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Nationwide PM3 5 exposure models typically rely on regulatory monitoring data as the only ground-level mea-
surements. In this study, we develop a high-resolution spatiotemporal PM, 5 model for the contiguous United
States from 2000 to 2019 with dense monitoring data at both regulatory and residential sites. Specifically, we
combine publicly-available data from 1843 regulatory monitors with our own set of multiple 2-week measure-
ments at 939 residential locations. As we show, these additional data enhance the spatiotemporal prediction
capabilities of the model. The model can handle varying data densities and regional variations; it predicts two-
week average PMy 5 concentrations at fine spatial scale for the contiguous United States. Cross-validation per-
formance indicates a spatial R? of 0.93 and a root mean square error (RMSE) of 1.19 (pg/mg), and a temporal R?
of 0.85 and RMSE of 2.05 (pg/m>). Regional spatial R? ranged from 0.80 (northwest) to 0.93 (northeast and
central). Over time, the average PMs 5 across the United Stats decreased from 7.6 pg/m° in 2000 to 4.7 pg/m® in
2019. Our model effectively captured local PM; 5 gradients, highlighting its ability to address fine-scale varia-
tions related to local sources and roadways.

1. Introduction

Ambient fine particulate matter (PMy5) is a major risk factor for
human morbidity and mortality (Cohen et al., 2017). Epidemiological
studies often use advanced exposure models to estimate outdoor PMs 5
concentrations because regulatory monitoring stations provide insuffi-
cient fine-scale spatial resolution (Kaufman et al., 2016; Lepeule et al.,
2014; Di et al., 2017). Spatiotemporal exposure models are valuable in
characterizing spatial contrasts of PM; 5 both between and within re-
gions as well as temporal variability. Traditional modeling approaches
include land use regression (LUR) (Lepeule et al., 2014; Wang et al.,
2014; Eeftens et al., 2012), deterministic models (Wang et al., 2015;
Laurent et al., 2016) and aerosol optical depth (AOD) from satellite
observations (Kloog et al., 2012; Knibbs et al., 2018; Hu et al., 2017), all
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of which have been widely used for national population studies in the
United States. However, all of these methods have limitations. Deter-
ministic modeling and AOD approaches typically have a grid resolution
measured in km?s, which typically is not spatially resolved enough to
characterize exposures at very local scales. LUR, which employs statis-
tical methods to combine air pollution data with variables from
geographic information systems (GIS), is suitable to characterize
small-scale spatial variability of PMj 5 concentrations. However, some
LUR models do not explicitly account for temporal variability (Bechle
et al., 2015) and most LUR approaches would not be able to readily
incorporate temporally sparse monitoring data, such as data from
measurements at residential locations (Jerrett et al., 2005; Di et al.,
2019).

More recently, efforts have been made to improve model
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performance by integrating a wider variety of data resources, including
monitoring data with LUR and deterministic models and satellite pre-
dictions, in one framework (Di et al., 2019). Applications of that
modeling approach for have been reported at a national or continental
scale such as Europe (de et al., 2016; Chen et al., 2019; de et al., 2018;
Vienneau et al., 2013), United States (Hu et al., 2017; Jerrett et al.,
2005), Australia (Knibbs et al., 2018) and China (Xu et al., 2019; Xiao
et al., 2018; Huang et al., 2021). Epidemiologic studies have suggested
stronger associations between PMj; 5 exposure and mortality using more
advanced exposure models (Jerrett et al., 2017).

Despite the fast evolution of modeling algorithms for large-scale
exposure assessment, most of the spatiotemporal modeling efforts are
based on publicly-available monitoring data as the only ground-level
measurements for air pollution. Some researchers have argued that
regulatory monitoring data may be less useful for capturing fine-scale
concentration variations such as roadside increments of PM, 5 caused
by traffic emissions in urban areas, resulting in underestimation of PMj 5
exposure for some segments of the population samples near traffics
(Jerrett et al., 2005). If that is the case, then exposure estimates used in
epidemiological studies may not sufficiently capture PMs s contrast
between and within regions, leading to misclassifications of exposure
and attenuation of the estimated health effects (Miller et al., 2007). On
the other hand, many intra-urban exposure models employ air pollution
data from monitors designated to capture human exposure, which pro-
vided sufficient details to estimate fine-scale PM, 5 variations (Ryan and
LeMasters, 2007). In a previous study, we demonstrated that incorpo-
rating data from cohort-specific monitors with regulatory monitoring
data can provide accurate predictions at the intraurban spatial scale
(Keller et al., 2015). However, this approach has not been applied to the
development of national PMj 5 model in the United States.

In this paper, we develop a national scale spatiotemporal model for
PM, 5 that leverages an advanced statistical framework, an extensive
database of geographic covariates, nationwide PM; 5 regulatory moni-
toring stations, and intra-urban research monitoring sites collected at
selected fixed sites and individual homes to accurately predict concen-
trations at a very finely resolved (<10 m resolution) spatial scale.

2. Methods
2.1. Study regions

We developed a PM; 5 exposure model for the 48 contiguous United
States (i.e., excluding Alaska and Hawaii). To account for heterogeneity
in PMj, 5 distributions attributable to variations in climate conditions,
pollution sources, and terrain, we subdivided the country into nine
modeling regions, coded as northwest, west, southwest, west north
central, south, east north central, central, northeast, and southeast,
based on National Oceanic and Atmospheric Administration climate
regions (Fig. S1). Therefore, each climate region may have homogenous
climate over space. This approach allows for different model parameters
optimized for specific regions of the country, including kriging param-
eters and regression coefficients. A regionalized modeling approach for
national air pollution assessment has been used previously for nitrogen
dioxide and was shown to improve predictive performance (Young et al.,
2016). To make predictions near the boundaries of climate regions,
within 100 km buffer zones we averaged regional predictions using in-
verse distance weighting (IDW).

2.2. Monitoring data

Monitoring data include (1) publicly-available continuous long-term
measurements from the Air Quality System (AQS) including sites from
the Interagency Monitoring of Protected Visual Environments
(IMPROVE) of the U.S. Environmental Protection Agency (EPA), (2)
spatially dense but temporally sparse residential monitoring data from
cohort-specific campaigns, including the Multi-Ethnic Study of
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Atherosclerosis and Air Pollution (MESA Air) (Cohen et al., 2009) and
the Subpopulations and Intermediate Outcome Measures in COPD Air
Study (SPIROMICS Air) (Hansel et al., 2017), and (3) fixed-site moni-
toring from the same studies (MESA Air; SPIROMICS Air), designed to
capture important intra-urban features such as the effect of being near
roadways (Fig. S2). Herein, we refer to these three datasets as AQS or
regulatory monitors, residential monitors, and fixed-site monitors,
respectively. “Non-regulatory” refers to the combined dataset of resi-
dential and fixed site monitors.

We included 1843 p.m.5 5 AQS monitoring stations with data be-
tween 2000 and 2019. Daily averages of PM; 5 data at the AQS moni-
toring sites were aggregated at a 2-week time scale to account for
sampling every 3 or 6 days at some sites and to match the temporal scale
of the residential monitors. We excluded monitoring sites with less than
2 months of continuous data.

Non-regulatory monitors were at 911 participants’ addresses with
between one and three 2-week averages per site, and at 28 fixed sites
operated continuously for between one and four years in ten metro-
politan areas (Seattle, WA; San Francisco, CA; Los Angeles and River-
side, CA; St. Paul, MN; New York, NY; Winston-Salem, NC; Chicago, IL;
Ann Arbor, MI; Salt Lake City, UT; Baltimore, MD). These data captured
PM, 5 residential exposure in the US communities, providing additional
information to strengthen the model. The data have shown good
agreement and little bias with those from the located AQS sites (Keller
et al., 2015).

Monitoring sites were assigned to one of the nine climate regions,
with sites in the overlapping buffer zone belonging to multiple regions.

2.3. Geographic covariates

More than 220 geographic covariates were included for the region-
alized spatiotemporal model development (Table S1). Variables
included geographic features — such as road networks (e.g., distances to
nearby major roads and, within buffers, length of roads and truck routes,
and counts of intersections), industrial and port emissions, population
density, land use (e.g., commercial space), and land cover (e.g., green
spaces) — averaged over multiple radial buffer distances. Similarly, we
incorporated annual averages of specific emission sources for NOx, SO2,
CO, PM; 5 and PM( from the U.S. EPA Emission Inventory Groups. We
also included annual average satellite-measured ground-level NO, for
2005 to 2007. The ground-level measurement data were estimated by
columnar satellite data processed by GEOS-Chem reactive transport
model and was used to capture traffic emissions with a resolution of 13
x 24 km? %, Details of the geographic variables and their selection
criteria are described in a previous publication (Keller et al., 2015; Wang
et al., 2016).

2.4. Spatiotemporal modeling strategy Overview

We developed a hierarchical modeling strategy to fully accommo-
date the unique features of our monitoring data. First, we developed
separate models for each region to generate region-specific modeling
parameters, optimized using restricted maximum likelihood (REML).
Second, we evaluated the overall performance of the regionalized
models in the contiguous United States by combining the predictions
from cross-validation across the nine climate regions. This data inte-
gration takes the differences of predictions within the boundary buffer
area into account using the inverse weights based on distance to the
boundary to average the predictions at the same site that belongs to
different neighborhood climate regions. Finally, we estimated long-term
PM, 5 concentrations in each region and stitched the predictions to the
national scale with the overlapping area averaged by inverse distance
weighing as mentioned above. Technical details of implementation,
including the model structures and principles, evaluation approaches
and applications of the models for PM, 5 have previously been reported
for citywide studies, and are described briefly below (Keller et al., 2015;
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Wang et al., 2016).

2.5. Model development

Each regionalized model is comprised of a spatio-temporal trend
model and spatio-temporal residuals, written as

C(s,t) =pu(s,t) +v(s,0), (€8]

where C(s,t) denotes the two-week average concentration of PMj 5 at
location s and time t; y(s, t) represents the spatio-temporal mean surface;
and v(s,t) represents the zero-mean spatio-temporal residual variation
which has a spatial correlation structure, but is here assumed indepen-
dent across the two-week periods. The mean u(s,t) is further decom-
posed into a long-term average f,(s) at location s, a linear combination
of temporal trend basis functions f;(t) with spatially-varying coefficient
fields p;(s) as follows:

us,t)=Po(s) + Y. BiSfi(D)- @

We derive the time trends fi(t) from AQS and non-regulatory long-
term fixed sites. Specifically, the trends are computed from a singular
value decomposition (SVD) of the space-time data matrix for the AQS
and fixed sites using the SpatioTemporal R package (Lindstrom et al.,
2014), dealing with missing or incomplete monitoring data using an
iterative expectation-maximization (EM) procedure described in detail
by Sampson et al. (2011).

The spatially-varying long-term average f,(s) and time trend co-
efficients f;(s) are modeled in a universal kriging framework fitted based
on all monitoring data, with a LUR mean and either an exponential or
independent covariance structure. Each LUR mean model is comprised
of component scores computed as linear combinations of geographic
covariates and satellite-based ground-level NO, estimated by Partial
Least Squares (PLS) (Abdi and Williams, 2013). To avoid overfitting risk
while provide adequate feasibility for model development by regions,
we selected 4 temporal trends for each region and the LUR model for
each f;(s) included 3 region-specific PLS scores.

2.6. Model estimation and prediction

Parameter estimation was done via REML using the SpatioTemporal
package in R, version 3.1.1. The first step in REML is a nonlinear opti-
mization to estimate the covariance models in the various kriging co-
variances embedded in the spatiotemporal model described above for all
regions (i.e., range, nugget, and sill for each of the f;(s) and for the
spatiotemporal residual field v(s, t)). For each regional model, we
repeated the estimation procedure ten times on random subsets of the
data, with each subset comprised of 100 AQS sites and all of the non-
regulatory data. For each random subset of the data, we tried multiple
initial conditions, and we selected the kriging parameter estimates that
maximized the REML criterion across all initial conditions and random
subsets of the data, subject to the restriction that the optimization
identified a confirmed local maximum. We used this approach rather
than optimization with all of the data at one time to balance computa-
tional burden with the need to assess multiple initial conditions. The
second stage of REML combines estimating the regression coefficients in
the mean models for the f;(s) with prediction at new sites, and for this
step we used all of the monitoring data together along with the
covariance parameters selected from the first stage.

When making prediction at locations near the boundary of multiple
modeling regions, we used inverse distance weighting as follows:

Wi,
C,= = X Ci' (3)
‘ ;ZWM ‘

i=n

Here, C; denotes the PM; 5 concentration at time t and climate region i.
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VVL[ refers to the weight of PM; 5 exposure under one of the conditions:
(€8] Wi,[ = 0, where the site is out of the climate region with a distance to
the inter-region boundary greater than 100 km; (2) V~Vl-_t =1, where the
site is within the inter-region boundary of the climate region; (3) Wi,t =

190=x where the site is out of the climate region but within the 100 km

buffer zone whose distance is x km away from the inter-region
boundary.

2.7. Model evaluation and predictions

We used 10-fold cross-validation to evaluate the spatiotemporal
model prediction performance at the AQS and fixed sites with long-term
data averaged across the study period, holding fixed the pre-computed
time trends and PLS scores as well as the estimated covariance param-
eters. In each cross-validation run, we left out 10% of the AQS and fixed
sites (all data from each site held out at the same time), trained the
model on the remaining data (90% of AQS and fixed sites; 100% of
residential sites), and made predictions at the held-out locations. We
computed root mean square error (RMSE) and cross-validation R? (for
bi-weekly PMs 5 predictions versus observations across the AQS and
fixed sites) to quantify accuracy (RMSE) and precision (R?) of each
model in predicting the spatiotemporal variability of PM, 5. We evalu-
ated performance in representing spatial variability using the long-term
and annual averages for the AQS and fixed sites, and evaluated the
model performance in representing temporal variability using the me-
dian value of the agreements between the predictions and observations
across individual sites at the two-week scale over the entire study
period. To assess the impact of wildfire event on our model, we
restricted the evaluation among 100 p.m.z 5 monitors that were oper-
ating within 5 km of a fire that lasted two weeks or more. To investigate
model performance away from air monitors, we estimated within-
monitor RMSE as a function of distance to a nearest air monitor.

Using a version of the model trained on all of the monitoring data, we
generated prediction maps to illustrate the features of our model. These
maps include annual and seasonal averages at the national scale (10 km
grid) and detailed maps in Memphis, TN and Minneapolis-St. Paul, MN
comparing predictions at the 10 m, 100m, and 1 km scales.

Table 1

Descriptive statistics for the measurement of PM; s concentrations (ug/ m>) at
AQS and home locations based on two-week averages by study regions (N:
number of sites).

Regions AQS + Home
Fixed
N Median Range N Median Range
(IQR) (IQR)
Northwest 242 5.4 (5.2) (0.1, 25 5.3 (0.9) (3.4,
102.5) 7.4)
West 218 7.4(7.1) 0.2, 185 13.3 0.2,
109.3) (9.5) 55.2)
Southwest 220 5.5 (4.4) 0.2, 36 5.8 (5.5) 1.7,
86.5) 29.2)
Northwest 256 6.4 (5.1) 0.2, 36 5.8 (5.5) 1.7,
central 102.5) 29.2)
Central 660 11.3 (0.9, 272 10.9 a.2,
(5.9) 154.5) (6.9) 58.8)
Northeast 380 10.1 (0.8, 297 9.4 (6.2) 1.2,
central (6.3) 54.8) 58.8)
Southeast 456 10.6 (0.9, 256 12.3 (2.6,
(5.8) 76.9) (6.1) 51.7)
South 349 10.0 (0.6, - - -
5.1) 154.5)
Northeast 380 10.1 (0.8, 257 12.7 (2.5,
(6.3) 54.8) 6.7) 63.6)
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3. Results

Table 1 presents the descriptive statistics for the PMs 5 2-week
averaged observations at the AQS and non-regulatory monitoring loca-
tions by study regions. The AQS and fixed monitoring sites which
captured long-term temporal trends of PMj 5 exposure varied substan-
tially within and across the regions. As expected, the median concen-
tration of PMjy 5 is higher in the central and east regions (e.g., northeast,
southeast, northeast central and south regions) (median: 10.0-11.3 pg/
m?) than in the west regions (e.g., northwest, west, southwest and
northwest central regions) (median: 5.4-7.4 pg/m3). The PM5 5 moni-
tors at the residential locations which characterized fine-scale variations
within a city showed the highest median levels and largest spatial var-
iations among the regions.

Table 2 shows the measures of cross-validated prediction accuracy at
AQS and fixed sites with long-term monitoring data. The national model
shows excellent performance, with overall spatiotemporal R? of 0.87
and an RMSE of 2.66 pg/m® (analogous statistics for annual averages
range from 0.81 to 0.88 and 1.95-3.45 pg/m®) and the overall spatial-
only model performance of an R? of 0.93 and RMSE of 1.19 pg/m>
(analogous statistics for annual averages range from 0.88 to 0.94 and
1.04-1.66 pg/m>). Our model showed moderate performance at pre-
dicting within-site temporal variability with a median R? over the entire
modeling period of 0.85 and RMSE of 2.05 pg/m?®; analogous statistics
for annual averages ranged from 0.80 to 0.87 and 1.24-2.34 pg/m5,
respectively. There was some variability in prediction accuracy by
modeling region (Table S2 and Fig. S3); the southeast region showed the
best model performance (spatiotemporal R? = 0.87, RMSE = 2.16 ug/
m>), the northwest region showed the worst model performance
(spatiotemporal R% = 0.82, RMSE = 3.60 pg/m>). The model performed
equally well in terms of RMSE regardless the distance from a nearest air
monitor (see Fig. S4). Moreover, the predictions in areas with active fires
were underestimated compared to those without active fires (see
Fig. S5).

The first PLS component, which explains the majority of the long-
term mean PMj, s variation, was negatively associated with elevation
and green space (e.g., grass and shrub), and was positively associated
with the features indicating primary emissions (e.g., traffic and

Table 2

Model performances from regular cross-validation (R? and RMSE in pg/m?>) of all
the study areas stitched to the national scale in the United States including
spatiotemporal, spatial and temporal R? respectively, at the AQS and fixed
monitoring sites.

Year Spatiotemporal Spatial Temporal

R (Kaufman RMSE R (Kaufman RMSE R (Kaufman RMSE

et al., 2016) et al., 2016) et al., 2016)
2000 0.86 3.45 0.92 1.66 0.82 2.34
2001 0.84 3.41 0.92 1.65 0.80 2.46
2002  0.88 2.92 0.93 1.47 0.87 1.93
2003  0.86 2.86 0.93 1.40 0.84 2.08
2004 0.86 2.77 0.93 1.37 0.82 2.06
2005 0.88 291 0.94 1.45 0.86 2.15
2006  0.85 2.82 0.92 1.45 0.82 2.03
2007  0.86 2.97 0.92 1.46 0.85 2.06
2008 0.84 2.76 0.90 1.40 0.82 1.83
2009 0.84 2.42 0.90 1.23 0.85 1.54
2010 0.86 2.32 0.93 1.14 0.82 1.62
2011 0.86 2.35 0.92 1.15 0.85 1.62
2012 0.83 2.20 0.90 1.11 0.84 1.43
2013  0.84 2.39 0.89 1.18 0.82 1.37
2014 0.84 2.28 0.90 1.18 0.83 1.43
2015  0.82 2.32 0.89 1.11 0.82 1.50
2016  0.81 2.05 0.89 1.06 0.80 1.28
2017  0.84 2.61 0.88 1.13 0.83 1.31
2018 0.84 3.00 0.88 1.24 0.85 1.39
2019 0.83 1.95 0.90 1.04 0.82 1.24
Total  0.87 2.66 0.93 1.19 0.85 2.05
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anthropogenic factors, including population and impervious surfaces;
see Fig. S6 characterizing the relationships between the first PLS
component and the GIS covariates).

As illustration of the spatiotemporal patterns of PM5 s, spatial maps
of annual average PMj 5 concentrations in the United States are shown
in Fig. 1 in the years of 2000, 2008 and 2016 based on the best regional
model predictions (see all year maps in Fig. S7). PM3 5 concentration are
highest in the central and southeastern U.S., and are relatively low but
most variable in the southwest (Table S3). Regarding the temporal
trends, the national long-term average dropped from 7.6 pg/m® in 2000
to 4.7 pg/m® in 2019, with most substantial reduction occurring in the
eastern parts of the United States, demonstrating the effectiveness of the
Clean Air Act. By seasons, average PM 5 levels are highest in summer
(July-September 2008; population average: 7.8 pg/ms) and lowest in
Autumn (October—December 2008; 5.8 ug/me').

To investigate PMy 5 predictions at fine-scale, we visualize high-
resolution PM, s maps for 2015 in two typical US cities (Memphis, TN,
Saint Paul, MN) and compare the predictions in a 1000 m area with
spatial resolution of 10, 100, or 1000 m (Fig. 2). We observed larger
spatial variations of PMjs 5 concentrations predicted with 10-m resolu-
tion than those with 100- and 1000-m resolution, suggesting that the
model can predict concentration differences at a 10-m scale. The 10-m
resolution predictions reflect, e.g., the dispersion patterns of traffic
emissions along the roadways; they provide spatially more precise pre-
dictions of the residential exposure variations than do the predictions
using 100 or 1000 m resolutions. This was further evidenced in the
transect plots in which substantial variations of PMy 5 exposure were
observed across the cities.

4. Discussion

In this study, we developed a spatiotemporal modeling framework
with hierarchical approaches to combine regionalized predictions into a
national scale. The model incorporated PM; 5 observational datasets
from the AQS monitoring sites and existing fine-scale non-regulatory
monitors (non-regulatory: residential and fixed-site), as well as multiple
predictor variables. The modeling approach performed consistently well
over a 20-year period at the AQS sites. This approach allows the esti-
mation of both short-term and long-term exposures to PM; 5 for epide-
miological studies.

Predicting national PMy5 concentrations across the contiguous
United States has been reported in several studies with various modeling
approaches and varying model performances (Hu et al., 2017; Di et al.,
2019; Jerrett et al., 2017). Notably, a recent study by Di. et al. (2019) (Di
et al.,, 2019) reported a new generation PM; s model based on their
existing model (Di et al., 2017) which included sophisticated
ensemble-based machine learning approach with satellite-derived AOD,
land-use variables, chemical transport model predictions, and several
meteorological variables as major predictor variables. The model
included daily PM; 5 observations from the available AQS monitoring
sites and showed an overall cross-validation spatial R? of 0.89. In
comparison, our model performed better in terms of the cross-validation
spatial R? of 0.93 at the AQS sites and showed a similar declining trend
of prediction ability towards the most recent years. This trend likely
reflects the reduction of variability in PMj, 5 concentrations over time
affected by the success of national long-term air pollution regulations as
well as the fact that several geographical variables (e.g., land use types,
emissions, road networks) may better reflect historical exposure than
those from more recent years (see Fig. S8 for comparison of prediction
maps). Furthermore, both of the studies showed consistently higher
cross-validation R? in the north eastern regions, perhaps because of
better coverage there of air monitors (though the definition of the
sub-regions may differ). Our model outperformed many other national
and regional PMys models in the United States when taking the
spatiotemporal coverage, the resolution and the performances into ac-
count (Hu et al., 2017; Beckerman et al., 2013; van et al., 2019; Reid
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Fig. 1. Annual and seasonal average spatial mapping of PM, s in 3 selected years (i.e., 2000, 2008, and 2016) based on the best regional model predictions stitched to
the national scale in the United States. The best model included all the monitoring sites from both the AQS and non-regulatory monitors. The color scales for all the
maps are the same. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

et al., 2021; Just et al., 1994; Brokamp, 2022; Swanson et al., 2022).
Our hierarchical spatiotemporal approach to modeling PM; 5 at a
national scale has several strengths. First, our statistical model de-
composes the spatiotemporal air pollution field into spatially varying
long-term averages and temporal trends (Lindstrom et al., 2014;
Sampson et al., 2011; Szpiro et al., 2009). This enables us to leverage
highly unbalanced monitoring data to learn about both spatial and
temporal variability at all locations, which is especially important for
incorporating short-term (e.g., two-week average) research monitoring

data at home sites that better represents locations where study subjects
live than long-term regulatory monitoring data (Cohen et al., 2009;
Kirwa et al., 2021; Keller et al., 2017). As with most LUR models, our
predictions are at points, meaning that predictions can be made at
arbitrarily precise geolocated coordinates, and those predictions reflect
the available information from fine-scale geographic features (Fig. 2).
Although some studies applied downscaling approach to refine exposure
at finer scale, an advantage of our approach is that our model is
intrinsically at the point location scale, which means it uses all available
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Memphis, TN

100m PM, 5 Estimate Cells ~ 1000m PM, 5 Estimate Cells  Satellite Image

Minneapolis-Saint Paul, MN

100m PM, 5 Estimate Cells Satellite Image

1000m PM, g Estimate Cells

'

PM2.5 (ug/ m* )

PM2.5 (ug/ m” )
Sabag

Fig. 2. Annual average predictions of PM, s modeled with all sites (AQS + non-regulatory sites) in 2015 in Memphis, TN and Minneapolis-Saint Paul, MN and
comparison of model predictions in a small area (red box) with spatial resolutions of 10m, 100m, and 1000m. The transect plots indicate the spatial variations of
PMS, 5 concentrations across the blue lines in the cities and the small grid cells. (For interpretation of the references to color in this figure legend, the reader is referred

to the Web version of this article.)

information to optimize performance at that scale (Di et al., 2019;
Huang et al., 2021). Our model incorporates reduced-dimension tem-
poral basis functions and PLS loadings as inputs into a parametric
modeling framework, which enables our model to flexibly learn from
complex relationships among hundreds of geographic covariates tem-
poral patterns at thousands of monitoring locations while also allowing
for diagnostic assessment of variable importance and model structure
that ensure face validity of the predictions. Finally, by decomposing the
United States into regions, our model exploits national-scale variability
in pollution sources, chemical composition, topography, and meteo-
rology that lead to different regional predictive models that can be
combined to optimize regional and national prediction accuracy.

Our study has some noted differences compared to the other studies.
Unlike some other recent papers, we do not directly use satellite mea-
sures of aerosol optical depth (AOD) and the relation between AOD and
PM3L as a primary predictor variable (Di et al., 2019). Some of the
challenges in using AOD include informative missingness due to mete-
orology (e.g., missing data in cloudy days) as well as relatively large
spatial scale (a km of more). Instead, our model focuses on learning the
spatial structure available for AOD from hundreds of geographic cova-
riates (see Table S1), a large database of publicly-available regulatory
and research monitoring data, geostatistical smoothing of long-term
averages and spatially varying temporal trends, and satellite-based

estimates of other features including greenspace and NO, concentra-
tions. In addition, our modeling is conducted at a two-week timescale,
which is necessary to include research monitoring including filter-based
sites on a one-in-three schedule and home sites that measure two-week
averages. While there is some loss of temporal information compared to
daily monitoring or daily estimates, exposures of interest for many
epidemiological studies range from months to years, and there is sig-
nificant benefit in being able to incorporate the monitoring data at home
locations, which cannot readily be incorporated in a daily model.
Finally, our regionalized modeling approach require combining esti-
mates from multiple models near regional boundaries. We do this using
a version of inverse-distance weighting that ensures smooth transitions
between regions. Lastly, our model underestimates PM; 5 concentrations
in areas that are frequently impacted by wildfires due to lack of adequate
information for wildfires. Future plan will be to incorporate fire emis-
sions and trajectory data in the model.

In conclusion, using rich monitoring data from AQS sites and dedi-
cated, non-regulatory spatial monitoring campaigns, we were able to
develop long-term spatiotemporal models for PM, s that perform well in
terms of both prediction accuracy and precision in the contiguous
United States from 2000 to 2019.
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