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Abstract

Purpose of review—Epidemiological studies of short and long-term health impacts of ambient
air pollutants require accurate exposure estimates. We describe the evolution in exposure
assessment and assignment in air pollution epidemiology, with a focus on spatiotemporal
techniques first developed to meet the needs of the Multi-Ethnic Study of Atherosclerosis and Air
Pollution (MESA Air). Initially designed to capture the substantial variation in pollutant levels and
potential health impacts that can occur over small spatial and temporal scales in metropolitan
areas, these methods have now matured to permit fine-scale exposure characterization across the
contiguous United States, and can be used for understanding long- and short-term health effects of
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exposure across the lifespan. For context, we highlight how the MESA Air models compare to
other available exposure models.

Recent findings—Newer model-based exposure assessment techniques provide predictions of
pollutant concentrations with fine spatial and temporal resolution. These validated models can
predict concentrations of several pollutants, including particulate matter less than 2.5 gm in
diameter (PM5 5), oxides of nitrogen, and ozone, at specific locations (such as at residential
addresses) over short time intervals (such as two weeks) across the contiguous United States
between 1980 and the present. Advances in statistical methods, incorporation of supplemental
pollutant monitoring campaigns, improved geographic information systems and integration of
more complete satellite and chemical transport model outputs have contributed to the increasing
validity and refined spatiotemporal spans of available models.

Summary—Modern models for predicting levels of outdoor concentrations of air pollutants can
explain a substantial amount of the spatiotemporal variation in observations and are being used to
provide critical insights into effects of air pollutants on the prevalence, incidence, progression, and
prognosis of diseases across the lifespan. Additional enhancements in model inputs and model
design, such as incorporation of better traffic data, novel monitoring platforms, and deployment of
machine learning techniques will allow even further improvements in the performance of pollutant
prediction models.

Introduction

Exposure to air pollution is a well-recognized risk factor for numerous adverse health
effects, including morbidity and mortality due to multiple disorders and reduction in life
expectancy [1-3]. Air pollution is considered the largest environmental cause of disease
burden globally [4], and owing to ubiquity of exposure, even modest increases in dose may
result in substantial negative health consequences at the population level.

Validity of epidemiological cohort studies of health effects of air pollutants requires accurate
estimates of exposure associated with individual study participants. Ideally, researchers
would use individual-focused micro-environmental measures of exposure over the period
relevant for examining the outcome under consideration. In practice, however, multiple
factors render this infeasible, including low reliability and/or high cost of personal exposure
measurement devices, the burden of deploying such devices for more than brief periods of
time or in large populations, and the inability to focus only on ambient-source pollutants—
which are typically the regulated pollutants of primary epidemiological interest—with
current personal monitoring technologies. In a prior generation of studies (conducted
towards the end of the 20t century) [5, 6], it was common to assign air pollution
concentrations from centralized monitors to all individuals residing in a particular region.
This approach suffers key shortcomings. Notably, it misses spatial variation in concentration
within the coverage area, which can be substantial even across relatively small distances.
Also, centralized monitors are available in comparatively few places and some are sited in
ways that can make their measurements systematically biased or not reflect community-wide
concentrations.
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Modern epidemiologic cohort studies of air pollution increasingly rely on statistically-
modeled predictions of concentrations. This involves the use of pollutant measurements
from relatively few monitored locations in conjunction with multiple types of geographic,
atmospheric, and physicochemical information as covariates in statistical models to estimate
the concentration of pollutants at a much larger number of unmonitored locations over a
given timeframe (Figure). Although this approach addresses some shortcomings of the
traditional approaches, statistical prediction of pollutant concentrations has its own
challenges, including missingness and irregularity of input data, the need for geographic and
other covariates necessary for accurate prediction, and the need for user-friendly statistical
techniques with transparent validation procedures that can be used to process data inputs and
produce stable predictions.

Reviews have discussed the principles, characteristics, and comparative performance of
various methods for assessing and modeling air pollution exposures [7-9]. Here we focus
particularly on describing recent developments in statistical prediction of pollutant
concentrations through the lens of spatiotemporal modeling approaches developed in the
Multi-Ethnic Study of Atherosclerosis and Air Pollution (MESA Air). MESA Air, a cohort
study of more than 7,000 Hispanic, Chinese American, white, and African American adults
in six metropolitan regions, was designed to assess the association between ambient air
pollutant exposure and cardiovascular disease [10]. We start by outlining the rationale for
highly-resolved estimates of pollutant concentrations in cohort studies, introduce the core
spatiotemporal model developed for application in the six MESA Air regions, and then
discuss how the model has been extended to serve a wider array of epidemiologic use-cases.
Along the way, we briefly discuss alternative modeling approaches for each use case and
highlight insights learned while developing and deploying the models in health outcome
studies. Finally, we outline opportunities for further improving model-based exposure
assessment in air pollution studies.

Motivation for estimating fine-scale concentrations of pollutants

The goal of exposure assessment in air pollution epidemiology is to accurately quantify the
average concentration of a target pollutant at specific locations, especially where people live
or otherwise spend most of their time, over the periods of interest. Air pollutant
concentrations vary at fine scale, and the inability to capture this variation risks bias due to
exposure misclassification or may result in biased and/or imprecise estimates of health
effects [11-13]. Fine-scale variation is important because intra-region variation in
concentrations and associated health risks may be larger than inter-region differences [14,
15]. While the magnitude of within-region variation differs by pollutant, all pollutants
exhibit important intra-urban variations in concentration, both across space and over time.
Important predictors include proximity to roadways and other point sources, meteorology
and other seasonal factors, and geographic properties such as predominant land uses,
elevation and topography. Structural factors such as policies that influence emissions from
industrial or transportation sources may impact secular trends in concentrations, while
features like meteorology, traffic patterns, and economic activity result in substantial short-
term swings in concentrations. Exposure gradients across even relatively small distances or
durations have been shown to be of epidemiological consequence [16], hence estimation and
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inference about pollutant-outcome relationships requires accurate exposure assessment
methods.

Evolution from metropolitan area-wide estimation to nearest monitor to
precise residential locations

In early landmark air pollution cohort studies, exposure concentrations were often assigned
to all participants in a region based on central “regulatory” monitors [5, 6]. However, this
eliminates the opportunity to exploit intra-region spatial variation. An early solution was to
assign exposures based on nearest monitors when a study region had more than one monitor
[15], but this approach still did not address the core issue of local pollution variation because
even in high-income countries, well-calibrated reference-standard monitors are sparsely-
located and unevenly-distributed [17].

Exposure assessment using model-based predictions addresses this problem. There are
different types of statistical models, but all typically calculate parameters that explain the
relationship between pollutant concentrations at measured locations and a wide variety of
characteristics thought to influence pollutant formation, distribution and decay, and then
deploy those parameters to estimate pollutant levels at unmonitored places and times,
conditional on the predictive characteristics. Models are distinguished by the covariate
selection and algorithmic approaches employed, the nature of covariates used, whether they
account for spatial or temporal variation or both, application of geostatistical techniques to
account for spatial structure outside of the mean field, and whether they are designed to take
inputs and produce outputs that correspond to “gridded” areas or point locations. The quality
of resultant estimates is judged by comparing model predictions to observations where
measurements are available. Prediction accuracy can be measured by mean square error,
which represents average difference between model predictions for specific locations and
their corresponding input observations, or by /2, a measure of explained variation based on
either spatial or temporal comparisons of average predictions versus observations. Spatial ~2
can be operationalized as the cross-validated squared correlation coefficient of the long-term
averages of predictions and observations at every monitored location, while temporal /2
may be calculated as the median of squared correlation coefficients of observations and
predictions at each location across the study period.

Model-based methods for predicting air pollutant concentrations include land-use regression
(LUR) [18], geostatistical methods such as kriging [19], satellite-derived aerosol optical
depth [20, 21], chemical transport modeling (CTM) [22], dispersion models [23],
generalized additive models [24], and artificial neural networks [25]. Each has advantages
and limitations [7], prompting adoption of fine-scale prediction strategies that tap their
collective strengths, including universal kriging-based statistical models that incorporate
CTM and satellite-derived variables as covariates [26, 27], and hybrid models that fuse
multiple methodologies [28]. LUR has remained the term used for models built using
variables obtained from geographic information systems (GIS), although land use is only
one of the variable classes used to predict concentrations. Other frequently used classes of
predictors include population density, and traffic characteristics, transportation routes, and
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ground-level characteristics from satellite imaging [18]. In kriging, spatial dependence in the
data is used to develop continuous surfaces of pollution, and variability in concentrations is
modeled as a factor of spatial trend (local and/or long-range) and non-spatial error
components [19]. Simple kriging assumes no global trend in the data and spatially
homogenous variation, while universal kriging is the result of combining LUR and simple
kriging, whereby LUR predicts aspects of the exposure surface that are related to geography
and kriging spatially smooths the residuals [29].

GIS data are a foundation of these models. GIS enhancements continue at a rapid pace, and
currently permit compilation of expansive libraries of covariates, ability to accurately
calculate covariates for arbitrarily-defined points or buffers around points, frequent
covariates updates, improved completeness of covariates, and longer time periods of
coverage with more uniform sets of covariates across numerous political jurisdictions.
Recent implementations of fine-scale models have used up to 400 geographic covariates,
available for the entire United States [30]. These include land use types, vegetation cover, a
large array of traffic-related proximity and length measures, emission sources, topography,
proximity to sea- and air-ports, and detailed sociodemographic and census data, among
others. Still, there are covariates that may be desirable but are not yet incorporated in current
models or readily available in a uniform national system, including waterway traffic,
national bus and truck routes, and measures of wildfire occurrence and plumes of resultant
smoke, and some relevant built environment features. For some urban settings, accurate
point-specific residential exposure prediction may also benefit from incorporating elevation
estimates (e.g., for multi-story housing), and information regarding “street canyon” effects.

Given increasingly high-dimensional and potentially correlated GIS covariates, pollutant
model specification decisions benefit from approaches that both optimally characterize
pollutant variation and are parsimonious, to avoid overfitting, collinearity, and computational
challenges. Options include variable selection via stepwise regression and/or shrinkage
using techniques such as LASSO [29]. A third choice is covariate dimension reduction,
which avoids selecting a limited subset of variables and creates composite scores through,
for example, partial least squares (PLS) or principal components regression.

The finest feasible spatial scales for model outputs depend partly on the resolutions of model
inputs, such as geographic data and satellite or pollutant measurements. Current fine spatial
scale models provide predictions either at a point [31] or at grids of 1km x 1km or less [25].
While small grids are a substantial improvement from region-wide assignment, there
remains potential for within-grid measurement error—especially in spaces where
concentrations can vary over smaller scales as is typically the case in urban areas.
Additionally, grids are often defined arbitrarily in ways that make them incompatible with
other geographic domains, such as postal codes, at which covariates and outcomes used for
health analyses are aggregated. Spatial misalignment may then occur among participant
health indicators assessed, for example, at individual level, socioeconomic covariates
assessed at yet another geographic scale (e.g., census tract or county level), and exposure
estimates evaluated at the grid level, leading to bias that can be difficult to quantify [32].

Curr Environ Health Rep. Author manuscript; available in PMC 2022 June 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Kirwa et al.

Page 6

Point-based predictions may reduce the measurement error at the cost of requiring more
elaborate ground-level monitoring and more precisely-calculated model inputs. Point-
specific predictions also may provide larger exposure contrasts, boosting the power available
to detect health effects. Additionally, point-level predictions at fine temporal resolutions
enable calculation of more accurate time-weighted cumulative exposures for study
participants who reside in multiple locations with disparate exposure levels during the
course of the study.

Developments in model-based pollutant prediction: insights from MESA Air

spatiotemporal model

To meet the epidemiological needs of modern cohort studies, advances in model
development have tackled a number of pertinent challenges. These include dealing with the
complex and irregular nature of input outcome and covariate data, providing finely-resolved
estimates at a national scale, and providing accurate predictions for the times preceding
availability of reliable, dense regulatory monitoring networks. Exemplifying with a number
of epidemiological applications of the MESA Air spatiotemporal model, we discuss how
statistical innovations, exposure monitoring improvements, and expanded GIS data
availability have helped deal with these challenges. For each application, we also briefly
outline alternative modeling approaches. The table shows the performance of a number of
statistical models that provide nationwide coverage at fine spatial scale. For non-MESA
models, we show performance metrics as reported by the various authors. It is difficult to
compare models head-to-head because investigators use different performance statistics and
spatial/temporal scales. Moreover, an ideal comparison would involve contrasting
predictions from different models at a population-based set of locations across the country,
which is not feasible.

Structure of the MESA Air spatiotemporal model

The MESA Aiir spatiotemporal model is an extension of universal kriging. It is assumed that
pollutant concentrations exhibit systematic seasonal and secular trends that vary over space,
and that the long-term averages and short-term amplitudes of these trends are predictable
based on a combination of geographic characteristics and spatial smoothing [33]. The model
can be summarized as

C(s,1) = u(s,1) + v(s,1)

where ((s,1), the log-transformed two-week average concentration of a pollutant at location
sand time £ is a function of a spatiotemporal “mean” air pollution surface [1(s,5] and
spatially correlated but temporally-independent kriged residuals [s,§)]. The spatiotemporal
mean is constructed as a linear combination of temporal trends [ (5] of pollution in a given
region with spatially varying coefficients [54s)] that describe the amplitudes of the temporal
trends at different locations, and spatiotemporal covariates, if any are used
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m L
H(s,0) = Bo()+ Y Bi&) i)+ Y v (s.1)
I=1

i=1

where By(8) represents the long-term mean at location s, while /is a small number of
temporal trends derived from singular value decomposition of the long time series of
monitored concentrations, and .#, are any spatiotemporal terms included, with coefficients

¥/ The first temporal basis function () is set to 1 and the rest have a mean of 0. The
independent spatial surfaces at each time period are modeled with separate kriging models

Bi ~N[Xi(s)a;, Zj(¢;)]

where /=0,...,mand X/s) are geographic covariates which are typically dimension-reduced
in practice using partial least squares (PLS) regression. The model estimates regression
parameters of the geographic covariates (a ), any spatiotemporal covariates used (), and
covariance parameters for the g; fields [Z;(¢;)], depending on the chosen geostatistical

covariance structure. y,= 0 if no spatiotemporal covariates are included.

This framework leverages the LUR construct, including the constant time-averaged spatial
field (9 to describe trends related to emission sources, population, land use, and near-
source concentrations while simultaneously producing smooth, more realistic pollution
surfaces owing to spatial smoothing. Validation strategies account for the complexity of the
goals in order to, for example, provide an accurate representation of out-of-sample
performance in regions that lack adequate monitor coverage [31].

The model’s structure also illustrates its ability to provide predictions at fine temporal
scales. Reliance on long-term data from reference-grade monitors implies that it accurately
captures secular variations in pollutant concentration. While reference data are limited to
one-in-three or one-in-six-day availability, diagnostics show that the model also captures
fortnightly variations well. Daily data are available from other sources, including some
ground monitors and satellite-derived aerosol optical depth (AOD), but these are typically
not available at the fine spatial resolution at which this model operates. Overall, the model
reliably yields accurate predictions at specific geolocations on an approximately semi-
monthly scale.

Metropolitan region-specific spatiotemporal applications incorporating supplemental
monitoring data (MESA Air spatiotemporal models)

Many models that use ground-based pollutant observations rely on routine monitors whose
spatial sparsity may make them insufficient for fine-scale prediction. Additionally, these
monitors are sited primarily for regulatory purposes, not specific epidemiological objectives.
Most regulatory monitors for oxides of nitrogen in the US, for example, were until recently
sited far from major roads [34]. To support empirically-driven fine-scale prediction,
investigators have deployed focused supplemental monitoring schemes to increase the
spatial density of available measurements while pursuing specific epidemiological goals
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[35]. A study primarily interested in the health effects of traffic-related pollutants can focus
supplemental monitoring on locations near to roadways [10]. Investigator-deployed
supplemental monitors permit targeting locations of interest that may be underrepresented
by regulatory monitors (e.g. homes and schools), capture exposure variations in places with
mixed land use characteristics, or uncover exposure dynamics over spatial domains with
complex gradients, such as along emission sources or leeward and windward sides of large
buildings.

For cost and logistical reasons, supplemental monitoring has generally been constrained to
non-synchronous campaigns with short timeframes, resulting in spatiotemporal
misalignment with routine monitoring data. To address this, the approach to model fitting
and estimation in the spatiotemporal model described above is designed to accommodate
irregular pollutant measurements characterized by arbitrary missingness and varying lengths
of temporal coverage [33]. This has allowed fine-scale spatiotemporal prediction models to
be developed for multiple metropolitan regions where supplemental monitoring has been
conducted. In MESA Air, three types of cohort-specific monitors were deployed: 1) “fixed”
monitors in participant-dense locations not well-covered by regulatory agency monitors; 2)
“home” monitors in about 10% of participant homes for two-week sampling during different
seasons (approximately 100 locations in six study regions); and 3) “snapshot” samplers in
clusters adjacent to major roadways, on utility poles at 50 m, 100 m, and 350 m from road
edges in both directions, and at locales with varying population densities [35, 10]. This set of
input data was used to predict concentrations of PM> 5 and its chemical components, NO»,
NOy, and black carbon at each participant’s residence [30, 36]. The predictions have been
used to gain insights into the role of air pollutants in subclinical cardiovascular disease,
among other outcomes [37]. Because the models are easily portable to other pollutants,
cohorts, and regions, they have been used in additional epidemiological applications,
including assessment of the effect of ozone exposure on the risk of chronic obstructive
pulmonary disease [38, 39]. The use of supplemental data to augment regulatory data
provided significant improvements in prediction accuracy [40, 30].

Supplemental monitoring can be time-consuming and expensive, and is best deployed with a
clear understanding of how it will be used in subsequent analysis. A fraction of
supplemental monitors should be co-located with routine monitors for quality control and
calibration purposes. Post-modeling validation should account for the complexity of data
sources, and disentangle the spatial and temporal contributions of monitor types to overall
accuracy in the context of complex spatiotemporal interactions [31].

The MESA Air model is based on spatially-varying temporal pollution processes. An
alternative paradigm is to model temporally-varying spatial surfaces, estimating pollutant
concentrations as a factor of spatial fixed-effects, smooth functions of time-varying
covariates, and time-varying spatial residuals [41, 42]. This approach also allows modeling
of complex spatiotemporal interactions and captures fine-scale spatial heterogeneity,
although it relies on more complete observations both across time and space, uses a stepwise
variable selection approach without dimension-reduction, and does not take advantage of
supplemental monitoring. The spatial structure is represented using penalized splines rather
than kriging [42].
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An emerging alternative source of short-term supplemental data is mobile monitoring, which
is especially suitable for ultrafine particles not typically measured by fixed monitors [43,
44]. An advantage of mobile monitoring is spatial extent, making it suitable for spatially
heterogeneous pollutants and complex urban terrain. Conversely, mobile monitors do not
optimally assess temporal variation, and many aspects of mobile sampling design, including
number and location of monitoring sites, length of sampling time per site, and number of
repeated samples per site require careful consideration to optimize for good performance
and cost-effectiveness [45]. Combining mobile and stationary sources of supplemental data
may also yield improved model performance [46]. As application of mobile monitoring-
based predictions in epidemiological studies ramps up, additional rigorous evaluation is
required to assess whether such exposure estimates bias effects relative to those from fixed
monitoring locations.

National spatiotemporal model

While the MESA Air models were developed for specific communities under study, it is
desirable to extend these models to the continental scale for application to other populations.
Implementation at the national scale can be accomplished by extending statistical
infrastructure that is highly effective at the scale of a metropolitan area to a nationwide
scale, borrowing information from data-rich areas in order to produce estimates even for
sparsely-populated regions with less monitoring infrastructure. To facilitate the extension,
investigators divided the country into 9 climatic/topographic regions (for PM5 5 model) or 3
regions (for ozone and NO>), in order to account for sub-national region-specific pollution
processes and ensure each region contained supplemental monitors. Simple smoothing was
used at regional boundaries to avoid artificial discontinuities. Relative to the city-specific
models described above, the national model is parameterized to account for a wider range of
concentration time-series and local geographic characteristics by increasing the number of
temporal trends and PLS scores. The nationwide version uses data from approximately 940
investigator-deployed non-regulatory monitors and 1,500 regulatory monitors as well as
satellite-derived PM, 5 and NO, measurements, and produces point-wise PM; s, 0zone, and
NO, concentrations between 1999-2017 across the contiguous United States at a two-week
temporal time scale [26].

The performance of these models is also excellent, with cross-validated R2 for PM, 5 and
NO, of 0.89 and 0.87, respectively, and some variation by region (spatial R2 in the Southeast
and Northwest regions were 0.91 and 0.71, respectively). Spatially-clustered cross-validated
R2, a measure of predictive performance at regions with little or no monitor coverage, was
satisfactory at 0.77. Greater fine-scale variation was observed in models that additionally
incorporated supplemental monitors, rather than relying solely on regulatory data. At best,
modest increases in prediction accuracy were gained by including satellite-sourced data,
primarily in areas with little ground monitoring coverage. National spatiotemporal models
for NO, and ozone that employ similar principles are in development, and will additionally
include CTM outputs.

Alternative PM, 5, PM1 and coarse PM models based on spatial trends that vary temporally
have also been extended for nationwide application [47]. They also take a regionalized
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approach, with spatial smoothing using penalized splines and a smaller set of location-
specific geographic covariates that is not dimension-reduced, resulting in a more
straightforward interpretation of covariate effects on exposure levels. Other recent fine-scale
nationwide models are generally characterized by use of hybrid approaches that combine
LUR with output from satellite AOD and CTM, rather than supplemental ground monitor
data. They are further differentiated by additional analytical features, such as Bayesian
Maximum Entropy kriging of residuals from LUR models [48], adjustment of remote
sensing inputs with geographically-weighted regression [49], and outputs at finer temporal
scales or estimates of urban versus rural model performance [50]. Deep learning neural
networks have been proposed to handle complex nonlinear relationships among model
inputs and measured concentrations [51]. Key features of another new hybrid
implementation are described below [25, 52].

National spatiotemporal model for periods prior to dense regulatory monitoring (Historical
national model)

The prediction models discussed above rely on measurements from regulatory monitoring
programs and often leverage high resolution satellite data, both of which started being
available only in the last two decades. In the US, the Environmental Protection Agency’s
(EPA) extensive monitoring infrastructure for PM, 5 was established in 1999. This poses a
challenge when exposure time of interest for many observational studies is before 1999. A
common remedy is to use exposure estimates from more recent times relative to time of
health outcome assessment. This relies on an assumption that more recent pollutant
concentrations reflect concentrations at earlier times. While these sets of concentrations are
likely correlated, there is the potential for both bias (given secular trends in several pollutant
concentrations) and relative exposure misclassification when different areas change their
ranking of concentrations over time. Other alternatives include use of whatever historical
(e.g. pre-1999) concentration data are available, however sparse, or back-extrapolation of
recently-estimated concentrations. While many LUR-based back-extrapolation efforts have
suggested satisfactory temporal transferability of estimates, they have been of relatively
limited spatial or temporal scope, focus mostly on oxides of nitrogen, and lack rigorous
validation of resulting predictions [53-57]. A few recent national-scale studies suggest that
for NO», back-extrapolation of estimates from between 2006—-2009 explains approximately
73%-83% of the variation in concentrations going back to 1990 [58, 59].

Based on the model structure above, a comprehensive spatiotemporal historical prediction
model for PM> 5 spanning the contiguous United States for the period 1980 to 2010 was
developed by first estimating the concentration trend from data for 1999-2010, then
performing linear back-extrapolation [57]. Alternative back-extrapolation approaches were
assessed, including estimation of the historical trend based on proxies such as pre-1999
visibility data or PM 5 sulfate data. Validation with numerous contemporaneous external
datasets suggested that the linear trend extrapolation technique performed best, with spatial
and temporal /2 ranging between 0.77-0.87 and 0.55-0.58, respectively, depending on type
of monitoring site.
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Spatiotemporal models incorporating satellite and chemical transport model output as
covariates (Spatiotemporal models for Los Angeles, incorporating CTM output)

Nearly 30% of people in the US live more than 20 km from a PM, 5 monitor [60], and
existing monitors may not be located close enough to pollutant sources of interest to allow
precise determination of fine-scale dispersion profiles. Because of sparsity of ground-level
monitors, satellite-derived data and outputs from CTM are increasingly incorporated during
fine-scale prediction. CTMs such as CMAQ and GEOS-Chem simulate atmospheric
physical and chemical processes, taking into account topographic, meteorological and
emission source data in order to estimate outdoor pollutant levels [22, 19]. They may
facilitate better representation of physicochemical atmospheric characteristics relevant to
pollutant concentrations but not encapsulated in land use variables. Satellite-derived AOD is
a measure of visibility that, when properly calibrated with regulatory monitors, can serve as
a proxy for ground-level pollution.

Because the above model can accommodate spatiotemporal covariates, CTM output was
incorporated to predict point-level concentrations of ozone and PM, 5 in Los Angeles [27].
The model combined (separately for each pollutant) regulatory data from 25 PM, 5 and 37
0zone monitors, more than 100 supplemental ground monitors in the metropolitan region,
and 4km x 4km output from the University of California Davis-California Institute of
Technology source-oriented CTM [61]. The model also included nearly 200 geographic
variables and Caline3QHCR dispersion model output as spatial covariates. It demonstrated
better prediction accuracy (lower mean square errors) and precision (higher /2 values)
compared to CTM-only and universal kriging-only alternatives, particularly for ozone in
rural locales. The contribution of CTM to improvements in the PM, 5 model was more
modest. This model incorporates outputs from dispersion, CTM or satellite products as
either spatial and spatiotemporal covariates, in contrast to alternatives that fuse estimates
from different sources together in hybrid implementations [52].

Supplementing LUR models with CTM and AOD data can improve prediction accuracy by
providing a signal where ground-level monitoring is inadequate. Additionally, because land
use characteristics typically vary slowly over time and GIS databases are only updated
periodically, CTM and AOD inputs provide more variable spatiotemporal coverage. Many
contemporary models, especially those covering supra-national scales, combine ground
monitor data with CTM and/or AOD measurements [62, 21], although performance
improvements have been reported even at sub-national domains [63]. However, CTM and
AOD data are typically available at relatively coarse resolutions, suggesting that for
purposes of improving fine-scale performance, it may be especially helpful to integrate them
with spatially-dense ground monitoring data. Furthermore, recent health-effect studies
suggest that using only satellite-derived exposure measures of PM» 5 may underestimate
risks, supporting incorporation of ground monitoring data for epidemiological studies [64].

While prediction models for PM5 5 based on satellite data are appealing, it is not clear that
they improve fine-scale long-term prediction of PM5 5 in the US [26, 65], because models
based on ground observations already perform very well, while satellite observations are
only available at coarse spatial scales and are characterized by extensive missingness.
Approximately 70% of AOD data are missing due to cloud and snow cover and surface
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brightness [66]. Much like regulatory ground monitors, satellite AOD is not primarily
designed to support epidemiologically-motivated estimation of surface pollutant levels, and
its relationship to pollutant concentrations is influenced by a complex of features that is only
partially-understood [67, 68], necessitating extensive calibration, ideally on a daily and
regional basis [20, 25]. Notwithstanding major progress in AOD satellite data resolution,
calibration, and imputation, active ground monitoring will continue to be critical for fine-
scale prediction of PM, 5. Satellite data has a clear role for understanding PM 5
concentrations in areas of the world with less ground-level monitoring [21]. Similarly, CTM
are independently useful, especially in understanding the spatial and temporal relationships
between emissions from various sources and subsequent pollutant concentrations [69].

A recent alternative with nationwide application is a hybrid model that relies instead on a
neural network to account for complex spatiotemporal nonlinearities and interactions among
multiple inputs, including satellite AOD, surface reflectance, CTMs (Geos-CHEM and
CMAQ), land use and vegetation cover, and meteorological data [25, 52]. The model uses
convolutional layers to aggregate nearby space-time information and account for
spatiotemporal autocorrelation. It has recently been used to produce daily national
predictions of PM5 5 and ozone at a 1km? resolution, for the 2000-2012 period, with overall
RZ values of 0.84 and 0.80, respectively. The model accounts for complex atmospheric
processes, has a fine temporal resolution, and the ability to deal naturally with non-
linearities. On the other hand, the 1km? resolution introduces possibility of exposure
misclassification due to spatial misalignment of participant residence and grid-level
exposure. The neural network is trained on data from regulatory monitors, which
underrepresent rural expanses and some urban locales, potentially introducing
geographically-systematic prediction errors. While overall spatial /2 is very good, region-
specific temporal performance may be more modest, especially in areas with little
monitoring coverage.

National spatial models using regulatory monitoring data (National spatial models)

In chronic disease applications, exposure assessment is often focused on spatial contrasts in
annual or multi-year average concentrations. A spatial model can be formulated as

n J
CE) = Po)+ X BOXi(s)+ X Afs)F j(s) +e(s)
i=1 =1

where () is the log-transformed annual average pollutant concentration at location s, while
X{s) are PLS components derived from geographic covariates, & (s) are any satellite-
derived variables included directly as spatial covariates instead of being fused with
geographic variables that generate PLS scores, and &(s) are spatially-varying residuals
modeled with universal kriging [70, 71].

For national coverage, each region is usually modeled separately. The rationale for
regionalized modeling is from findings showing that impressive large-scale spatial
performance can mask sub-par predictive characteristics when interrogated at smaller scale
[70]. Based on a “pragmatic” approach to dealing with spatial heterogeneity in model
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structure, modeling PM,, 5 at the level of sub-national regions characterized by relative
geographic homogeneity provides improved prediction accuracy. At a national or continental
scale, covariates that seem to define similar characteristics may not have the same
implications for exposure levels in all regions. For instance, the impact of traffic density may
depend on regionally-varying fleet mixes, and similarly classified roadway types may have
far more traffic in urban versus rural areas. In a similarly-designed NO, national model,
addition of satellite-derived covariates significantly improved prediction performance for
locations distant from ground monitors, but only marginally in those with more adequate
monitoring coverage [71].

Other models have also shown that satellite data can improve model performance compared
to using ground-based measures only [72, 73]. Most national spatial models have focused on
predicting NO,, PM3, and PM, s, with performance ranging from modest to very good (/2
between 0.22-0.90). A number of other recent fine-scale spatial models provide point-wise
predictions for multiple sub-national regions or entire countries based on LUR and universal
kriging [74, 24, 75]. Others additionally incorporate satellite-derived data and give
predictions resolved to a small grid (up to 100m) [76-78].

Future directions, challenges, and extensions

The next generation of fine-scale exposure models needs to respond to evolving
contemporary challenges in air pollution epidemiology, including the need to understand
sources of pollutants to better target future exposure control efforts and to incorporate new
types of information that can improve prediction accuracy. An additional imperative is the
development of openly available, user-friendly modeling platforms to foster reproducible
research given the heightened regulatory and public scrutiny to which environmental
epidemiology research is now subject.

Methods have recently been developed to assess regional clustering of PM, 5 components
[79]. Investigators have also published software for implementing comprehensive fine-scale
models on publicly accessible venues and in programming languages widely used by
environmental scientists and epidemiologists. Examples are SpatioTemporal [80] and airpred
[81], packages for implementing fine-scale national models already used in major
epidemiological analyses [37, 2, 82].

Key challenges to optimizing modeling approaches remain. In the US, nationally-
standardized long-term high quality traffic volume and congestion data are not yet available,
leaving modeling efforts to rely on time-static road-network data or other proxies, which are
incomplete or otherwise inadequate. Furthermore, even the best outdoor concentration
model will imperfectly reflect an individual’s exposure. Most people spend substantial
fractions of time indoors, where exposures can be dramatically different from outdoor
concentrations.

It is important to note that the current generation of models are trained on data from well-
monitored areas. The result is potentially large prediction errors in data-poor areas and little
applicability to rural areas in high-income countries and to low- and middle-income
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countries. The advent of “low-cost” monitors may play a big role in expanding the spatial
density of sources for fine-scale modeling. Work is ongoing to address a number of well-
recognized limitations of low-cost monitors, including reliability and accuracy of
measurements [83, 84]

Conclusions

The continued evolution of models for fine-scale prediction of pollutant concentrations has
improved the scientific evaluation of health effects of air pollutants. Models now exist that
leverage a wide array of land use, satellite, meteorological, and physicochemical inputs to
provide small-grid or pointwise predictions of key air pollutants across the contiguous
United States and elsewhere, taking advantage of supplemental monitoring campaigns while
accounting for complex spatiotemporal dynamics. Machine learning algorithms may offer an
alternative approach for complex spatiotemporal correlations. Major challenges remain,
including the computational burden of increasingly sophisticated models, worse prediction
accuracy at places with little available ground-level input data, and a lack of comprehensive
traffic data. High quality, fine-scale, nation-wide modeling also needs to be expanded to
more countries, more pollutants — including ultrafine particulate and non-criteria hazardous
air pollutants — and an understanding of the sources and components of major pollutants.
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Schematic of spatiotemporal air pollution model.
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