AP study scheduled its drive days for operational and
technical feasibility as seen in other monitoring campaigns,
but rotated the monitoring schedule on a biweekly basis to
accomplish its overall temporally balanced data collection.
Specifically, ACT-AP consistently monitored all routes
during a specific 8-hour time slot in the morning, midday, or
evening over a 2-week period before transitioning to a new
8-hour time slot over the next 2-week period. The monitoring
over 8-hour time blocks helped reduce technician burden
compared to a less consistent schedule and accommodated
battery charging, which takes at least 8 hours. Furthermore,
ACT-AP’s temporally balanced data collection allowed all
performance statistics to be evaluated against a consistent
set of observations, which facilitated comparisons between
designs (Blanco et al. 2023b).

It is possible that mobile monitoring designs for charac-
terizing UFPs that are supplemental to longer-term fixed site

monitoring campaigns or emerging monitoring options could
be even less expensive. More research is needed to establish
best practices for integrating different monitoring data sam-
pled by different instruments as well as monitoring designs.
New monitoring technology, such as low-cost sensors,
commonly identified as devices costing <2,500 USD, can also
reduce data collection costs for PM, ; and gases, but to date,
there are no validated low-cost sensors for UFPs (Morawska
et al. 2018). Different mobile monitoring platforms based
on walking, biking, and public transportation, as performed
in some previous studies, may also be able to reduce costs
(Farrell et al. 2016; Hankey and Marshall, 2015; Mueller et
al. 2016).

Although the present study focused on the impact of
design choices on exposure assessment, our findings also
provide some insight into the impact on health inference. In
related work, we applied UFP predictions obtained from the
same mobile monitoring data and similar alternative mobile
monitoring designs to those discussed here, to cognitive func-
tion in the ACT cohort, and compared health estimates (Chap-
ter 4). Broadly, while the pattern of health estimates was less
conclusive than the prediction model performances, we found
similar disadvantages with the temporally restricted designs
as we found for cost. Whereas there were small differences
in health estimates from the fewer visits or seasons designs
compared to the reference designs, most health estimates
from the business- and rush-hour-only designs were less
comparable to the reference health estimates. We observed
many biased and some unbiased health estimates for these
temporally restricted designs, with biased health estimates
in both directions. Temporally restricted monitoring designs
that exclude nonbusiness hours have been common choices
in previous mobile monitoring campaigns. Our findings indi-
cate that future studies can improve the accuracy in exposure
prediction as well as health estimation with little additional
cost when they use a design with temporally unrestricted
monitoring.

In summary, despite emerging interest in and increasing
deployment of mobile monitoring campaigns to assess long-
term exposure to air pollution for epidemiological applica-
tions, few studies have provided guidance on monitoring
designs. The few studies that have considered the question
of how much sampling is enough have focused exclusively
on the accuracy of air pollution prediction and have not
also considered cost, which is a significant determinant of
mobile monitoring design given its high expense and flexible
design options. By focusing on the trade-off between cost and
predictive exposure model performance, we have provided
practical guidance to help future mobile monitoring studies
optimize their designs to assess the health associations with
traffic-related air pollution.
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CHAPTER 10: SYNTHESIS,

INTERPRETATION, AND IMPLICATIONS
OF FINDINGS

Lead authors: Lianne Sheppard and Magali Blanco

SUMMARY OF FINDINGS

This project aimed to determine how to optimally design
air pollution exposure assessment and model air pollution
exposure data for application to epidemiological cohort
studies where the inferential goal is to estimate the associa-
tion between long-term average air pollution exposures and
health outcomes. Overall, we can conclude that air pollution
exposure assessment design is critical for exposure predic-
tion performance and also impacts the estimation of health
associations. Based on the multiple investigations conducted,
many of which focused on UFPs, we found that exposure
predictions with better performance statistics result in health
association estimates that are generally more consistent with
those obtained using the “best” exposure model predictions
(the model with all data included), although the pattern of
health estimates was often less conclusive than the pattern
of prediction model performances. While there were some
larger impacts on health association estimates of more poorly
performing exposure models relative to the complete all data
exposure model, such as the business hours design from a
mobile monitoring campaign, many of the differences were
small and did not deviate meaningfully from the association
estimate obtained from the “best” exposure model. The degree
of impact on the epidemiological inference depended on the
magnitude of the health association estimate from the “best”
exposure model and the width of its confidence interval. Spe-
cifically, the impact on health inference was stronger in the
confounder model 1 results that used the mobile monitoring
data. This model estimated an adverse association of UFPs
with cognitive function.

Our findings were clearest and most dramatic for the
design of mobile monitoring studies that collect stationary
roadside data. In that setting, we can recommend that future
studies use stationary roadside sampling during most hours
of the day, at least two seasons, and all days of the week.
The implications of adding low-cost sensors to regulatory
monitoring data were more challenging to discern due to
the inherently sparse and unbalanced data available for
this investigation. We did not find that leveraging advanced
statistical methods (specifically, spatial ensemble-learning
methods for prediction) improved exposure prediction model
performances. This may have been due to the already sophis-
ticated UK-PLS approach we used by default, and in partic-
ular its application in conjunction with the large number of
covariates that we considered in the PLS model, such that the
contribution of any single covariate was approximately linear.
In other words, it is reasonable to believe that in the presence

76

of such a large set of covariates considered, each is approxi-
mately linearly associated with the pollutant being modeled,
such that the potential added value of the spatial random
forest approach is not observed in the model fit. Other settings
with a smaller number of possible covariates available may
lead to different conclusions and suggest greater added value
from the application of a spatial random forest approach.

Our value of information analyses demonstrated that
consideration of the cost versus exposure prediction perfor-
mance tradeoff can identify designs that control exposure
monitoring cost with relatively little impact on prediction
model performance. Thus, for instance, 12 repeat visits per
site versus the complete all data mobile monitoring design
with ~29 repeat visits per site reduces cost considerably, with
relatively less reduction in exposure model performance.
Furthermore, for the same cost, some designs perform much
better than others and should be prioritized. Specifically,
given 12 visits per site: sampling most hours of the day, at
least two seasons, and all days of the week has the same cost
as temporally restricted reduced hours designs, such as the
common business hours design, with meaningfully better
model performance.

We elaborate further in the following subsections after
first addressing a fundamental point about the health infer-
ence models and approach we used in this report.

ANALYSIS APPROACH AND CHOICE OF HEALTH
INFERENCE MODELS

We based our approach on leveraging the extensive air
pollution exposure assessment and outcome data available
from the ACT-AP study. Thus, we sampled from existing air
pollution data to evaluate exposure assessment designs that
were subsets of those data. Then, by considering each of these
designs, we evaluated subsequent health inferences, which
focused on baseline cognitive function using the CASI-IRT
outcome. The magnitude and uncertainty of these health
association estimates were dependent on the associations evi-
dent in the ACT cohort. The insights we were able to develop
are conditional on the strengths and weaknesses of these data.
It will be important to replicate our approach in the future
with a new cohort and data from a new air pollution exposure
assessment campaign.

Most of the health associations included in this report
focus on confounder model 1, which is less completely
adjusted than model 2 (details in Chapter 3). For the UFP
exposure, this model yielded a statistically significant associ-
ation with cognitive function in the hypothesized direction.
Confounder model 1 was not adjusted for the spatially
varying potential confounders of race and neighborhood
disadvantage index. While an inferential model adjusting
for these variables (e.g., confounder model 2) is arguably the
better model to focus on from an epidemiological inference
perspective, our decision to focus initially on model 1 was
based on the goals of the project. Our primary goal was to
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understand how aspects of exposure assessment affect epi-
demiological inference. Because the association of cognitive
function with UFPs using the mobile monitoring data was
estimated to be adverse in confounder model 1, whereas in
confounder model 2 it was nearly zero and consistent with a
wide range of effects, the model 1 estimate provided a much
clearer demonstration of the impact of exposure assessment
design on inference. Using confounder model 1, we were
able to demonstrate how various mobile monitoring exposure
assessment designs impacted inference for an association that
was statistically significant under the “best” exposure model.
Results from various exposure assessment designs applied
to confounder model 2 were fairly similar to the all data
exposure model result and thus did not allow the same clear
demonstration of this impact. For the spatiotemporal model,
the “best” exposure models for PM, , and NO, were consistent
with a wide range of effects using confounder model 1, and
there was little impact on inference in comparison with the
alternative exposure modeling campaigns.

An alternative to using real-world data to evaluate vari-
ous exposure models would be to conduct simulation studies.
Simulation studies are experiments where the investigator
assumes underlying distributions for the exposures and
outcome, an exposure measurement campaign structure, and
an association of the health outcome given known exposures.
The investigator simulates realized values of the exposures,
outcomes, and measurements from the exposure assessment
campaign, and evaluates the impact of the exposure assess-
ment design on the epidemiological estimates obtained from
relating predicted exposures to the simulated outcome.
Knowledge of the assumed underlying truth is an important
strength of simulation studies. However, it is challenging to
capture real-world complexity meaningfully in simulation
studies, a challenge that can be overcome partially but never
completely by developing a large number of different simu-
lation scenarios. Further, many investigator-hypothesized
experiment-driven scenarios are likely to be more clear-cut
and less challenging than real-world evaluations. While there
is an important role for simulation study evaluations, they
should not lull researchers into believing that they alone will
reveal important real-world insights.

MOBILE MONITORING DESIGN - INSIGHTS FROM
THE STATIONARY ROADSIDE DATA

The clearest and most compelling findings from this
project came from our evaluation of stationary roadside UFP
data obtained from mobile monitoring. For these analyses,
we relied on a Seattle mobile monitoring campaign that
was designed specifically for epidemiological inference in
the ACT cohort (Blanco et al. 2022). As described in detail
in Chapter 3, there were 309 stationary roadside locations
distributed across a 1,200 km? land area that were selected to
be representative of ACT cohort residential locations. Short-
term stationary roadside stops were visited for 2 minutes,
approximately 29 times over a year. The 288 sampling days

were temporally balanced over most hours of the day (5 a.m.
to 11 p.m.), all days of the week, and all seasons. Thus, for
the stationary roadside dataset, we analyzed ~1 hour of data
for every ~6 hours of sampling in a day. Our focus on tempo-
rally balanced sampling within sites meant that all primary
analyses could rely on the design to obtain observed annual
averages, rather than adjusting for temporal factors in the
analysis. This approach is distinct from most other published
mobile monitoring studies; we addressed temporally adjust-
ing mobile monitoring data in some of the analyses reported
in Chapter 4 and discuss our insights further below.

As reported in Chapter 4, we found that exposure model
performances from poorer or less comprehensive designs
were attenuated, including fewer visits per site; fewer
seasons, restricted temporal sampling, specifically business
or rush hours weekday sampling; and unbalanced sampling
with unequal numbers of visits per site. We considered UFPs
in depth in that chapter, and also provided a summary of
exposure model performance for other pollutants (BC, NO,,
PM, , and CO,) from our published work (Blanco et al. 2023a).
However, in contrast to the exposure model performances,
there were smaller impacts on UFP health association esti-
mates for many of these designs (excluding the business and
rush hours designs) relative to the inference obtained from
the all data design. Across the 30 campaigns (i.e., subsamples
of the data, each representing a hypothetical realized mobile
monitoring campaign) for each design, there was no overall
health association bias for 12 rather than 29 visits per site,
sampling in all four seasons, and balanced sampling. There
tended to be additional biases, some of which were small, in
the median campaign health association estimates for fewer
visits (4 or 6 per site) or fewer seasons, and unbalanced sam-
pling. Accompanying the biases in the medians across the
30 campaigns, we also observed greater variability in health
association estimates across campaigns than for the designs
that did not show an overall bias. The impact on variability
of health association estimates across realizations of specific
designs is a feature that future researchers will need to grap-
ple with (Blanco et al. 2023a).

In contrast to the fewer-visit designs, the common tem-
porally restricted designs showed larger biases in the health
association estimates for UFPs across all 30 campaigns,
with some inconsistency in the direction and magnitude of
biases relative to the reference health estimates. Temporal
adjustment of the exposure monitoring data, while showing
an overall decrease in exposure model performance (Figure
4.4), showed similar (confounder model 1 for business
hours), slightly improved (confounder model 2 for business
hours, confounder model 1 for rush hours), or more biased
(confounder model 2 for rush hours) health estimates relative
to predictions from the unadjusted exposure data (Figure
4.5). Interestingly, while the health association conclusions
differed by confounder model, the pattern in the box plots
across the four exposures considered (business and rush
hours, with and without temporal adjustment) was similar
across confounder models (Figure 4.5). An explanation for
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this contrasting pattern of performances for the exposure
model predictions versus the health association estimates is
that there is a trade-off between biases driven by classical-like
and Berkson-like measurement error, which results in differ-
ent amounts and possibly direction of biases in various health
association estimates, while the temporally adjusted exposure
predictions are derived from noisier exposure data and thus
show worse prediction model performance. See Chapter 4 for
additional discussion of this topic.

Many of the designs for UFPs considered in Chapters 4
and 6 focused on fewer visits per site and not on the reduction
in the number of sites. As we have published (Blanco et al.
2023a) and briefly summarized in Chapter 4 (see Figure 4.1),
we found that it is the total number of stops that matters most
in a stationary roadside campaign for all pollutants consid-
ered (UFPs, BC, NO,, PM, ., and CO,). The number of stops is
the sum of the number of visits per site across all sites. Hence,
in this report, we focused on fewer visits rather than changing
the number of sites. While we didn’t consider health analyses
for fewer sites, given the general consistency between the
exposure and health results for most designs (even though
the pattern of health estimates was less conclusive), we can
speculate that the health association estimates for fewer sites
would be similar to our findings with fewer visits, for designs
with a comparable number of total stops. Future research
should verify this speculative conclusion.

Our overall recommendations for increasing the accuracy
and precision of exposure and health models from stationary
roadside sampling from mobile monitoring campaigns are as
follows:

e Reductions in the number of visits should be made
randomly rather than systematically to avoid spatially or
temporally restricted or unbalanced designs. For exam-
ple, weekday business hours or an unbalanced number
of visits across locations should be avoided.

e  Use spatially balanced sampling with an equal number
of visits per site. In other words, collecting an unbal-
anced number of samples across locations, where some
locations systematically receive more or fewer visits,
can worsen exposure predictions. This translates into
a bias of health association estimates on average, with
larger variability in these health association estimates
anticipated across campaigns.

e Use temporally unrestricted sampling by sampling all
days of the week and most hours of the day.

e Temporally adjusting data from temporally restricted
sampling campaigns (e.g., weekday business hours) may
add statistical noise to exposure assessment models, and
the temporal adjustment is not guaranteed to improve
health inferences due to a trade-off between biases caused
by classical-like and Berkson-like error, as discussed in
Chapter 4.
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¢ Mobile monitoring campaigns should sample during two
or more seasons. Note that seasonal sampling require-
ments may be impacted by seasonal variability across
geographical locations and over time (meteorological
conditions, unique sources), and may differ across geo-
graphic locations.

e Plan for at least 12 total visits per site, recognizing that
while designs with more than 12 visits per site will
have better exposure model performances, they are less
cost-effective, as discussed in Chapter 9.

As reported in Chapter 5, when we quantified the impact
of Berkson-like and classical-like measurement error in the
complete all data stationary roadside mobile monitoring data-
set, we estimated a 6% bias and a 13% increase in variability
by correcting for these errors. The magnitude of these biases
was much smaller than the most poorly performing mobile
campaign designs (i.e., the business hours and rush hours
designs), while in the same ballpark as the magnitude of the
median biases from fewer visits, fewer seasons, or unbalanced
sampling, at least for confounder model 1 with a statistically
significant health estimate. Thus, we believe that for mobile
monitoring studies, exposure assessment design is a more
important consideration than exposure measurement error
when considering the impact on health association estimates
in cohort studies. However, the design comparisons discussed
in Chapter 4 did not address inflation of the standard error
due to measurement error, which we estimated to be 13%.

One of the reasons that we did not show as much impact
from the exposure measurement error corrections in Chapter 5,
as from some of the more limited designs considered in Chap-
ter 4, may be that the locations in our mobile campaign are
spatially compatible with the target cohort. The spatial compat-
ibility assumption is needed for the measurement error correc-
tion (Keller et al. 2017). Work has yet to be published to show
how to correct for spatial incompatibility, though reweighting
the distribution of monitoring locations to align with cohort
locations should address this. Our research suggests that a new
term should be introduced, that of temporal compatibility in
mobile monitoring campaigns. We have found that balanced
sampling that includes most hours of the day in the target
long-term average is necessary. Interestingly, we did not find
that reweighting the measurements (i.e., temporal adjustment)
to align with the target distribution of times improved the
inference. We believe that the additional statistical noise and
possible bias due to misaligned reference location(s) outweigh
the potential theoretical benefit of temporal adjustment.

While our careful study of both exposure assessment
design and exposure measurement error with the Seattle
mobile monitoring campaign’s stationary data led to some
important new insights, we must recognize that using pre-
dicted ambient air pollution at participant residences as a
surrogate for long-term average personal exposures does not
capture true personal exposure. This approach is common
in large population settings, given the logistical challenges
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of collecting long-term personal exposures. However, many
other sources are known to impact true exposures, including
outdoor—indoor infiltration rates, time-activity patterns (e.g.,
time spent outdoors), and indoor sources of air pollution
(e.g., cooking) (Allen et al. 2003; Jung et al. 2011; Klepeis
et al. 2001; Vardoulakis et al. 2020). This adds an exposure
assessment error that we have not accounted for at all in our
analyses, although we were able to address residential mobil-
ity by incorporating individual-level residential histories into
our exposure estimates. Also, because indoor and outdoor air
pollution levels are often correlated, there is less concern as
we anticipate that the retiree ACT population spends a large
portion of their time at home.

INSIGHTS ABOUT ULTRAFINE PARTICLES FROM
ON-ROAD MOBILE MONITORING STUDIES

While our work using stationary roadside data from the
Seattle mobile monitoring campaign gave us valuable insights
about the impact of monitoring design on exposure and health
models, most mobile monitoring campaigns collect on-road
mobile rather than stationary roadside measurements. These
measurements may be impacted by on-road sources of high
air pollution (plumes) that may impact the application
of these data for human exposure and health studies. We
designed a plume adjustment approach to address these
elevated concentrations and make them more comparable to
stationary roadside data (Doubleday et al. 2023). Furthermore,
we investigated key features of on-road monitoring designs
by comparing the resulting exposure assessment models and
health inferences to estimates from the reference all data
stationary exposure model. A number of our findings can
be applied to support future studies aiming to develop UFP
exposure assessment models for epidemiology with mobile
monitoring, specifically:

e Health association estimates were closer to zero for
on-road compared to stationary roadside exposure data
predictions (Figure 6.3). This was true whether we
considered confounder model 1, which provided a statis-
tically significant health estimate, or confounder model
2, which provided a statistically nonsignificant health
estimate that was much closer to zero and in the opposite
(positive) direction than hypothesized. It is important
that this finding be replicated in future research before
we draw strong conclusions.

° As with stationary measurements, on-road measure-
ments should be collected in a temporally balanced way:
measurements should be collected at all sites, a similar
number of times, across all days of the week, and most
hours of the day. Not doing so can worsen both exposure
prediction performance and health association estimates
in terms of bias and increased variability across cam-
paigns (Figures 6.2 and 6.3).

e  Adjusting on-road data for on-road sources not relevant
to residential exposures (i.e., plume adjustment) can be

done by leveraging multipollutant on-road and stationary
measurements. We observed that the plume adjustment
improved exposure model performances (Figure 6.2),
but only slightly improved the health estimates in con-
founder model 1 and did not consistently show improve-
ment in confounder model 2, where no association was
found between UFPs and cognitive function (Figure 6.3).
We conclude that temporally unrestricted monitoring
designs are more critical than a plume adjustment.

e It is possible that key monitoring design features iden-
tified for stationary roadside monitoring campaigns
(Chapter 4) apply to on-road campaigns. For example,
collecting measurements across at least two seasons.
Further investigation is needed to confirm this.

e Altogether, while conducting a fully on-road campaign
without stationary measurements may be more time-
efficient for the amount of spatial data collected, not
collecting stationary measurements may limit the ability
to adjust for on-road plumes. Hence, collecting stationary
measurements may increase the accuracy of the estimated
exposures, and possibly, in turn, the health associations.
We consider our proposed plume adjustment approach
to be preliminary, such that additional research is
needed to determine whether refinements will be made
to make on-road data more comparable to realistic resi-
dential exposures in a consistent fashion across multiple
applications. Thus, future campaigns should consider
developing alternative plume adjustment approaches.
For example, future plume adjustment approaches may
be able to leverage existing fixed-site regulatory monitor-
ing data. Moreover, we used stationary measurements in
this work, which tend to be more stable due to longer
sampling periods and may better represent off-road resi-
dential exposures, to validate the on-road measurements.
This approach may be particularly valuable for pollut-
ants with high spatial variability and those not regularly
monitored, such as UFPs.

COMMENTS ON ON-ROAD VERSUS STATIONARY
SAMPLING IN MOBILE CAMPAIGNS

A crucial consideration for mobile monitoring campaigns
is whether they should add stationary roadside sampling to
the otherwise mobile on-road data collection, given the higher
staff effort and relatively low number of locations visited for
stationary sampling. As carried out in the Seattle mobile mon-
itoring study, stationary roadside locations were selected to be
representative of the residential locations of the target cohort
to ensure spatial compatibility. Stationary stops lasted for 2
minutes to ensure there was a solid minute of data collected
by the NanoScan instrument. Thus, for a 6-hour driving day,
the vehicle collected about 5 hours of mobile on-road data
and only 1 hour of stationary data, visiting between 28 and 45
sites per day along the nine fixed driving routes. There were
309 stationary roadside locations, and we had 19 times (n =
5,887) the number of on-road locations (based on 100-meter
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road segments), after excluding segments on A1 highways, or
with fewer than five 1-second measurements or fewer than
23 repeat visits. Based on our experience to date, we strongly
recommend that mobile exposure assessment campaigns of
UFPs intended for epidemiological applications include
stationary data collection for the reasons described below.
However, this recommendation should be investigated and
affirmed by other investigators.

Table 10.1 gives our assessment of the impact of various
design and analysis choices on exposure model performance
and health inference; as this evaluation requires considerable
judgment and can lead to somewhat different conclusions
depending on which results are weighted more heavily, we
encourage readers to make their own comparisons. Table 10.1
indicates our judgment of the improvement in each design
choice given an a priori “better” design. The boxes are colored
to indicate that the “better” design shows an improvement
(green), no meaningful improvement (blue), inconsistent or
unstable results (pink), or worse results (magenta). The key
plots from Chapters 4 and 6 (Figures 4.4, 4.5, 6.2, and 6.3)
are compiled in Chapter 10’s Additional Materials to facili-
tate readers making their own comparisons. Our judgments
are weighted toward the all-hours design choice for design
choices that appear in multiple different combinations. Note
that while the primary results in Chapter 4 are based on
UFP concentrations from the NanoScan instrument, which
measures particles in the 10-420 nm range, the primary
results in Chapter 6 are based on the unscreened P-Trak,
which measures particles in the 201,000 nm range. Chapter
4’s Additional Materials presents comparisons of these two
instruments for exposure model performances (Figure S4.8)
and health estimates using confounder model 1 (Figure S4.11).
While the details in the results across these instruments are
different, the patterns are similar. Most notably, the complete
all data exposure model for the NanoScan has a CV MSE R? of
0.65, while it is 0.77 for the P-Trak. The poorer performance
of the NanoScan is driven by a few poorly predicted sites, as
documented in Blanco and colleagues (2022).

Based on our conclusions summarized in Table 10.1, we
note that while on-road campaigns collect considerably more
data relative to stationary sampling, more design choices
result in consistent and conclusive results (green boxes) with
the stationary rather than on-road data. We have observed
that exposures predicted from purely on-road data are
more variable than those obtained from stationary roadside
sampling, but have found it challenging to quantify to our
satisfaction how much of this additional variability is real
(i.e., capturing important exposure features not evident in
the stationary data), rather than merely statistical noise (Dou-
bleday et al. 2023). Furthermore, the design choice impacts
exposure model results more clearly than it does subsequent
health inferences, although many of the health inferences
were improved for several design choices for the stationary
roadside data in confounder model 1. Finally, while not
obvious from Table 10.1 but clearer from Figures 4.5 and 6.3
(compiled adjacent to each other in Chapter 10’s Additional
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Materials), while there are distinctions in the health estimate
results across designs, there was considerable overlap in these
estimates and nearly all campaigns yield health estimates that
are within the 95% confidence interval for the reference all
data health estimate.

In general, when considering each design choice in
turn, more visits (focusing on 12 versus 4 per site) are better
for exposure accuracy for roadside sampling, and have less
variability for on-road sampling, in both exposure and health
models. We only considered four versus fewer seasons with
the stationary data and found that while it improved exposure
models, the evidence was only compelling for the health
estimates using confounder model 1. The benefit of spatial
balance in sampling (i.e., sampling the same number of visits
per location) is more discernible for stationary roadside sam-
pling. We also investigated spatial clustering with the on-road
data, but did not find consistent and conclusive patterns in
the cases we studied. The most striking design choice, which
was evident in the accuracy of exposure and health models
for both roadside and on-road sampling, was time selection;
that is, avoiding temporal restriction by sampling most hours
versus restricting to business or rush hours. Notably, the
pattern of box plots across the stationary data confounder
models for the time-restricted designs (the fewer hours plots
in Figure 4.5) was strikingly similar for health estimates using
confounder models 1 and 2, but led to different accuracy
conclusions in Table 10.1, with improved most hours designs
for confounder model 1 and no consistent improvement for
confounder model 2. In other words, for confounder model
1, the restricted hours designs, with and without temporal
adjustment, led to attenuated health estimates such that the
most hours design is clearly better. However, for confounder
model 2, where the reference health estimate was slightly
positive and near zero, the pattern resulted in biases in both
directions. Despite efforts to correct (i.e., temporally adjust)
for this temporally restrictive sampling, the most hours design
remained better in most but not all comparisons. Finally,
plume adjustment of the on-road data, leveraging the presence
of multipollutant stationary roadside data, resulted in better
exposure predictions, although this did not carry through to
result in clearly improved health association estimates.

More research is needed to more deeply investigate
and further digest the value of on-road versus short-term
stationary data from mobile campaigns. It is important to
recognize that on-road sampling occurs in conjunction with
stationary roadside sampling, such that the on-road data are
collected for “free” along with short-term stationary data.
Furthermore, our study used fixed driving routes with tem-
porally and spatially balanced sampling, and we prioritized
our stationary sampling when we drove makeup routes to
address the inevitable missed stops and equipment failures
that occur in any mobile monitoring campaign. The design
strategies that we prioritized have not been consistently
employed in previously published mobile campaigns, so it
may be challenging for other investigators to conduct similar
design-related evaluations with existing mobile monitoring
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datasets. Finally, we have assumed that the health estimates
obtained from stationary roadside sampling are closest to the
truth. Future work should investigate alternatives, including
thorough application of simulation studies or leveraging of
longer-term stationary data to produce more stable annual
average estimates.

FINDINGS USING LOW-COST SENSORS TO
SUPPLEMENT REGULATORY MONITORING DATA

Insights about the design of monitoring campaigns using
low-cost sensors to supplement existing regulatory monitor-
ing data for PM,, and NO,, while broadly consistent with
the findings from the designs of mobile monitoring studies,
were much less clear and compelling. As described in Chap-
ter 3, the data we relied on included 2-week averages from
“agency” locations, which included both regulatory monitor-
ing locations and other high-quality research data, as well as
low-cost sensor data from over 100 locations collected under
the auspices of the ACT-AP study. The nature of the data lev-
eraged in the spatiotemporal modeling used in this analysis is
an important factor in these results. Generally, there are rela-
tively few long-term regulatory monitoring locations that can
be leveraged in any single location, such as the Puget Sound.
The regulatory monitoring sites are also not usually selected
to align with a specific epidemiological cohort, as was the
case in the Seattle mobile monitoring campaign. The ACT-AP
supplementary low-cost sensor data, while obtained from
many additional spatial locations, was relatively short-term,
and the low-cost sensor sampling was temporally unbalanced
due to the need to rotate a limited number of monitoring
devices (Figures S7.1, S7.2, S7.3). This is a common feature
of similar supplementary sampling campaigns. Overall, the
sparsity of the supplementary data available from the ACT-AP
study limited the types of evaluations that we could conduct.

To predict exposure, we used our published spatiotem-
poral model, which is designed to accommodate unbalanced
data. As noted in previous and recent publications (Lind-
strom et al. 2014; Zuidema et al. 2024), quantifying exposure
model performance statistics from this spatiotemporal model
is a challenge. While our scientific interest is in long-term
average exposures, due to the unbalanced sampling, it was
impossible to report purely spatial model performance statis-
tics, particularly at cohort residential locations, which are of
primary scientific interest. To provide consistency across all
assessments, we focused on reporting model performance of
long-term “spatial” averages at residential locations, which
were only represented by low-cost sensor data. Given the
short-term and unbalanced sampling of low-cost sensor data,
these spatial averages inherently also include some temporal
information.

A strength of the low-cost sensor data in the ACT-AP
study is that the majority of the measurement locations
were at actual ACT participant residences and thus spatially
compatible (Szpiro and Paciorek 2013a). However, because
these data were sampled using low-cost sensors, they are less

precise than regulatory monitoring data and require calibra-
tion before use in our analysis. Thus, there is some inherent
additional uncertainty in the performance statistics focused
on data at residential locations considered in the spatiotem-
poral models.

There were some important differences between the
approaches we took to evaluate the added value of the low-
cost sensor data in the PM, , and NO, datasets. Some of these
were driven by differences in the data available for analysis.
In particular, the PM, ;| dataset had multiple different kinds
of regulatory monitors available, though the locations mea-
sured varied over the enormously long sampling period of
1978-2021. Thus, we focused the lion’s share of our model
performance analyses on the 2010-2020 time period when the
regulatory monitoring locations were more stable. Findings for
the longer time period yielded generally similar performance
statistics, even though the modeling required some modifica-
tions to the approach for estimating the long-term time trend.
There were small differences in the health estimates obtained
from exposure models from the 2010-2020 versus 1978-2021
time periods (ST panel in Figure 7.1). For NO,, we had
only three long-term sites that were suitable for estimating
a long-term time trend, which was insufficient for a typical
spatiotemporal model application such as described by Keller
and colleagues (2015). Thus, we modified the approach to
rely more heavily on the snapshot campaign of 2-week Ogawa
samplers measured in three seasons; this provided much of
the spatiotemporal model foundation that is usually provided
by long-term monitoring sites. However, while the Ogawa
samplers were of higher quality than the NO, low-cost sensor
data, they weren’t placed at participant homes. We had also
considered placing Ogawa samplers at participant homes, but
we determined that it was unaffordable to absorb the extra
cost of visiting each home and extra time on a fixed schedule
to pick up the Ogawa sampler.

Despite these limitations, the low-cost sensor data added
to the overall evidence base developed in this project. As
discussed in Chapter 7, we found that PM,, and NO, expo-
sure model performances evaluated at residential locations
were best when all supplementary low-cost sensor data were
included. In our more in-depth study of low-cost sensor
design for the PM, ; dataset, we found that while reducing the
total number of repeat low-cost sensor samples within sites
resulted in decreased model performance, if we reduced the
number of low-cost sensor measurements while maximizing
their temporal spread, this resulted in only a small reduction
in model performance. In contrast, the prediction model per-
formance was worse if we reduced the temporal sampling by
the same number of repeat low-cost sensor measurements, but
with less temporal separation between low-cost sensor mea-
surements. We also found that we could reduce the number
of low-cost sensor sites by 10% with little impact on model
performance. However, this was based on a random selection
of locations. The impact on predictions from preferentially
excluding low-cost sensors varied by design. In particular,
excluding those closest to major roads had the largest adverse
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Table 10.1. Summary of Roadside and On-Road Mobile Monitoring Campaign Design Impacts on Exposure and Health Models for UFPs®

Roadside Mobile Monitoring On-Road Mobile Monitoring
Health Models Health Models
Design Choice Exposure Models (Using Confounder Model 1, 2) Exposure Models (Using Confounder Model 1, 2)

More Visits (12 vs. 4)

Improved accuracy

Reduced variability across campaigns

More Seasons (All 4 vs. 1-3)

Improved accuracy

Reduced variability across campaigns

Spatial Balance (vs. Unbalanced)

Improved accuracy

Reduced variability across campaigns

Sampling Most Hours® (vs. Business/Rush Hours)

Improved accuracy®

Reduced variability across campaigns

Temporal Adjustment of Business/Rush Hours? (vs. Most Hours)

Improved accuracy

Reduced variability across campaigns

Plume Adjustment (vs. Same Design without Plume Adjustment)

Improved accuracy

Reduced variability across campaigns

>

@ Improved accuracy indicates that campaigns typically result in higher exposure model R? values and more accurate health inferences when compared to the refer-
ence all data stationary model results. Reduced variability across campaigns (i.e., narrower box plots) indicates more consistent results. Colors indicate improvement
(green), no meaningful improvement (aqua — the default color when the conclusion doesn't clearly show an improvement across all evaluations), inconsistent/unsta-
ble (pink) or worse (magenta) results, with the extended efforts indicated by the design choice. Light gray boxes indicate designs that were not evaluated. Multiple
boxes in health models indicate variable results across confounder models 1 and 2, respectively. For design choices that are evaluated in combinations, judgments are
weighted toward the all days and most hours designs rather than averaged across all designs.

® Most hours refers to the Fewer Visit design with 12 visits, which does not have temporal restrictions.

¢ In confounder model 2, the two boxes represent the differing results for business and rush hours designs.

¢ Business hours only for the on-road data.
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impact on performance statistic results. This is likely due to
PM monitoring siting criteria that avoid near-road locations.

Regarding estimating health associations with cognitive
function for PM,_ and NO,, we found that the pollutant-
specific health estimates were overlapping across models and
that there were few meaningful differences between them.
Except for the spatial “with low-cost sensors” full model
for NO,, which showed a decrease in cognitive function
associated with an increase in NO,, these health association
estimates were consistent with no adverse effect of PM,
or NO, on cognitive function. This is in contrast to some of
the associations of UFPs with cognitive function reported
in Chapters 4, 5, and 6. Thus, relative to the analysis of the
mobile monitoring campaign data, it was challenging to
develop deep insights into the utility of collecting low-cost
sensor data to supplement regulatory monitoring from these
findings.

INSIGHTS FROM APPLICATION OF ADVANCED
STATISTICAL METHODS

The goal of the second aim of this project was to improve
exposure prediction modeling and health association esti-
mates by applying advanced statistical methods. We consid-
ered three subaims:

1. Application of spatial ensemble-learning methods
2. Leveraging driving distance to improve spatial prediction

3. Multipollutant dimension reduction for the prediction of
spatial data

In applying spatial ensemble-learning methods, we con-
sidered alternatives to the universal kriging with dimension
reduction using partial least squares (UK-PLS), which has
been our standard spatial exposure prediction modeling
approach and is summarized in Chapter 3. The primary alter-
native we compared was a recently developed spatial random
forest approach (SpatRF-PL), which uses a tree-building
algorithm adjusted for spatial correlation using thin plate
regression splines (TPRS). For more in-depth comparisons,
we also fit the Random Forest (RF) algorithm alone, TPRS
alone, and each of these following the other (RF-TPRS and
TPRS-RF). Interestingly, the cross-validated MSE R? statistics
for UK-PLS versus SpatRF-PL were all within 0.03, with the
direction depending on the specific pollutant. Predictably,
the performances of RF and TPRS were worse, while RF-TPRS
and TPRS-RF were mostly similar to UK-PLS and SpatRF-PL
(Table 8.1). The similarity of performances may be attributed
to the general linearity of predictors in this setting. Specifi-
cally, even when the true model is nonlinear, given the high
dimensionality of the geographic covariates with p = ~200
predictors for n = 309 observations, and given the setting
where these covariates are fixed (i.e., inference is conditional
on them), any nonlinear model can be represented by a linear
model in p > n covariates (Bithlmann and Geer 2015).

Nonetheless, we did find some differences in predictions
and prediction errors between UK-PLS and SpatRF-PL, as
shown in the maps depicted in Figures 8.1 and 8.2. Thus, we
developed a variable importance metric that can be used to
highlight features that differ between the prediction models.
This variable importance metric is flexible, intuitive, and
generally applicable to additive models that account for
spatial correlation. In applying this metric to the Seattle
mobile monitoring campaign predictions, we found that the
SpatRF-PL predictions tended to have larger predictions
of UFPs for shorter truck route lengths, higher distance to
the airport, lower population density, higher proportion
of evergreen forest land, and higher normalized difference
vegetation index. These were more evident when considering
all the grid locations (Figure S8.1), rather than focusing on the
ACT cohort locations (Figure S8.2). This is likely due to the
spatial compatibility of the cohort locations with the mobile
monitoring observations relative to the grid locations.

The second subaim of this project aimed to leverage driv-
ing distance information from the road network to improve
predictions. However, computational challenges surfaced
because driving distance is not a well-defined mathematical
metric. Furthermore, even in the absence of these challenges,
the performance did not improve. Thus, we abandoned fur-
ther work on this subaim.

Finally, we developed a new approach to dimension
reduction of multipollutant spatial data, called representative
and predictive principal component analysis (RapPCA), that
combines features of both classical (or representative) and
predictive principal component analysis. In constructing
dimension-reduced principal component scores, RapPCA
seeks the optimal balance between prediction and represen-
tation in an explicit and interpretable way. Particularly in
a setting where multipollutant data are collected simulta-
neously, as in the Seattle mobile monitoring campaign, this
new dimension-reduction tool has the potential to advance
our understanding of multipollutant exposures on health
outcomes. In the future, we will evaluate predictions of these
exposures on inference about health associations in the ACT
cohort.

INSIGHTS ABOUT THE VALUE OF INFORMATION:
THE TRADE-OFF BETWEEN COST AND EXPOSURE
MODEL PERFORMANCE

Most studies that consider exposure assessment design
for application to epidemiological cohorts focus on some
aspect of exposure quantification, such as the performance of
exposure prediction models. The innovation of this aim was
to further characterize various exposure assessment designs
by also considering cost. The primary analyses presented in
Chapter 9 focused on stationary UFP data from the Seattle
mobile monitoring campaign with a single instrument.
Regarding the design versus cost trade-off, we found, based
on our data, that the optimal design had 12 repeat visits per
site in a balanced design that sampled all days of the week, all
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seasons, and most hours of the day. When restricting attention
to 12 visits per site and thus a constant overall cost in our pri-
mary scenario, there was a minimal drop in performance for
the two or three-season alternatives to four-season sampling.
There were much more dramatic reductions in performance
when restricting sampling to weekdays only, especially
with the common business and rush hours designs. Notably,
the business hours design had the worst performance of all
12-visit designs we considered.

Our primary approach to cost estimation assumed all
working days were interchangeable. Thus, we assumed that
staffing a campaign to sample 12 visits per site costs the
same whether the sampling was spread over all four seasons
or restricted to only two. Similarly, we assumed the same
sampling cost for weekdays, weekends, and nonbusiness
hours. Depending on various factors for a specific campaign,
this assumption may not be realistic in practice, and thus,
we relaxed this assumption to allow for a temporally varying
shift premium in some additional evaluations reported in
Chapter 9. Overall, the exchangeable cost assumption did
not have a large impact on the cost estimates. In contrast, the
multiple instrument scenario, such as in ACT-AP, was much
more expensive (Figure S9.1).

We also considered the cost versus model performance
trade-off for the low-cost sensor sampling that supplemented
the regulatory monitoring data available for the criteria air
pollutants. We focused on NO, as well as PM, _ for this anal-
ysis. The NO, data were distinct from the PM, , data because
we also had the Ogawa sampler snapshots to consider. The
Ogawa samplers record more reliable measurements of NO,
than standard low-cost sensors, and were collected using a
completely different design: instead of the rotating low-cost
sensors at participant homes, the Ogawa samplers were
mounted on telephone poles using a spatial snapshot design
repeated in three seasons. Overall, we found that home mon-
itoring adds value to exposure prediction models developed
for epidemiological applications for both pollutants. How-
ever, this approach to monitoring is very resource-intensive
and thus costly. In contrast, while the snapshot campaign
involved considerably lower staff effort and is much less
logistically challenging, we found that the exposure model
performance was poor when evaluated at the home locations
for the models that only supplemented the regulatory mon-
itoring data with snapshot data. This finding needs further
investigation to determine whether there are additional
modifications that would improve the model performance
at homes. Given that low-cost sensor NO, measurements are
noisier than those for PM, . (Zuidema et al. 2021; Zusman
et al. 2020), performance statistics based on these low-cost
sensor home observations may also be a factor. Furthermore,
our results suggest that using only three snapshot campaigns
may be insufficient to adequately model the temporal trends
in space.

In summary, we considered the value of information
for two distinct types of campaigns: mobile monitoring with

84

stationary data, and low-cost sensors to supplement existing
regulatory monitoring data. We developed insights into the
cost versus exposure model performance trade-offs for each.
A natural question is whether features of both campaigns
can be combined into one unified exposure assessment.
We did not consider this, as the data we used was distinct.
There was only one pollutant that provided useful data in
both campaigns — NO,. Future investigations could address
the relative costs of the two approaches to sampling for this
pollutant, as well as other scientific considerations, such as
the feasible duration of exposure sampling, the spatial extent
of the monitoring data, the target cohort, and the primary
scientific questions of interest.

LIMITATIONS AND FUTURE RESEARCH PLANS

Several features of this study may affect our conclusions.
First, we relied on existing data that were collected from a
single cohort in one geographic area over a fixed time period.
Results may vary by geographic location, for example, due
to differences in air pollution sources and meteorological
conditions. While we did find consistency in results across
different aspects of our data and with previous works of
ours and other investigators, it is possible that some of the
conclusions we reached may not generalize to other regions
or time periods. Furthermore, the use of real data from the
long-standing ACT cohort is a strength of this study. These
data naturally incorporate aspects that might not be included
in a simulation study, which strengthens the real-world
implications of our findings. However, because we relied on
this real-word dataset, we don’t know the underlying “true”
health effect, which is naturally included in a simulation
setting based on a hypothetical scenario. Using the ACT data,
we are only able to use the health association estimate from
our best exposure model as a reference for alternative expo-
sure models that were typically based on using less or weaker
exposure data. Because every cohort study is different for a
myriad of reasons that we could not evaluate in this project,
replication in other locations and cohorts is warranted.

It is appealing to consider what more we could have
learned from conducting health analyses based on simulated
outcomes. Simulation studies may provide some useful
insights into the patterns of health inferences, given that
we did not observe completely consistent patterns of results
across confounder models 1 and 2 (the first of which was
statistically significant for UFPs while the other was not and
provided a health estimate close to zero), particularly when
we also compared and contrasted insights from the Seattle
stationary versus on-road mobile monitoring data. We note
that simulation studies are experiments in which the inves-
tigator hypothesizes all the relationships of interest and then
evaluates the impact on inference when some conditions are
changed (e.g., how the exposure data are sampled, as was the
focus in this project). The challenge with simulation studies
is that the real world is complex, and any hypothetical simu-
lated scenario may not adequately represent a realistic, com-
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plex real-world scenario. Furthermore, no single simulation
study will be sufficient to adequately capture all the features
that should be considered, necessitating that a large number of
different scenarios be simulated. With these features in mind,
future work to further solidify the insights developed in this
project could be conducted to confirm or develop a deeper
understanding of the implications of exposure assessment
design on health inference. For instance, using the ACT cohort
to anchor the simulation study design, one could assume that
the regression parameter estimate from a health model condi-
tional on the all data exposure model is the true exposure effect,
and then simulate outcomes for pseudo-ACT participants with
similar covariate distributions and unexplained variability in
the outcome. Then, one could conduct the same health analy-
ses conditional on different (alternative) exposure assessment
designs and across multiple exposure assessment campaigns as
we reported in this project. This would allow one to determine
whether the same patterns in the estimated health parameters
hold under a known exposure-health outcome relationship.
One could extend this exercise by hypothesizing stronger and
weaker true health parameters (or residual outcome variabil-
ity) to ascertain whether the observed patterns change with
the strength of the relationship. This might help to deepen
understanding of the results we obtained across the stationary
roadside and on-road mobile monitoring data for confounder
models 1 and 2.

Our inferential analyses were limited, not only by
exclusive consideration of the cognitive function outcome at
baseline in a cross-sectional analysis, but also by the health
analysis approach we used. The primary focus of this project
was on how changes in exposure quantification — whether
from changes in exposure assessment design or exposure
modeling approach — affect health inference, rather than
a focus on estimating associations or developing causal
conclusions about the effect of air pollution on cognitive
function. Thus, we did not focus our attention on multiple
important observational study analysis considerations that
would normally be incorporated into reports of evidence
from inferential analyses, such as confounder model selection
and the conduct of multiple sensitivity analyses of the health
results. Nor did we frame our approach to use modern statis-
tical methods that are more appropriate for reaching causal
conclusions from observational study data. Furthermore, we
restricted our attention to a single cross-sectional continuous
outcome at baseline in our inferential analyses. A linear
health model for a continuous health outcome is the most
straightforward inferential analysis that can be considered.
We made this choice to simplify the technical aspects of the
inferential analyses and to allow us to focus on the exposure
assessment considerations. Finally, as discussed in Chapter
3, due to the temporal misalignment between ACT cohort
baseline outcomes (1994+) and air pollution measurements
(2019-2020 for mobile monitoring; less dramatically tempo-
rally misaligned for the exposures developed from low-cost
sensor data, particularly for PM, ), we assumed in many of
our analyses that air pollution surfaces remained constant

over time. This is another source of exposure assessment error,
particularly for early ACT enrollees, which may in turn affect
the resulting health estimates. However, because we applied
this “constant over time” exposure surface assumption iden-
tically to all analyses based on the mobile monitoring data,
its impact did not vary across exposure assessment designs.
Thus, we do not believe that this limitation affects the conclu-
sions we reached in this project about exposure assessment
design and analysis. Regardless, future studies can advance
our collective understanding by considering other health
outcomes, confounder models, and other cohorts, as well as
greater attention to sensitivity analyses and novel methods
for confounding control for the health inferences. Some of the
analyses leveraging the ACT data that are currently underway
will allow greater insight into the associations of multiple
air pollutant exposures with health outcomes. Future work
will allow these to be extended to understanding the role of
exposure assessment design and modeling for these health
inferences.

This study focused on long-term average exposures and
their health associations. The ACT cohort study, as well as
the air pollution exposure assessment campaigns and mod-
els, were not designed to address the health impacts of other
biologically relevant exposures, such as peak exposures.
The considerations for modeling peak exposures and associ-
ating them with shorter-term health outcomes are inherently
different.

GENERALIZABILITY OF FINDINGS TO OTHER
SETTINGS

An important consideration is how generalizable our
findings are to other settings. We have relied on one set of
exposure monitoring campaigns in one geographic location
linked to one long-standing cohort that is focused on brain
health. Thus, it is important that the insights that we have
developed be replicated in other settings, with other cohorts,
and for other health outcomes. However, there are a few
features of our approach that merit highlighting because they
strengthen the potential generalizability of our conclusions.
Most notably, we started from a solid foundation with the
Seattle mobile monitoring campaign, given our temporally
and spatially balanced design, selection of spatially compat-
ible locations with the ACT cohort residences, fixed driving
routes, and a large number of visits per site. We used 30
campaign realizations for each of the designs we considered
in Chapters 4 and 6. This considerably strengthens the results
as one can observe the collective pattern of findings from a
specific design and understand how variable these results are.
However, the datasets we studied are large and complex, such
that there are many data analytic steps needed to produce the
results we reported, and multiple opportunities for small dif-
ferences in the analysis pipeline to possibly impact findings.
Thus, independent replication is necessary. Another feature
to highlight is that we used the reference observations from
the complete all data design in our performance evaluations
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rather than the observations for the specific realized design.
This is not realistic in practice because real-world campaigns
do not often have more complete observations. However, given
our goal of comparing various designs, the use of the com-
plete all data observations facilitates comparisons by always
using the same reference observations, which we assume are
the most complete and the least biased, and thus allows for
deeper insights into design features. As we have published
in other work where we used a similar design sampling idea
based on existing regulatory monitoring data such that the
true annual average concentration at the monitoring locations
was known (Blanco et al. 2023b), using observations from the
same campaign can lead to misleading performance statistics,
particularly when the design being considered is biased for
the target of modeling a long-term average concentration.

We conclude this section by listing the most generalizable
findings from our study. We welcome a robust dialogue with
other investigators to support or dispute our conclusions.
The context for our conclusions is to strive for high-quality
inference about long-term average air pollution exposures on
relevant health outcomes measured in cohort studies. Regard-
ing exposure assessment for air pollution epidemiology, we
believe the following:

e  Exposure assessment study design is critically important
for high-quality epidemiological inference and is a gen-
erally underappreciated feature in the literature.

e  The fundamental importance of using balanced designs
without temporally restricted sampling in mobile moni-
toring campaigns should hold up in future investigations
(Chapters 4 and 6), and this approach is no more costly
than temporally restrictive sampling campaigns, which
are often used because they are logistically more conve-
nient (Chapter 9).

e  Mobile monitoring study design is more important than
exposure measurement error correction, at least for
mobile campaigns that have been designed to be spatially
compatible with the target cohort, because spatial com-
patibility is a key assumption in the measurement error
approach we employed (Chapters 4 and 5).

e It is worth including short-term stationary sampling in
mobile campaigns even though it adds time and thus
cost, given its potential to support data quality by serv-
ing as a more reliable reference dataset, to allow for data
adjustments to better approximate off-road residential
exposures (e.g., plume adjustment), and to provide more
directly representative residential exposures (Chapters 6
and 10).

e  Supplementary exposure data collection (e.g., using low-
cost sensors at participant homes) improves exposure
model predictions but requires a large staff effort.

e When hundreds of geographic covariates are available,
machine learning methods such as spatial random forest
do not improve prediction relative to UK-PLS (Chapter 8).
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CONCLUDING COMMENTS

Epidemiological studies often make use of exposure data
that is collected in opportunistic and logistically convenient
ways. This is particularly true in air pollution epidemiology,
where routinely collected exposure data can often be lev-
eraged, even though these data may not be fit for purpose.
Furthermore, the collection of new exposure data is typically
constrained by cost and logistics. As discussed in depth in this
synthesis chapter, this project has shown that there should be
greater attention to the design of the exposure assessment data
collection for use in epidemiological inference. We developed
strong recommendations for mobile monitoring campaign
design, thanks to the comprehensive and well-designed Seattle
mobile monitoring campaign. The supplementary low-cost
sensor data we also leveraged from the Puget Sound-based
ACT-AP study were much less comprehensive, and thus it was
more challenging to develop similarly deep insights. Overall,
while supplementary monitoring data improves exposure
predictions even when from a low-cost platform (albeit with
possibly minimal impact on health association estimates),
it is expensive to deploy monitors at participant residences.
Regarding mobile monitoring campaigns, we were able to
show that extensive stationary roadside campaigns with good
designs, such as the Seattle mobile monitoring campaign,
can be modified to reduce cost. Specifically, we recommend
balanced data collection with at least 12 visits per site covering
all days of the week, most hours of the day, and at least two
seasons. Finally, broadly speaking, better exposure assessment
design leads to better exposure prediction model performance,
which in turn may improve the health association estimates,
although we found the impact on health inference to be less
compelling than the impact on exposure model performance.
In combination with cost considerations, it is possible to
design air pollution exposure assessment studies for the best
relative cost that achieve good exposure prediction models and
potentially also benefit health association estimates.

DATA AVAILABILITY STATEMENT

AIR POLLUTION DATA AND EXPOSURE MODELS

The mobile monitoring campaign used to collect the data
used throughout this report is described here:

Blanco MN, Gassett A, Gould T, Doubleday A, Slager
DL, Austin E, et al. 2022. Characterization of annual
average traffic-related air pollution concentrations in the
greater Seattle area from a year-long mobile monitoring
campaign. Environ Sci Technol 56:11460-11472, https://
doi.org/10.1021/acs.est.2c01077.

The stationary roadside mobile monitoring data and related
documentation are publicly available through Zenodo:
https://zenodo.org/records/13761282.

The on-road mobile monitoring data and related doc-
umentation will be made available through Zenodo upon
publication or by request.


https://doi.org/10.1021/acs.est.2c01077
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https://zenodo.org/records/13761282
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The spatiotemporal models presented in Chapter 7 are
described in the following two papers:

Bi J, Burnham D, Zuidema C, Schumacher C, Gassett AJ,
Szpiro AA, et al. 2024. Evaluating low-cost monitoring
designs for PM, _ exposure assessment with a spatiotem-
poral modeling approach. Environ Pollut 343:123227,
https://doi.org/10.1016/j.envpol.2023.123227.

Zuidema C, Bi J, Burnham D, Carmona N, Gassett AJ,
Slager DL, et al. 2024. Leveraging low-cost sensors to
predict nitrogen dioxide for epidemiologic exposure
assessment. ] Expo Sci Environ Epidemiol, https://doi.
0rg/10.1038/s41370-024-00667-w.

Raw data were compiled as documented in the Data
Organization and Operating Procedures from the MESA
Air study: https://deohs.washington.edu/sites/default/files/
MESAAirDOOP_Rev12.pdf. Raw data at public locations, pre-
dictions at public locations, and analytic code are available
upon request to the MESA-Air Data Team. Access to infor-
mation linked to participant residential locations requires
additional IRB approval.

ANALYTIC CODE

The analytic code used to conduct the analyses in Chap-
ters 4 to 6 and the health analysis sections in Chapters 7 and
8 is publicly accessible through GitHub: https://github.com/
magali17/hei_aim3a.

The analytic code for the RapPCA methods developed
in Chapter 8 is publicly accessible through GitHub: https://
github.com/chengs94/RapPCA.

All other analytic code may be requested from the
authors.

FINAL ANALYTIC DATASETS

The final analytic datasets, which include air pollution
exposures linked to participant health outcomes, are not pub-
licly available to maintain participant confidentiality. Access
to the Adult Changes in Thought (ACT) cohort data requires
approval through established data-sharing procedures. For
more information on obtaining access to ACT cohort data,
please visit https://actagingresearch.org.
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concluded that the study was well conducted in accordance
with the study protocol and Quality Assurance Project Plan.
Methods are explicitly outlined with reference to sampling
techniques, exposure modeling, and quality control proce-
dures. The QC steps taken, particularly related to data han-
dling, modeling strategies, and cross-validation processes,
are clearly documented. The interpretations provided align

clearly with the reported results. The auditors also provided
HEI and the investigator team with specific recommendations
for improvement, all considered minor. Areas of QA feedback
included improved clarity and accessibility of some visual
presentations in the main report and the supplementary
material. Overall, the report is well written and provides good
documentation, clear interpretations, and no major gaps were
identified.

The Westat QA audit team attests that the final report
appears to be representative of the study conducted.

Daniel Chacreton, PhD, Statistician, Quality Assurance audi-
tor

Rebecca Jeffries Birch, MPH, Epidemiologist, Quality Assur-
ance auditor

Date: April 8, 2025

ADDITIONAL MATERIALS ON THE HEI WEBSITE

Additional Materials for Chapters 3, 4, 6, 7, 8, 9, and 10
are available on the HEI website at https://www.healtheffects.
org/publications.
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This section has three parts: Publications Resulting
from This Research, Summary of Publications by Aim, and
Annotated Bibliography. Many of the publications in the
Publications Resulting from This Research are also included
in the Annotated Bibliography. A few also benefited from this
funding but did not directly contribute to the results described
in this report (Bi et al. 2022; Bramble et al. 2023; Kim et al.
2025). The Summary of Publications by Aim and Annotated
Bibliography also describes several papers in preparation (not
yet submitted).
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$41370-024-00667-w.

SUMMARY OF PUBLICATIONS BY AIM

Aim 1a focused on the design of mobile monitoring cam-
paigns. Our initial focus was on the stationary roadside data
from the Seattle mobile monitoring campaign (i.e., locations
where the mobile platform pulled over by the side of the road
for 2 minutes at designated locations). Blanco and colleagues
(2022), Characterization of Annual Average Traffic-Related
Air Pollution Concentrations in the Greater Seattle Area from
a Year-Long Mobile Monitoring Campaign, provided the foun-
dation and basic data description of this dataset. Our general
approach to exploring various exposure assessment designs
by sampling monitoring data was first applied in Blanco
and colleagues (2022), Design and Evaluation of Short-Term
Monitoring Campaigns for Long-Term Air Pollution Exposure
Assessment. This study was based on NO_ regulatory moni-
toring data from California. Our first results from the Seattle
mobile monitoring campaign, conducted under this aim, were
published as Blanco and colleagues (2023), Design and Evalu-
ation of Short-Term Monitoring Campaigns for Long-Term Air
Pollution Exposure Assessment. Further work on this aim is
presented in Chapter 4 for the stationary data. We then turned
to the assessment of the on-road data from this campaign.
Doubleday and colleagues (2023), Characterizing Ultrafine
Particle Mobile Monitoring Data for Epidemiology, describe
the data and present predictions from the Seattle mobile
monitoring campaign on-road data, as well as the methods
we used for the plume adjustment. It also characterizes the
on-road data just before arriving at and just after departing
from a stationary location. (This analysis was planned in our
proposal, but because it yielded less important insights than
other on-road analyses, we do not present it in this report.)
Further work on this aim is presented in Chapter 6 for the
on-road data.

Aim 1b focused on the design of low-cost sensor
campaigns. While the spatiotemporal modeling and model
assessment build on a long history of previous work from
the University of Washington (Keller et al. 2015; Lindstrom
et al. 2014; Szpiro et al. 2010), the direct products from this
project were Bi and colleagues (2024), Evaluating Low-Cost
Monitoring Designs for PM,, Exposure Assessment with
a Spatiotemporal Modeling Approach, and Zuidema and
colleagues (2024), Leveraging Low-Cost Sensors to Predict
Nitrogen Dioxide for Epidemiologic Exposure Assessment.
Both these papers relied on earlier published work by our
group that described the calibration of the low-cost sensors
(Zuidema et al. 2021; Zusman et al. 2020).

Aim 2 focused on statistical methods for predicting
exposure. We developed a new variable importance metric
presented in Cheng and colleagues (in review), Variable
Importance Measure for Spatial Machine Learning Models
with Application to Air Pollution Exposure Prediction. We
also developed a new approach for exposure mixtures using
principal component analysis in Cheng and colleagues (in
review), Principal Component Analysis Balancing Prediction
and Approximation Accuracy for Spatial Data.
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Aim 3 focused on health inference. There are three papers
in preparation or in review from this work, and presented in
Chapters 4, 5, and 6. The work presented in Chapter 4 focused
on the mobile monitoring of stationary roadside data in the
2024 preprint by Blanco and colleagues, Impact of Roadside
Mobile Monitoring Design on Epidemiologic Inference: A
Case Study of Ultrafine Particles and Cognitive Function. In
Chapter 5, we applied an exposure measurement error adjust-
ment to the inferential results presented for the all data model
in Chapter 4. Blanco and colleagues (in preparation), Impli-
cations of Exposure Measurement Error on Inference About
Air Pollution and Cognitive Function. In the last paper, we
addressed health inference using exposure models developed
from the on-road mobile data. This is presented in Blanco and
colleagues (in preparation), Epidemiologic Inference from
On-Road Mobile Monitoring of Air Pollution: A Case Study of
Ultrafine Particles and Cognitive Function.

Aim 4 focused on the value of information. The first
paper we published related to this aim was a scoping review
of emerging monitoring platforms and designs. This was
published as Kim and colleagues (2023), Exposure Assess-
ment for Air Pollution Epidemiology: A Scoping Review of
Emerging Monitoring Platforms and Designs. Further, we
have submitted a cost and performance evaluation for mobile
monitoring designs with Kim as the first author: Ultrafine
Particle Mobile Monitoring Study Designs for Epidemiology:
Cost and Performance Comparison (in review).

ANNOTATED BIBLIOGRAPHY

Aim 1a (4 papers)

1. Blanco MN, Gassett A, Gould T, Doubleday A, Slager
DL, Austin E, et al. 2022. Characterization of annual
average traffic-related air pollution concentrations
in the greater Seattle area from a year-long mobile
monitoring campaign. Environ Sci Technol 56:11460—
11472, https://doi.org/10.1021/acs.est.2c01077.

ABSTRACT. Growing evidence links traffic-related air
pollution (TRAP) to adverse health effects. We designed
an innovative and extensive mobile monitoring cam-
paign to characterize TRAP exposure levels for the Adult
Changes in Thought (ACT) study, a Seattle-based cohort.
The campaign measured particle number concentration
(PNC) to capture ultrafine particles (UFPs), black carbon
(BC), nitrogen dioxide (NO,), fine particulate matter
(PM, ), and carbon dioxide (CO,) at 309 roadside sites
within a large, 1,200 land km? (463 mi?) area represen-
tative of the cohort. We collected about 29 2-minute
measurements at each site during all seasons, days of the
week, and most times of day over a 1-year period. Val-
idation showed good agreement between our BC, NO,,
and PM,, measurements and monitoring agency sites
(R* = 0.68-0.73). Universal kriging—partial least squares
models of annual average pollutant concentrations had
cross-validated mean squared error-based R? (and root
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mean squared error) values of 0.77 (1,177 pt/cm?®) for
PNG, 0.60 (102 ng/m?) for BC, 0.77 (1.3 ppb) for NO,, 0.70
(0.3 ug/m?®) for PM, , and 0.51 (4.2 ppm) for CO,. Overall,
we found that the design of this extensive campaign
captured the spatial pollutant variations well, and these
were explained by sensible land use features, including
those related to traffic.

Blanco MN, Doubleday A, Austin E, Marshall JD,
Seto E, Larson TV, et al. 2022. Design and evaluation
of short-term monitoring campaigns for long-term air
pollution exposure assessment. ] Expo Sci Environ
Epidemiol 33:465—473, https://doi.org/10.1038/s41370-
022-00470-5.

ABSTRACT. Background: Short-term mobile monitoring
campaigns to estimate long-term air pollution levels are
becoming increasingly common. Still, many campaigns
have not conducted temporally balanced sampling, and
few have looked at the implications of such study designs
for epidemiologic exposure assessment.

Objective: We carried out a simulation study using fixed-
site air quality monitors to better understand how differ-
ent short-term monitoring designs impact the resulting
exposure surfaces.

Methods: We used Monte Carlo resampling to simulate
three archetypal short-term monitoring sampling designs
using oxides of nitrogen (NO,) monitoring data from 69
regulatory sites in California: a year-around Balanced
Design that sampled during all seasons of the year, days of
the week, and all or various hours of the day; a temporally
reduced Rush Hours Design; and a temporally reduced
Business Hours Design. We evaluated the performance of
each design’s land use regression prediction model.

Results: The Balanced Design consistently yielded the
most accurate annual averages, while the reduced Rush
Hours and Business Hours Designs generally produced
more biased results.

Significance: A temporally balanced sampling design is
crucial for short-term campaigns such as mobile monitor-
ing aiming to assess long-term exposure in epidemiologic
cohorts.

Blanco MN, Bi J, Austin E, Larson TV, Marshall JD,
Sheppard L. 2023. Impact of mobile monitoring
network design on air pollution exposure assessment
models. Environ Sci Technol 57:440-450, https://doi.
org/10.1021/acs.est.2c05338.

ABSTRACT. Short-term mobile monitoring campaigns
are increasingly used to assess long-term air pollution
exposure in epidemiology. Little is known about how
monitoring network design features, including the num-
ber of stops and sampling temporality, impact exposure
assessment models. We address this gap by leveraging an
extensive mobile monitoring campaign conducted in the
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greater Seattle area over the course of a year, during all
days of the week and most hours. The campaign mea-
sured total particle number concentration (PNGC; sheds
light on ultrafine particulate number concentration),
black carbon (BC), nitrogen dioxide (NO,), fine particu-
late matter (PM, ), and carbon dioxide (CO,). In Monte
Carlo sampling of 7,327 total stops (278 sites x 26 visits
each), we restricted the number of sites and visits used
to estimate annual averages. Predictions from the all data
campaign performed well, with cross-validated R?s of
0.51-0.77. We found similar model performances (85%
of the all data campaign R*) with ~1,000-3,000 randomly
selected stops for NO,, PNC, and BC, and ~4,000-5,000
stops for PM,  and CO,. Campaigns with additional
temporal restrictions (e.g., business hours, rush hours,
weekdays, or fewer seasons) had reduced model perfor-
mances and different spatial surfaces. Mobile monitoring
campaigns wanting to assess long-term exposure should
carefully consider their monitoring designs.

Doubleday A, Blanco MN, Austin E, Marshall JD,
Larson TV, Sheppard L. 2023. Characterizing ultrafine
particle mobile monitoring data for epidemiology.
Environ Sci Technol 57:9538-9547, https://doi.
org/10.1021/acs.est.3c00800.

ABSTRACT. Mobile monitoring is increasingly used to
assess exposure to traffic-related air pollutants (TRAP),
including ultrafine particles (UFPs). Due to the rapid spa-
tial decrease in the concentration of UFPsand other TRAPs
with distance from roadways, mobile measurements may
be nonrepresentative of residential exposures, which are
commonly used for epidemiologic studies. Our goal was
to develop, apply, and test one possible approach for
using mobile measurements in exposure assessment for
epidemiology. We used an absolute principal component
score model to adjust the contribution of on-road sources
in mobile measurements to provide exposure predictions
representative of cohort locations. We then compared
UFP predictions at residential locations from mobile
on-road plume-adjusted versus stationary measurements
to understand the contribution of mobile measurements
and characterize their differences. We found that predic-
tions from mobile measurements are more representative
of cohort locations after down-weighting the contribu-
tion of localized on-road plumes. Further, predictions
at cohort locations derived from mobile measurements
incorporate more spatial variation compared to those
from short-term stationary data. Sensitivity analyses
suggest that this additional spatial information captures
features in the exposure surface not identified from the
stationary data alone. We recommend the correction of
mobile measurements to create exposure predictions
representative of residential exposure for epidemiology.

Aim 1b (2 papers)

BiJ, Burnham D, Zuidema C, Schumacher C, Gassett A]J,
Szpiro AA, et al. 2024. Evaluating low-cost monitoring

designs for PM, _ exposure assessment with a spatiotem-
poral modeling approach. Environ Pollut 343:123227,
https://doi.org/10.1016/j.envpol.2023.123227.

ABSTRACT. Determining the most feasible and cost-ef-
fective approaches to improving PM, _ exposure assess-
ment with low-cost monitors (LCMs) can considerably
enhance the quality of its epidemiological inferences.
We investigated features of fixed-site LCM designs that
most impact PM, , exposure estimates to be used in long-
term epidemiological inference for the Adult Changes in
Thought Air Pollution (ACT-AP) study. We used ACT-AP
collected and calibrated LCM PM, , measurements at the
2-week level from April 2017 to September 2020 (N of
monitors [measurements] = 82 [502]). We also acquired
reference-grade PM, . measurements from January 2010 to
September 2020 (N = 78 [6186]). We used a spatiotemporal
modeling approach to predict PM, , exposures with either
all LCM measurements or varying subsets with reduced
temporal or spatial coverage. We evaluated the models
based on a combination of cross-validation and external
validation at locations of LCMs included in the models (N
= 82), and also based on an independent external validation
with a set of LCMs not used for the modeling (N = 30). We
found that the model’s performance declined substantially
when LCM measurements were entirely excluded (spatio-
temporal validation R? [RMSE] = 0.69 [1.2 ng/m®]) compared
to the model with all LCM measurements (0.84 [0.9 pg/m?]).
Temporally, using the farthest apart measurements (i.e., the
first and last) from each LCM resulted in the closest model’s
performance (0.79 [1.0 pg/m?]) compared to the model with
all LCM data. The models with only the first or last measure-
ment had decreased performance (0.77 [1.1 pg/m?]). Spa-
tially, the model’s performance decreased linearly to 0.74
(1.1 pg/m?) when only 10% of LCMs were included. Our
analysis also showed that LCMs located in densely popu-
lated, road-proximate areas improved the model more than
those placed in moderately populated, road-distant areas.

Zuidema C, Bi J, Burnham D, Carmona N, Gassett A,
Slager DL, et al. 2024. Leveraging low-cost sensors to
predict nitrogen dioxide for epidemiologic exposure
assessment. ] Expo Sci Environ Epidemiol 35:169-179,
https://doi.org/10.1038/s41370-024-00667-w.

ABSTRACT. Background: Statistical models of air pol-
lution enable intraurban characterization of pollutant
concentrations, benefiting exposure assessment for envi-
ronmental epidemiology. The new generation of low-cost
sensors facilitates the deployment of dense monitoring
networks and can potentially be used to improve intraur-
ban models of air pollution.

Objective: Develop and evaluate a spatiotemporal model
for nitrogen dioxide (NO,) in the Puget Sound region
of WA, USA, for the Adult Changes in Thought Air
Pollution (ACT-AP) study, and assess the contribution of
low-cost sensor data to the model’s performance through
cross-validation.
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Methods: We developed a spatiotemporal NO, model for
the study region, incorporating data from 11 agency loca-
tions, 364 supplementary monitoring locations, and 117
low-cost sensor locations for the 1996—2020 time period.
Model features included long-term time trends and
dimension-reduced land use regression. We evaluated
the contribution of LCS network data by comparing mod-
els fit with and without sensor data using cross-validated
(CV) summary performance statistics.

Results: The best performing model had one-time trend
and geographic covariates summarized into three partial
least squares components. The model, fit with LCS
data, performed as well as other recent studies (agency
cross-validation: CV-RMSE = 2.5 ppb NO,; CV-R* = 0.85).
Predictions of NO, concentrations developed with LCS
were higher at residential locations compared to a model
without LCS, especially in recent years. While LCS did
not provide a strong performance gain at agency sites
(CV-RMSE = 2.8 ppb NO,; CV-R?* = 0.82 without LCS), at
residential locations, the improvement was substantial,
with RMSE = 3.8 ppb NO, and R* = 0.08 (without LCS),
compared to CV-RMSE = 2.8 ppb NO, and CV-R* = 0.51
(with LGS).

Significance: Our results suggest that low-cost sensors
have the potential to improve models of air pollution
exposure for environmental epidemiology by contribut-
ing observations in otherwise unmonitored locations.

Aim 2 (2 papers)

1.

Cheng S, Blanco MN, Sheppard L, Shojaie A, Szpiro
A. In review. Variable importance measure for spatial
machine learning models with application to air
pollution exposure prediction. Available on arXiv:
https://arxiv.org/abs/2406.01982.

ABSTRACT. Exposure assessment is fundamental to air
pollution cohort studies. The objective is to predict air
pollution exposures for study participants at locations
without data to optimize our ability to learn about the
health effects of air pollution. Researchers typically focus
on generating the most accurate predictions possible to
minimize exposure measurement error, but understand-
ing the mechanism captured by the model that is fit to
the data is also important. However, the latter may not be
straightforward in all model settings due to the complex
nature of machine learning methods as well as the lack of
unifying notions of variable importance given the diver-
sity of common models. This is further complicated in air
pollution modeling by the presence of spatial correlation.
We tackle these challenges in two datasets: sulfur (S) from
regulatory United States national PM, , subspecies data
and ultrafine particles (UFPs) from a new Seattle-area
traffic-related air pollution dataset. Our key contribution
is a leave-one-out approach for variable importance that
leads to interpretable and comparable measures for a

broad class of models with separable mean and covari-
ance components. We illustrate our variable importance
measure with several spatial machine learning models,
and such measure clearly highlights the difference in
mechanisms captured by different models, even for those
producing similar predictions. We leverage insights from
this variable importance measure to assess the relative
utilities of two exposure models for each of S and UFPs
that have similar out-of-sample prediction accuracies but
appear to draw on different types of spatial information
to make predictions.

Cheng S, Blanco MN, Larson TV, Sheppard L, Szpiro
A, Shojaie A. In press. Principal component analysis
balancing prediction and approximation accuracy
for spatial data. Available on arXiv: https://arxiv.org/
abs/2408.01662.

ABSTRACT. Dimension reduction is often the first
step in statistical modeling or the prediction of multi-
variate spatial data. However, most existing dimension
reduction techniques do not account for the spatial
correlation between observations and do not consider the
downstream modeling task when finding the lower-di-
mensional representation. We formalize the closeness
of approximation to the original data and the utility of
lower-dimensional scores for downstream modeling as
two complementary, sometimes conflicting, metrics for
dimension reduction. We illustrate how existing meth-
odologies fall into this framework and propose a flexible
dimension reduction algorithm that achieves the optimal
trade-off. We derive a computationally simple form for
our algorithm and illustrate its performance through
simulation studies, as well as two applications in air
pollution modeling and spatial transcriptomics.

Aim 3 (3 papers)

1.

Blanco MN, Szpiro AA, Crane PK, Sheppard L. 2025.
Ultrafine particles and late-life cognitive function:
Influence of stationary mobile monitoring design
on health inferences. Environ Pollut 10:374:126222;
https://doi.org/10.1016/j.envpol.2025.126222.

ABSTRACT. Growing evidence links ultrafine particles
(UFPs) to neurotoxicity, but human studies remain lim-
ited. Various air pollution mobile monitoring approaches
have been used to develop air pollution exposure models.
However, whether design choices impact epidemiology,
including for UFPs and cognitive function, remains
unclear. We evaluated the adjusted association between
5-year average UFP number concentration (PNC) and
late-life cognitive function (Cognitive Abilities Screening
Instrument — Item Response Theory [CASI-IRT]) in the
Adult Changes in Thought cohort (N = 5,283) by leverag-
ing an extensive roadside mobile monitoring campaign
specifically designed for epidemiology. To assess the
impact of reduced monitoring approaches on this associ-
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ation, we repeatedly subsampled UFP measures from the
campaign, developed exposure models, and evaluated
the degree to which associations were impacted. In the
primary analyses, each 1,900 pt/cm3 increment in PNC
was associated with an adjusted mean baseline CASI-IRT
score that was 0.002 (95% CI: —0.016, 0.020) higher,
which was not statistically significant. Point estimates
were consistent across sampling designs with fewer
visits per site (<12), fewer seasons (1-3), and unbalanced
visit frequency across sites. Sampling designs restricted
to rush hours were more similar (median point estimate
0.002, IQR of point estimates: 0.000, 0.003) than business
hour designs (0.006, IQR: 0.005, 0.007), but the opposite
was true when temporal adjustments were applied
(rush: —0.003, IQR: -0.005, —0.001; business: 0.002, IQR:
0.001, 0.004). We observed similar results in sensitivity
and secondary analyses. We did not find evidence of
an association between UFPs and cognitive function in
fully adjusted models. Monitoring design had minimal
impact on the inferential results in this setting, which
may have been caused by the lack of association. Sec-
ondary analyses in a reduced model that is potentially
confounded suggest that monitoring design might have
a greater impact in other datasets. Further research is
needed, particularly in contexts with robust, statistically
significant health associations.

Blanco MN, Szpiro AA, Sheppard L. In preparation.
Implications of exposure measurement error on inference
about air pollution and cognitive function.

ABSTRACT. Exposure measurement error (ME) is critical
for environmental epidemiology but has received limited
attention, particularly when also considering exposure
assessment design. We investigate the impact of ME from
air pollution exposure prediction modeling on inference
in a case study of ultrafine particle (UFP) exposures and
cognitive function. We leverage an extensive mobile
monitoring campaign with repeated UFP measurements
at temporary roadside locations, use measures to develop
exposure prediction models, and evaluate the association
between UFPs and late-life cognitive function (Cognitive
Abilities Screening Instrument — Item Response Theory
[CASI-IRT]) in the Adult Changes in Thought cohort.
We apply nonparametric and parametric bootstrap
approaches to decompose the ME and correct the esti-
mated health inferences from: (a) classical-like (CL) error
resulting from variability in the selected monitoring
locations, sampling times, and cohort participants, and
(b) Berkson-like (BL) error resulting from differences
between the true and predicted exposure surfaces due to
the sampling design and exposure modeling choices. CL
and BL ME biased the health estimate by approximately
6% and increased the variability (SE) by 13%. We cor-
rected the adjusted association between UFPs (per 1,900
pt/cm®) and CASI-IRT score from -0.0198 (SE: 0.0081)
to —0.0212 (SE: 0.0092). In contrast, common air mobile
monitoring sampling designs can produce health associ-

ations with median differences of up to ~75% different
from reference exposure models, thus making exposure
prediction ME a secondary consideration for addressing
exposure ME relative to monitoring design.

Blanco MN, Doubleday A, Szpiro AA, Marshall JD, Crane
PK, Sheppard L. In review. Influence of on-road mobile
monitoring design on ultrafine particle exposure models
and cognitive health inferences.

ABSTRACT. On-road mobile monitoring is increasingly
used to assess air pollution exposure, but the implica-
tions of various monitoring and analytic decisions on
exposure and health inferences remain unclear. This
study evaluated the impact of common on-road monitor-
ing approaches in environmental epidemiology, focusing
on ultrafine particle (UFP) exposures and late-life
cognitive function. We used data from an on-road and
roadside mobile monitoring campaign to develop UFP
exposure models and assess associations with cognitive
function, measured by the Cognitive Abilities Screening
Instrument — Item Response Theory (CASI-IRT) score,
in the Adult Changes in Thought cohort. UFP measures
were subsampled using different strategies, including
visit frequencies (4 vs. 12 visits per location), spatial
balance, and sampling times. Temporal and plume
adjustments were applied to develop exposure models,
which were then used in health analyses. The robustness
of these on-road monitoring approaches was evaluated
by comparing the findings to those from a roadside refer-
ence campaign. Using the reference model, the adjusted
mean baseline CASI-IRT score increased by 0.007 (95%
CI: —0.013, 0.027) in confounder model 2 and decreased
by 0.021 (95% CI: —0.039, —0.003) in the reduced model
per 1,900 pt/cm?®. Plume-adjusted, all-hours campaigns
yielded models most consistent with these findings,
particularly in reduced models where associations were
stronger. Temporal and plume adjustments improved
exposure model performance but did not meaningfully
enhance health inferences, highlighting the importance
of temporally balanced sampling. Campaigns with fewer
visits per location produced more variable results.
Monitoring and analytic decisions are crucial for on-road
mobile monitoring studies aiming to support air pollution
epidemiology. Temporally balanced sampling is essential
for reliable exposure models and health inferences.

Aim 4 (2 papers)

1.

Kim S-Y, Blanco MN, Bi J, Larson TV, Sheppard L.
2023. Exposure assessment for air pollution epidemi-
ology: a scoping review of emerging monitoring plat-
forms and designs. Environ Res 223:115451, https://
doi.org/10.1016/j.envres.2023.115451.

ABSTRACT. Background: Both exposure monitoring and
exposure prediction have played key roles in assessing
individual-level long-term exposure to air pollutants and
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their associations with human health. While there have
been notable advances in exposure prediction methods,
improvements in monitoring designs are also necessary,
particularly given new monitoring paradigms leveraging
low-cost sensors and mobile platforms.

Objectives: We aim to provide a conceptual summary of
novel monitoring designs for air pollution cohort studies
that leverage new paradigms and technologies, to inves-
tigate their characteristics in real-world examples, and to
offer practical guidance to future studies.

Methods: We propose a conceptual summary that focuses
on two overarching types of monitoring designs, mobile
and nonmobile, as well as their subtypes. We define
mobile designs as monitoring from a moving platform, and
nonmobile designs as stationary monitoring from perma-
nent or temporary locations. We only consider nonmobile
studies with cost-effective sampling devices. Then we dis-
cuss similarities and differences across previous studies
with respect to spatial and temporal representation, data
comparability between design classes, and the data lever-
aged for model development. Finally, we provide specific
suggestions for future monitoring designs.

Results: Most mobile and nonmobile monitoring studies
selected monitoring sites based on land use instead
of residential locations, and deployed monitors over
limited time periods. Some studies applied multiple
designs and/or subdesign classes to the same area, time
period, or instrumentation, to allow comparison. Even
fewer studies leveraged monitoring data from different
designs to improve exposure assessment by capitalizing
on different strengths. To maximize the benefit of new
monitoring technologies, future studies should adopt
monitoring designs that prioritize residence-based site
selection with comprehensive temporal coverage and
leverage data from different designs for model develop-
ment in the presence of good data compatibility.

Discussion: Our conceptual overview provides practical
guidance on novel exposure assessment monitoring for
epidemiological applications.

Kim S-Y, Gassett AJ, Blanco MN, Sheppard L. 2025.
Ultrafine particle mobile monitoring study designs for
epidemiology: cost and performance comparisons. Envi-
ron Health Perspect 133:47010, https://doi.org/10.1289/
ehp15100.

ABSTRACT. Background: Given the difficulty of col-
lecting air pollution measurements for individuals,
researchers use mobile monitoring to develop accurate
models that predict long-term average exposure to air
pollution, allowing the investigation of its association
with human health. Although recent mobile monitoring
studies focused on predictive models’ abilities to select
optimal designs, cost is also an important feature.

Objectives: This study aimed to compare the costs to
predictive model performance for different mobile moni-
toring designs.

Methods: We used data on ultrafine particle stationary
roadside mobile monitoring and associated costs col-
lected by the Adult Changes in Thought Air Pollution
(ACT-AP) study. By assuming a single-instrument, local
monitoring, and constant costs of equipment and inves-
tigator oversight, we focused on the incremental cost of
staff workdays composed mostly of sampling drives and
quality control procedures. The ACT-AP complete design
included data collection from 309 sites, ~29 visits per
site, during four seasons, every day of the week. We con-
sidered alternative designs by selecting subsets of fewer
sites, visits, seasons, days of the week, and hours of the
day. Then, we developed exposure prediction models
from each alternative design and calculated cross-val-
idation (CV) statistics using all observations from the
complete design. Finally, we compared CV R’s and the
numbers of staff workdays from alternative designs to
those from the complete design and demonstrated this
exercise in a web application.

Results: For designs with fewer visits per site, the costs
for the number of workdays were lower, and model
performance (CV R?) also worsened, but with a mild
decline above 12 visits per site. The costs were also less
for designs with fewer sites when considering at least
100 sites, although the reduction in performance was
minimal. For temporally restricted designs that were
constrained to have the same number of workdays and
thus the same cost, restrictions on the number of seasons,
days of week, and/or hours of the day adversely impacted
model performance.

Discussion: Our study provides practical guidance to
future mobile monitoring campaigns that have the ulti-
mate goal of assessing the health effects of long-term air
pollution. Temporally balanced designs with 12 visits
per site are a cost-effective option that provides relatively
good prediction accuracy with reduced costs.
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INTRODUCTION

Outdoor air pollution is a major global public health
concern. There is now broad expert consensus that exposure
to ambient air pollution causes an array of adverse health
effects, based on evidence from a large body of scientific
literature that has grown exponentially since the mid-1990s
(IARC 2016; US EPA 2016, 2019, 2022; WHO 2021).

The assessment of long-term exposure to ambient air
pollution for epidemiological studies, however, remains
challenging. Early cohort studies characterized exposure by
assigning the average concentration measured at one or a few
central sites within a city to each participant from the city
(Dockery et al. 1993; Pope et al. 2002). Fixed-site networks —
even those in North America and Western Europe — continue
to have relatively limited spatial coverage in many areas,
particularly in suburban and rural locations, and insufficient
density to capture small-scale (within-city) variations of air
pollution (Roque et al. 2025).

Recent developments in measurement technologies and
modeling approaches have increasingly been used to estimate
long-term air pollution exposure at finer spatial scales for epi-
demiological studies of large populations. Advances include
novel air pollution sensors, mobile monitoring, satellite data,
hybrid models, and machine-learning approaches (Hoek
2017). Even with those advances, important limitations and
challenges remain when assessing long-term air pollution
exposure, particularly for pollutants that vary widely across
space and time.

In 2019, HEI issued Request for Applications 19-1,
Applying Novel Approaches to Improve Long-Term Exposure
Assessment of Outdoor Air Pollution for Health Studies (see
Preface). Its goal was to develop and apply scalable novel
approaches to improve assessments of long-term exposures

Dr. Liane Sheppard’s 3-year study, “Optimizing Exposure Assessment for
Inference about Air Pollution Effects with Application to the Aging Brain,”
began in September 2020. Total expenditures were $800,000. The draft In-
vestigators’ Report from Sheppard and colleagues was received for review
in January 2024. A revised report, received in September 2024, was accept-
ed for publication in September 2024. During the review process, the HEI
Improved Exposure Assessment Studies Review Panel and the investigators
had the opportunity to exchange comments and clarify issues in the Inves-
tigators’ Report and the Panel’s Commentary. Review Committee member
Sara D. Adar was not involved in the review of this report due to a conflict
of interest.

This report has not been reviewed by public or private party institutions,
including those that support the Health Effects Institute, and may not re-
flect the views of these parties; thus, no endorsements by them should be
inferred.

* A list of abbreviations and other terms appears at the end of this volume.
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to outdoor air pollutants that vary widely in space and time
— such as ultrafine particles (UFPs*), black carbon (BC), and
nitrogen dioxide (NO,). Studies were intended to evaluate
exposure measurement error quantitatively and determine
how exposure assessment approaches might influence the
health estimates.

Dr. Sheppard and colleagues proposed to advance the
understanding of exposure assessment study design features,
including a comparison of health estimates derived from
those features. The HEI Research Committee recommended
the study for funding because of the systematic evaluation of
sampling designs to provide guidance to other researchers.
They also appreciated the inclusion of UFPs and the appli-
cation of exposure estimates to cognitive function, as it is an
emerging health outcome.

This Commentary provides the HEI Improved Exposure
Assessment Studies Review Panel’s evaluation of the study.
It is intended to aid the sponsors of HEI and the public by
highlighting the study’s strengths and limitations, and by
placing the results presented in the Investigators’ Report into
a broader scientific and regulatory context.

SCIENTIFIC AND REGULATORY BACKGROUND

Traffic-related air pollution (TRAP) continues to be an
important risk factor for poor health worldwide, with the
highest exposures in urban settings and at residences near
busy roadways (HEI 2022). TRAP is a complex mixture of
gases and particles resulting from the use of motor vehicles.
Motor vehicles emit various pollutants, including NO,, BC,
and UFPs (HEI 2022). Exposure assessment of those pollut-
ants is challenging because they are characterized by high
spatial and temporal variability.

Epidemiological studies have used different approaches
to address those challenges. Researchers have increasingly
used mobile monitoring in recent years by affixing monitoring
instruments to vehicles and making measurements while sys-
tematically and repeatedly traveling a road network. Mobile
monitoring strategies can involve mobile measurements
made while driving predefined routes, or repeated short-term
measurements made while in a vehicle parked at various
roadside locations. Data collected through mobile monitoring
have been used to develop land use regression models and
other air pollution maps (e.g., Apte et al. 2024; Hatzopoulou
et al. 2017; Kerckhoffs et al. 2016; Messier et al. 2018). Air
pollution maps estimated from such monitoring are being
increasingly applied in epidemiological studies (e.g., Alexeef
et al. 2018; Downward et al. 2018).
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In addition, low-cost sensors are increasingly being used in
exposure assessment for health studies. They can be deployed
on mobile platforms or can supplement fixed-site monitoring
networks to develop exposure models, or they can enable
simultaneous individual-level air pollution measurements
to estimate personal exposure (e.g., Larkin and Hystad 2017,
Morawska et al. 2018).

Exposure models are applied in epidemiological studies
that underpin the air quality standards and guidelines.
Governments in the United States and Europe have recently
moved toward more stringent fine particulate matter (PM, )
annual standards — 9 and 10 pg/m?®, respectively — which
align more closely with the 2021 WHO Air Quality Guide-
lines of 5 pg/m®. A more stringent annual standard was also
set in Europe for NO, (Commentary Table 1).

There are no specific ambient air quality standards or
guidelines for UFPs and BC, and regulatory agencies do not
commonly measure them. Hence, international or national
standard methods to characterize them have not been estab-
lished (HEI 2010; HEI Review Panel on Ultrafine Particles
2013). Although no air quality guidelines have been devel-
oped for UFPs and BC, the WHO has provided “good practice
statements” for these pollutants geared toward additional
monitoring, mitigation, and epidemiological research (WHO
2021).

As noted earlier, important limitations and challenges
remain when predicting long-term air pollution exposure to
pollutants that vary highly in space and time. The current
study compared the performance of different exposure assess-
ment study design features on long-term exposure estimates
of UFPs, NO,, and PM, , in Seattle, Washington.

STUDY OBJECTIVES

The overarching aim of Dr. Sheppard’s study was to
advance the understanding of exposure assessment study
design and analysis features for air pollution and health stud-
ies. The investigators specified the following four study aims:

1. Identify key design choices to improve long-term average
exposure predictions using mobile monitoring cam-
paigns and fixed-site networks of low-cost sensors

2. Develop annual average TRAP exposure predictions
from mobile monitoring data using advanced statistical
methods

3. Determine the impact of sampling designs and analytical
approaches on the health estimates

4. Address the overall value of incorporating novel
exposure data collection and modeling by comparing
the logistical features (cost and time) of using different
sampling designs and analysis choices

SUMMARY OF APPROACH AND METHODS

Dr. Sheppard and colleagues compared the performance of
different exposure assessment study design features on long-
term exposure estimates in Seattle, Washington. In a cohort
study, the investigators evaluated how various approaches
to air pollution sampling affected exposure prediction and
health estimates. Most analyses focused on UFP data from a
previously conducted mobile roadside monitoring campaign
in 2019-2020. In that campaign, short-term measurements
were made from a parked vehicle at 309 roadside locations,
with about 30 visits made to each site. For the present study,
the investigators also conducted analyses of UFPs using
mobile on-road monitoring data for a total of 5,878 road
segments. Each 100-meter segment was visited an average
of 28 times. Further analyses were conducted on PM, , and
NO, concentrations collected using low-cost sensors at about
115 fixed monitoring sites in 2017-2020, combined with
regulatory monitoring data from a much longer time period
(Commentary Table 2).

The investigators used either the full dataset or subsets of
measurements to develop annual average exposure estimates
using a suite of models, including universal kriging, spatio-
temporal models, machine learning, and other advanced sta-
tistical models (Commentary Figure 1). The study leveraged

Commentary Table 1. Annual NO, and PM, , Standards in the US, EU, and WHO

Organization Annual PM, ; (ng/m?) Annual NO, (ng/m?) Notes

US EPA (2024) 9 100 NAAQS

US EPA (Previous) 12 100 Previous NAAQS

EU (2024) 10 20 Limit value for 2030

EU (Previous) 25 40 Previous limit value

WHO (2021) 5 10 Air Quality Guidelines

WHO (Previous) 10 40 Previous Air Quality Guidelines

NAAQS = National Ambient Air Quality Standards.
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Commentary Table 2. Summary of Data and Analyses Conducted

Monitoring Data

Main Pollutants
(UFP Device?)

Exposure Model

Type of Analysis

Aim

Report

Chapter

Mobile roadside

Mobile roadside

Mobile roadside

Mobile roadside

Mobile roadside

Mobile on-road

Low-cost sensors

UFPs (NanoScan)
UFPs (NanoScan)

UFPs (P-Trak)

UFPs (P-Trak)

UFPs (NanoScan,
P-Trak, and
DiSCmini), BC,
NO,, CO,, PM,

UFPs (P-Trak)

PM, , and NO,

Universal kriging
Universal kriging

Universal kriging

Universal kriging
and machine
learning

Universal kriging,
machine learning,
and multipollutant

Universal kriging

Spatiotemporal

Exposure model performance,
health estimates

Health estimates corrected for
exposure measurement error

Costs and logistical requirements

Exposure model performance,
health estimates

Model performance

Exposure model performance,
health estimates

Exposure model performance,
health estimates

1,3

2,3

1,3

1,3

4

2The UFP instruments are TSI NanoScan 3910, TSI P-Trak 8525, and Testo DiSCmini.

Commentary Figure 1. Schematic overview of the study design.
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detailed air pollution and cognitive function data available at
baseline (1994 or later) from the Adult Changes in Thought
(ACT) study in Seattle, which is a cohort study of about 5,400
individuals 65 years of age or older (Box 1).

AIR POLLUTION MONITORING
Mobile Monitoring Campaign of UFPs

UFPs were measured with three different instruments: a
P-Trak, a NanoScan, and a DiSCmini. All instruments measure
particle number concentration but differ in the measurement
principle and size ranges captured. Different instruments
were used for the analyses across the chapters (Commentary
Table 2).

The investigators leveraged real-time mobile monitoring
data of UFPs that were collected along nine predefined routes
during a year-long campaign from March 2019 to March 2020
using a hybrid vehicle. A total of 309 sites off the side of the
road were selected for short-term monitoring along the routes.
These sites were intended to represent cohort participants’
residential locations, which were on average 611 meters away
from their closest roadside measurement site.

Air pollution measurements at the roadside mobile
monitoring sites were made for 2 minutes while the vehicle
was parked (visits). Visits were repeated on average 30 times
throughout the monitoring campaign, and thus, about an hour
of data was collected at each site. To obtain a representative
annual average, the monitoring was temporally balanced to
ensure that all sites were visited during all four seasons and
all days of the week, including weekends, and at both early
morning and late evening hours (from 5 a.m. to 11 p.m.).

The median of the real-time data was calculated for each
visit. Then the investigators transformed the data to reduce
the influence of possible extreme values by winsorizing.
They winsorized the data across all visits for each site, which
replaces values at the tails of the distribution with a fixed
percentile value. Values below the 5th and above the 95th
percentile were replaced with the values at those thresholds.
The winsorized data were then averaged over all visits,
log-transformed, and used for subsequent exposure modeling.
The mobile roadside monitoring data were used in most of the
analyses in the report (Chapters 4, 5, 8, and 9) to investigate
their influence on exposure, measurement error, costs, and
health estimates.

The investigators also conducted on-road measurements
between roadside sites along the nine predefined routes,
totaling 1,069 km in the 1,200 km? study area. The on-road
measurements were aggregated to 100-meter road segments
for a total of 5,878 road segments. Each segment was visited
an average of 28 times. The investigators excluded some road
segments to represent long-term residential exposure better,
such as interstates and highways with restricted access, and
road segments with fewer than 23 repeat visits.
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Box 1: What Is the ACT Study?

The ACT study is a population-based cohort of older
cognitively unimpaired adults (65 years or older) in the
greater Seattle area. The goal of ACT is to study factors
that affect brain aging. Recruitment for the study began in
1994, with a second recruitment wave in 2000, followed
by continuous enrollment starting in 2005. Participants are
randomly selected from Seattle area members of Group
Health Cooperative (now Kaiser Permanente), which is a
health maintenance organization. Participants are evaluated
every 2 years, where a wealth of data is collected about
participants’ medical care, physical health, and cognitive
health, including their memory and thinking abilities. For
the current study, 5,409 participants were included with
available information on cognitive function at baseline.

Cognitive function was measured with the Cognitive Abil-
ities Screening Instrument (CASI), which is a 40-item cog-
nitive test that assesses a broad range of cognitive domains
(e.g., attention, memory) using scores ranging from 0 to
100. CASI scores were transformed using Item Response
Theory (IRT), allowing for a more nuanced interpretation
of cognitive function compared to a simple raw total score
on the CASI test. For the air pollution analysis, the scores
were normalized with values less than 0 indicating lower
cognitive function and scores above 0 indicating greater
cognitive function than average.

From 2017 to 2020, the ACT study added air pollution
measurements from a mobile monitoring campaign and
a low-cost fixed-site monitoring campaign specifically
designed to represent outdoor exposures for the ACT
cohort, which was used in the current study (ACT Air
Pollution study).

For more information on the ACT study, go to https://www.

actagingresearch.org/index.php.

The median of the real-time data was calculated for each
100-meter segment (equivalent to about 10 seconds of observa-
tions per visit). Similar to the mobile roadside data, the on-road
data were winsorized at the segment level before averaging,
and then log-transformed after averaging over all sampling
days. On-road UFP data were further adjusted in some anal-
yses to reduce the influence of localized on-road plumes to
better represent concentrations at residential locations. Prin-
cipal components analysis was used to partition simultaneous
on-road measurements of multiple pollutants and identify
those pollutants associated with localized plumes. An absolute
principal component scores model was then used to adjust the
UFP data in an iterative process that also leveraged the mobile
roadside measurements, as described in detail in Doubleday
and colleagues (2023). The mobile on-road monitoring data
were used in Chapter 6 of the report to investigate their influ-
ence on exposure and health estimates.
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Low-Cost Sensor Data for PM, . and NO,

The investigators leveraged outdoor PM, . and NO, data
from a low-cost sensor campaign conducted in 2017-2020 at
about 115 fixed sites, most of them at ACT study participants’
residences. PM,, and NO, were measured with a Plantower
sensor (PMS A003) and an Alphasense sensor (B43F), respec-
tively. Detailed quality control was conducted. The low-cost
sensor data were calibrated daily, using regression models
from co-located regulatory measurements, which are described
in detail elsewhere (Zuidema et al. 2021; Zusman et al. 2020).

Low-cost sensor data were used in models (see below) that
combined them with data from regulatory monitors and other
research-grade monitors from many additional locations from
1978 (1996 for NO,) to 2020 to explore the added value of
low-cost sensor data and its design features. In total, PM,
and NO, data from those other data sources were available at
80 and 375 additional locations, respectively. In particular,
a snapshot campaign of two or three 2-week measurements
at 110 roadside locations conducted in 2018-2019 added
substantial spatial information to the models for NO,.

The investigators averaged all data into 2-week averages.
The data were highly unbalanced, with some locations pro-
viding longer time series of data, and with only one or a few
2-week observations in other locations. The low-cost sensor
data were used in Chapter 7 of the report to investigate their
influence on exposure and health estimates.

AIR POLLUTION MODELING
Universal Kriging and Spatiotemporal Models

The investigators subsampled mobile monitoring data to
evaluate various exposure assessment study design features,
such as fewer visits per site, fewer days of the week, restricted
hours of the day, and fewer seasons. The investigators eval-
uated the impact of those reduced features for both roadside
and on-road mobile data. In addition, for the on-road data,
they also tested a temporal adjustment for unbalanced
diurnal sampling using a fixed-site background monitor and
employed a plume correction method to reduce the influence
of localized on-road plumes. Each alternative design was
resampled 30 times, totaling 480 different design options that
were tested for the primary analyses using mobile roadside
data.

The investigators used either the full dataset or subsets of
measurements to develop annual average exposure estimates
using universal kriging models with dimension reduction
using partial least squares (for brevity: universal kriging
models). Separate models were developed for roadside and
on-road mobile data. A suite of geographical covariates (about
200 variables) was available for inclusion in the models,
including indicators of land use, roadway proximity, and
population density.

Similarly, the investigators subsampled low-cost sensor
data to evaluate designs with varying sampling durations,

repeated measurements across periods, and sampled loca-
tions. Using the subsets of data, they developed up to 20
different spatiotemporal PM, . models that were designed
to accommodate highly imbalanced data. Note that all spa-
tiotemporal models included all data from the regulatory
monitors and other research-grade monitors.

They assessed the performance of each model using
cross-validation (mobile monitoring data) or a combination
of cross-validation and external validation (low-cost sensor
data). They reported several measures of performance, includ-
ing the root mean squared error (RMSE) and the MSE-based
explained variance (MSE-R?). The latter was used instead of
the more common regression-based R? because it evaluates
whether predictions and observations are the same (i.e., are
near the one-to-one line), rather than merely correlated. As
such, MSE-R? assesses both bias and random variation around
the one-to-one line. Because of resampling each alternative
design, the median of the performance measures and the
distribution were reported in the analyses using mobile
monitoring data. The models using all data from the mobile
roadside campaign or all the low-cost sensor data were taken
as reference models.

Machine Learning Models and Other Advanced
Statistical Methods

Leveraging all data from the mobile roadside campaign
— thus no subsets — and using all pollutants measured
(UFPs, BC, PM, ;, NO,, and CO,), the investigators explored
the use of advanced statistical methods beyond the universal
kriging model. They developed several machine learning
models (six per pollutant), including spatial random forest,
that allowed nonlinear and highly complex relationships
between geographical predictor variables to be incorporated.
They compared the performance of the different models to the
earlier-mentioned universal kriging model, which was used
as the reference model.

Moreover, because machine learning models are often
considered a “black box,” they developed a new “variable
importance metric” in this study to aid in selecting and
interpreting the models. They demonstrated the utility of this
metric with the spatial random forest model.

All models developed up to this point were single-
pollutant models. In one section of the report, the investiga-
tors describe the development and application of a spatial
multipollutant model of multiple properties of UFPs (from all
three instruments), BC, and NO,. The model uses a new prin-
cipal components-based dimension reduction algorithm that
considers the spatial patterns in the data while optimizing
extrapolation to locations without measurements. The report
presents maps of the first three principal component scores
for the Seattle area, which highlight the airport and major
roads as multipollutant sources. The use of this approach for
health estimates analyses of mixtures is identified as future
work and is not further summarized in the Commentary.
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Those advanced methods were used in one chapter of the
report (Chapter 8).

HEALTH ESTIMATES

Each model, except for the multipollutant model, was
used to predict the 5-year average UFPs or other pollutant
exposures prior to the cognitive function measurement that
was obtained at baseline (1994 or later). This exposure was
assigned at the residential address level and accounted for
residential mobility over the 5 years prior to baseline. The
investigators then assessed the association between the 5-year
average exposure from each exposure model and baseline cog-
nitive function using standard linear regression. Each model
was adjusted for participant age, sex, education, and calendar
year (confounder model 1), and associations were expressed
per interquartile range of exposure. Results presented in
Chapters 4 (mobile roadside data for UFPs) and 6 (mobile
on-road data for UFPs) were also adjusted for participant race
and socioeconomic status (confounder model 2).

The adjusted associations using the all data exposure
model from the mobile roadside campaign for UFPs or from
the low-cost sensor data for PM, , and NO, were taken as the
reference models. To add context, the associations for cogni-
tive function from the reference models were also expressed
as the equivalent of cognitive decline due to aging for a certain
number of months.

EXPOSURE MEASUREMENT ERROR ADJUSTMENT

The universal kriging model using all data from the mobile
roadside campaign was taken as the reference model in many
of the analyses, assuming that those estimates were the best
representation of the true annual average. However, even
this model contains exposure measurement errors that are,
for example, related to the number of locations and times
sampled or related to the level of smoothing when fitting the
data. Hence, the investigators applied their previously devel-
oped bootstrap methods (e.g., Bergen et al. 2016; Szpiro et al.
2011a, 2011b) to quantify the exposure measurement error in
the reference model for UFPs, and to correct the health effect
estimates accordingly. A key assumption in the measurement
error approach — spatial “compatibility” of monitoring sites
and cohort locations — was met because the mobile monitor-
ing campaign was specifically designed to capture exposures
for the ACT cohort.

Note that the exposure measurement error was not quan-
tified for the UFP models using subsets of mobile monitoring
data or for PM, , and NO, models using low-cost sensors.

COSTS AND LOGISTICAL REQUIREMENTS

Using similar exposure design features and universal
kriging models as described earlier, the investigators explored
the trade-offs between exposure model performance and
logistical features (both cost and time) to identify optimal
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monitoring designs. The investigators used the data from the
mobile roadside campaign for those comparisons, with the
UFP comparisons only considering the P-Track instrument
data. They conducted similar cost—performance analyses
using PM, , and NO, low-cost sensor data, but this analysis
was described mostly in the Additional Materials and hence
not summarized in this Commentary.

They included both up-front and per-drive day costs
informed by their own monitoring experience and expendi-
tures for the ACT Air Pollution study. Examples of up-front
costs include the purchase of the P-Trak instrument, software
development, and various preparation efforts. Most of these
costs did not vary by monitoring design. The per-drive-day
cost included the cost of staff time for driving, vehicle use, and
data management. They expressed the cost as the number of
working days, assuming fixed staff costs. They also explored
the addition of multiple instruments and pollutants, as well
as the addition of a premium for staff working evening and
weekend hours. Note that the monetary analysis did not con-
sider costs related to data management and analysis related to
exposure model development, which is commonly performed
after the monitoring campaign has been completed.

SUMMARY OF RESULTS

MOBILE MONITORING DATA
Performance of Exposure Models Using All Data

The universal kriging reference model using all UFP data
from the mobile roadside campaign had a cross-validated
MSE-R? value of 0.65 (NanoScan) and 0.77 (P-Trak). The
cross-validated MSE-R? values were 0.65, 0.76, and 0.77 for
BC, PM, , and NO,, respectively.

2.5°

The universal kriging model performed slightly better
— up to an increase of 0.10 in MSE-R* — than the various
machine learning models for all pollutants except for BC,
where similar performances were observed.

Performance of Exposure Models Using Subsets of Mobile
Monitoring Data

The universal kriging models with restricted mobile
roadside sampling of UFPs almost always produced lower-
performing exposure models compared to the reference
model. Models based on datasets with sampling restricted to
only one season, sampling conducted only during business
hours, and those with few visits to high variability sites had
the lowest performance (MSE-R? of 0.43-0.48) (Commentary
Table 3).

Predictions from most designs were highly correlated with
predictions from the all data campaign (median Pearson cor-
relations [R] > 0.85), although predictions from the business
hour design were consistently less correlated than those from
all other designs (R = 0.77).
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Commentary Table 3. Performance of Various Exposure Assessment Study Design Features Using Mobile Roadside
UFP Data and Its Impact on the Estimated Association Between UFPs and Cognitive Function Using Confounder

Model 1
Performance of
Design Choice Exposure Models? % Attenuation of the Association®
Reference Association:

All-Data Reference Model 0.65 -0.020 per 1,900 Particles/cm’
Fewer visits

12 0.59 5%

0.53 5%

4 0.51 10%
Fewer seasons for 12 visits in total

4 0.61 0%

3 0.58 5%

2 0.58 15%

1 0.43 15%
Fewer hours

Business hours 0.45 60%

Rush hours 0.56 40%
Spatial balance

Balanced 0.61 0%

Low number of sites with high variability 0.48 10%

High number of sites with high variability 0.59 10%

2 Median of cross-validated MSE-R* from universal kriging models using UFPs (NanoScan) from the mobile roadside campaign.

b % attenuation based on the median values, with associations adjusted for participant age, sex, education, and calendar year (confounder

model 1).

Using mobile on-road UFP data, the investigators found
that most comparisons identified the same design features
or elements as important, although with a few notable dif-
ferences. Spatial balance had a minimal impact on exposure
model performances in the on-road models. Strikingly,
on-road modeling results were generally similar when road
segments were tested 4 times versus 12 times, although the
latter produced more stable results.

Comparison of Health Estimates Using Different
Exposure Estimates

Exposure of UFPs estimated using the reference model was
negatively (adversely) associated with cognitive function at
baseline when adjusted for participant age, sex, education,
and calendar year (confounder model 1). The UFP association
was —0.020 (95% CI: —0.036 to —0.004) per increase of 1,900
particles/cm®. This estimate is equivalent to accelerated aging
of 7.5 months (on average) for cohort participants.

The reduced-sampling designs led to similar findings in
terms of negative (adverse) associations between UFP expo-
sure and cognitive function at baseline. However, the strength

(magnitude) of the observed negative associations sometimes
differed substantially, especially for the business and rush
hours designs, which attenuated associations by up to 60%
(Commentary Table 3).

Notably, the observed negative association in the reference
model disappeared in health models that also adjusted results
for race and socioeconomic status (confounder model 2). The
null findings from the reference model using confounder
model 2 hampered the assessment of the influence of sampling
design on health estimates using different exposure estimates
for UFPs. Hence, for the aims of their project, the investigators
decided to focus on the findings from confounder model 1
throughout the report.

Exposure Measurement Error Adjustment

The observed negative associations using confounder
model 1 were affected more by features of the mobile monitor-
ing design than by accounting for exposure measurement error
in the reference exposure model. The investigators reported
only a modest influence on the observed negative associations
when results were adjusted for exposure measurement error
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in the reference model (6% on the association, 13% on the
confidence intervals).

Costs and Logistical Requirements

The investigators found that a mobile monitoring study
with roadside sampling of UFPs with at least 12 visits per
location optimized exposure model performance while also
limiting costs. Furthermore, the investigators noted that it
is important that the mobile monitoring campaign covers
all days of the week, most hours of the day (including early
morning and late evening hours), and at least two seasons.

LOW-COST SENSOR DATA

The addition of low-cost sensor data improved PM, _ expo-
sure modeling. The spatiotemporal model using all data had
a cross-validated MSE-R? value of 0.84, whereas the model
with only the regulatory monitors and other research-grade
monitors had a value of 0.69. Furthermore, increasing the
number of low-cost sensor locations and repeated measure-
ments resulted in better exposure model performance.

In contrast, in most comparisons, the addition of low-
cost sensor data improved the NO, estimates only slightly
in models that combined data from regulatory monitors
and other research-grade monitors. For example, the cross-
validated MSE-R? value increased from 0.82 to 0.85 in a
spatial comparison. Reasons may relate to the large amount
of spatial information already in the model from many addi-
tional locations (375 in total), using other data sources that
were not available for PM, |

Largely null findings were reported between PM, ;, NO,,
and cognitive function for the various spatiotemporal expo-
sure models with and without low-cost sensor data using
confounder model 1. The null results thus hampered the
assessment of the influence of adding low-cost sensor data for
health effect estimates.

HEI IMPROVED EXPOSURE ASSESSMENT
STUDIES REVIEW PANEL’S EVALUATION

In its independent review, the HEI Review Panel thought
the study was well-motivated and appreciated that it lever-
aged detailed air pollution and cognitive function data from
the ACT study in Seattle. They thought the study was com-
prehensive, with thorough analyses and findings that will be
of broad interest and value to a wide audience.

STRENGTHS OF THE STUDY

The Panel noted several strengths of the research. First,
the Panel recognizes the benefits of an extensive year-long
mobile monitoring campaign that includes both roadside and
on-road sampling. The investigators leveraged a rich dataset
on UFPs and other pollutants that covered various times of
day between 5 a.m. and 11 p.m., weekdays, and weekends
— thus including those times of day when people might
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be more likely to be at home — and all four seasons. Many
other mobile monitoring campaigns have collected less data,
sampled during more restricted periods, such as business
hours only, or had short monitoring durations lasting only
a few weeks or months. Some of those studies have used
continuous measurements at a fixed reference site to account
for temporal variation (Kim et al. 2023).

Second, using this detailed dataset, the investigators eval-
uated various exposure assessment study design features and
provided practical guidance on future mobile monitoring cam-
paigns. Developing this guidance addressed a clear research
gap and should be of interest to a wide audience. The consid-
eration of the study design costs in developing the guidance, as
informed by their experience, was also appreciated.

Third, the extensive air pollution exposure modeling and
rigorous evaluation of their performance are strengths of the
study. The investigators developed a suite of models, includ-
ing universal kriging, spatiotemporal models, machine learn-
ing, and other advanced statistical models. The large number
of geographical covariates (about 200 variables) available
for inclusion in the models was notable. The development
of a novel variable importance metric that is applicable to
machine learning methods such as spatial random forest may
be an important contribution. Moreover, the investigators
reported several measures of performance to test accuracy and
possible bias — thereby providing an in-depth performance
assessment.

Fourth, the Panel found that the analysis to adjust for
exposure measurement error in the health analyses was a
valuable contribution. Accounting for the inherent (spatially
varying) uncertainty and biases in modeled estimates of air
pollution remains largely an unresolved problem in air pollu-
tion epidemiology (Samoli and Butland 2017; Sheppard et al.
2012), and advances in this area are much needed.

Fifth, the Panel was impressed by the large number of
publications resulting from the work, as nicely documented
in the report’s annotated bibliography.

Although the Panel broadly agreed with the investigators’
conclusions, some limitations should be considered when
interpreting the results, as explained next.

FOCUS ON UFPs AND USE OF DIFFERENT
INSTRUMENTS

Although the HEI-funded work encompassed analyses of
multiple pollutants, most of the report is focused on UFPs
from mobile monitoring or PM,_ and NO, from low-cost
monitoring. Few comparisons across pollutants are included
in the main report, although more information is presented in
the Additional Materials and other publications. The Panel
thought this limited the generalizability of the findings and
that additional research is warranted for the other pollutants.

For the evaluation of exposure design features using
mobile roadside and mobile on-road monitoring data of UFPs,
findings were presented in different stand-alone chapters,
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and different instruments were selected (a NanoScan and a
P-Trak) for various analyses. This difference makes a direct
comparison between the two monitoring approaches difficult.

Those instruments differ in the size range captured:
10—420 nm for the NanoScan and 20-1,000 nm for the P-Trak.
The lower cut-off measurement is usually critical because
most UFPs are smaller than 20 nm and not captured by the
P-Trak (HEI Review Panel on Ultrafine Particles 2013). Even
small differences in the lower cut point in the range below 20
nm can lead to substantial differences in the particle number
concentration. The very small particles (< 20 nm) are also the
particles that might exhibit the highest variability in space and
time (HEI Review Panel on Ultrafine Particles 2013). Indeed,
in the current study, the NanoScan measured concentrations
that were roughly 50% higher than those of the P-Trak, with
more variability (contrast).

The investigators did not report detailed information
on particle size distributions, preventing an in-depth par-
ticle size distribution analysis. However, the investigators
conducted sensitivity analyses using P-Trak for the mobile
roadside analyses and reported similar results, alleviating the
concern to some extent. Note that they could not conduct a
similar sensitivity analysis using the NanoScan for the mobile
on-road analyses because of the time resolution (60 seconds
for NanoScan versus 1 second for the P-Trak). The investiga-
tors also added a qualitative comparison section of the two
monitoring approaches in the synthesis chapter, based on the
Panel’s recommendation, which was appreciated.

REMOVING THE INFLUENCE OF POSSIBLE EXTREME
VALUES

The investigators calculated medians for each visit (or
segment), winsorized across all visits for each site, and then
log-transformed the data for subsequent exposure modeling.
All three approaches are meant to reduce the influence of
possible extreme values and increase evenness in the data.
A sensitivity analysis to investigate how each approach — in
particular winsorizing the mobile monitoring data — would
affect the exposure models was missing from the report. A
more thorough examination of the influence of possible
extreme values was, however, included in an earlier paper
(Blanco et al. 2022).

The Panel concluded that winsorizing the data improved
exposure model performance for some pollutants (e.g., BC,
NO,, PM, ) but not consistently for UFPs, which was the focus
of most of the report. For example, in Blanco and colleagues
(2022), the “median of medians” approach had improved
out-of-sample model performance in terms of lower RMSE
and near identical MSE-R? values compared to winsorizing,
particularly for the NanoScan and P-Trak instruments used in
Chapters 4 and 6. The investigators justified their approach to
also winsorize UFPs for “consistency across pollutants,” but
as it turned out, only limited comparisons across pollutants
were included in the report.

THE HEALTH ANALYSES WERE CONSIDERED LIMITED

The Panel members thought the study’s main strengths lie
in its contributions to methodological development regarding
improved exposure assessment design rather than the evalu-
ation of health estimates. Although the Panel appreciated the
complexities involved, the health analyses were considered
limited for three reasons.

First, most exposure models used were based on measure-
ments conducted up to 25 years after the health outcome. The
Panel thought the investigators could have used health out-
come data from later years to better align with the 2019-2020
exposure models from the ACT study, which is an ongoing
cohort with participants who are followed up every 2 years.
This temporal mismatch between the period captured by the
mobile measurements and the exposure window most relevant
for epidemiological purposes is also apparent in some other
cohort studies investigating UFPs (e.g., Alexeef et al. 2018; Bai
et al. 2019; Downward et al. 2018; Pond et al. 2022; Weichen-
thal et al. 2017, 2024). However, the temporal mismatch in
other studies is typically shorter (e.g., up to 10 years after the
end of follow-up), and some of those studies (e.g., Weichenthal
etal. 2024) applied a back-casting procedure using supplemen-
tal data to partially overcome the lack of air pollution data in
earlier years. The investigators did not apply a back-casting
procedure, although one was originally proposed, and assumed
that air pollution exposure surfaces remained constant over all
that time, which is a large assumption that they did not test in
the report. The Panel thought this assumption is difficult to
defend because air pollution concentrations have been declin-
ing over the past few decades in many high-income countries,
due largely to successful air quality regulation and subsequent
reductions in emissions from major air pollution sources,
including transportation and power generation (Boogaard et al.
2024; US EPA 2016, 2022; WHO 2021).

Second, the health analysis was a cross-sectional analysis of
one measure of cognitive function. In the original application,
the investigators planned to use longitudinal data on cognitive
decline and dementia incidence from the ACT cohort. Because
of delays in accessing the health data and because the models
they developed were more computationally intensive than
expected, the investigators decided to conduct the current
health analysis within the scope of the current project. The
Panel would welcome the more advanced health analyses that
the investigators are planning, as alluded to in the report.

Third, the Panel was concerned that residual confound-
ing was likely in the analyses (confounder model 1) due to
inadequate adjustment for characteristics that are correlated
with air pollution and cognitive function, most notably
socioeconomic status. Findings differed for models that
adjusted for race and socioeconomic status (confounder
model 2) compared to those that did not (confounder model
1), as documented in Chapters 4 and 6 of the report. The Panel
thought the authors should have adjusted for socioeconomic
status in all health analyses. The Panel also noted the lack of
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information on potential individual lifestyle covariates, such
as smoking.

For those reasons, the investigators avoided the use of
causal inference language in the report, as supported by the
Panel. Nevertheless, the Panel recommended caution when
interpreting the findings of the health analyses.

USE OF REAL-WORLD DATA VERSUS SIMULATIONS

The Panel thought simulations would have complemented
the study because of the limitations in the health analyses
using real-world data. In particular, the null findings from the
reference exposure model using confounder model 2 hampered
the assessment of the influence of sampling design on health
estimates using different exposure estimates. An advantage
of using simulated data is that the underlying “true” health
effects are known in that scenario, and one can systematically
test one feature while holding all other conditions constant.
The challenge with simulation studies is that they might not
adequately represent the real world. Some carefully designed
simulations, along the lines discussed in the report, could have
shed light on the differing health results between confounder
models. However, this would have increased the scope of the
project beyond what the investigators originally proposed.

GENERALIZABILITY OF GUIDANCE ON MOBILE
MONITORING CAMPAIGNS

The investigators provided practical guidance for the imple-
mentation of future mobile monitoring campaigns. However,
the Panel had some concerns about the generalizability of the
findings related to the improved exposure assessment design.
The air pollution exposure estimates in the analyses were
relatively low, and the variability (contrast) was limited. The
average UFP concentrations were low (10,000 particles/cm?
measured with the NanoScan), typical of urban background
areas in North America, and lower than typical near-roadway
locations. Concentrations of the other pollutants were similarly
low; for example, the average PM, . concentration measured
using low-cost sensors was 6 pg/m?, and the interquartile range
was 1 pg/m?® Also, Seattle has a temperate climate charac-
terized by moderate temperatures with mild winters and dry
summers with little extreme heat or cold.

The performance of the different reduced-sampling models
was compared against the reference model, which included
all roadside monitoring data. Results and recommendations
regarding adequate or optimal numbers of sites and visits
might be specific to the Seattle area and the time period of the
study. Relatedly, it is important to mention that the mobile
monitoring campaign was specifically designed to capture
exposures for the ACT cohort (in other words, the monitoring
sites and cohort locations were spatially “compatible”). In
other studies, residential locations of interest might not be
known in advance, so monitoring routes might need to be
selected based on different criteria. Earlier campaigns have
often selected monitoring locations based on maximizing
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air pollution variation by including different geographic
features, land uses, or different sources of air pollution (Kim
et al. 2023).

Thus, some caution is warranted in generalizing the find-
ings, and further research in other cities would be helpful to
assess the generalizability of the specific findings related to
exposure assessment design. Note that the findings were not
affected by the COVID-19 pandemic in 2020 because monitor-
ing was completed before that time.

COMPARISON OF MOBILE MONITORING GUIDANCE
WITH OTHER STUDIES

Regarding the guidance on future mobile monitoring
campaigns, the number of repeated measurements (12 visits)
per location that the investigators considered optimal aligns
with an intensive mobile on-road monitoring study using
Google Street View cars in Oakland, CA (Apte et al. 2017).
Apte and colleagues (2017) documented that up to about 10
repeated driving days, the stability of the measured average
concentration of BC, NO, and NO, increased, and after about
20 driving days, the stability of the average did not improve
appreciably with further repeats (Apte et al. 2017). Note that
UFPs were not measured in the Oakland study.

The investigators further emphasized the importance
of including sampling beyond business hours, including
extended times of the day and weekends. However, a recent
analysis, which is part of the HEI report by Gerard Hoek and
colleagues funded under the same RFA as the current study,
did not identify the time of day as an important feature that
would explain some of the heterogeneity of effect estimates
observed (Hoek et al. 2025). Among many other exposure
assessment approaches, Hoek and colleagues compared three
mobile monitoring studies (Kerckhoffs et al. 2016, 2017, 2021)
that excluded rush hours with a study using Google Street
View cars that monitored from 8 a.m. to 10 p.m. on weekdays
in the Netherlands (Kerckhoffs et al. 2022). However, they did
not have access to a mobile monitoring study that covered 24
hours of the day and weekend days, which may partly explain
the difference in findings from these two studies.

Furthermore, Sheppard and colleagues noted that it would
be important that the exposure sampling in mobile monitoring
campaigns include at least two seasons. Although the Panel
generally agreed with the seasonal sampling requirement,
the importance of season might be characterized by patterns
in temperature, sunlight, humidity, precipitation, and
wind (Pérez et al. 2020). Hence, the Panel emphasized that
“seasons” depend on geographical location, and how many
“seasons” exist varies by region.

SUMMARY AND CONCLUSION

The study by Dr. Sheppard and colleagues compared
the performance of different exposure assessment study
design features on long-term exposure estimates in Seattle,
Washington. The investigators determined the impact on
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exposure prediction and health effect estimates using various
approaches to sample data collected from an earlier mobile
monitoring campaign and a fixed-site monitoring campaign
with low-cost sensors. The investigators used either the full
dataset or subsets of measurements to develop annual average
universal kriging models, machine learning models, and other
advanced statistical models. The study leveraged detailed air
pollution data and cognitive function data at baseline (1994)
from the Adult Changes in Thought (ACT) Air Pollution study
in Seattle, a cohort study of older adults.

The study provides practical guidance on future mobile
monitoring campaigns, which addresses a clear research gap.
The extensive year-long mobile monitoring campaign and
the evaluation of various exposure assessment study design
features were strengths of the study. Another strength was the
extensive air pollution exposure modeling and rigorous eval-
uation of their performance. The Panel was also impressed
by the large number of publications resulting from the work.

The investigators found that a mobile monitoring study
with roadside sampling of UFPs with at least 12 visits per
location optimized exposure model performance while
limiting costs. Furthermore, the investigators noted that it is
important that the exposure sampling in mobile monitoring
campaigns covers all days of the week, most hours of the day
(including early morning and late evening hours), and at least
two seasons.

Although the Panel broadly agreed with the investigators’
conclusions, some limitations should be considered when
interpreting the results. Many of the analyses focused on
UFPs, and there were few comparisons across pollutants,
albeit more information is presented in the Additional Mate-
rials and other publications. For the evaluation of exposure
design features using mobile roadside and mobile on-road
monitoring data of UFPs, findings were presented in different
stand-alone chapters, and different monitoring instruments
were selected for various analyses. This makes a direct com-
parison between the two monitoring approaches difficult. An
analysis investigating how the removal of possible extreme
values affected the subsequent exposure models was missing
from the report, but was included in a paper resulting from
this work.

The Panel recommended caution in interpreting the
findings from the health analyses and thought some carefully
designed simulations would have complemented the real-
world health study. The health analyses were considered
limited, particularly because most of the exposure models
used were based on measurements conducted up to 25 years
later than the health outcome. In addition, some analyses
lacked adjustment for important confounding variables, most
notably socioeconomic status. Further research in other cities
and pollutants would be helpful to assess the generalizability
of the specific findings related to exposure assessment design.

The comprehensive report includes many findings that
will be of broad interest and value to a wide audience.
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