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H I G H L I G H T S  

• We predicted PM10-2.5 using satellite-based daily AOD data. 
• Long-term PM10-2.5 predictions correlated well with measurements in 5 study areas. 
• Predictions performed better spatially than nearest-monitor and IDW alternatives.  
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A B S T R A C T   

A major challenge in assessing the health risks of PM10-2.5 is the limited ground-level measurement data from 
which to estimate exposure. This is especially problematic for studying long-term PM10-2.5 health effects since 
PM10-2.5 is more spatially variable than PM2.5 or PM10, particularly in urban areas. Fortunately, Aerosol Optical 
Depth (AOD) data from satellites offer opportunities to assess PM10-2.5 more broadly. Our project leverages 
measurements from NASA’s Terra satellite to estimate long-term PM10-2.5 concentrations in six US urban areas 
(Los Angeles, CA; Chicago, IL; St. Paul, MN; Baltimore, MD; New York, NY; Winston-Salem, NC) for 2000–2012. 
We calibrated AOD (1 km2 resolution) with EPA monitored PM10 and PM2.5 levels daily using an area-specific 
mixed-modeling approach with land-use regression. We then used spatial smoothing in generalized additive 
mixed-models to predict daily PM10 and PM2.5 when AOD was missing. PM10-2.5 was estimated after taking the 
difference of spatially matched PM10 and PM2.5 daily predictions. Model performance for our long-term average 
predictions was evaluated using leave-one-station-out cross-validation and compared to alternative, nearest- 
monitor and inverse distance weighting (IDW) approaches. Final long-term PM10-2.5 predictions were well 
correlated with measured levels estimated from collocated PM2.5 and PM10 sites in five of the six areas, with 
spatial CV R2 ranging from 0.50 to 0.97. Only in Winston-Salem did the model have very little predictive ability 
(R2: 0.34). All spatial predictions performed better than the nearest-monitor and IDW alternatives. In contrast, 
our final PM10-2.5 predictions had poor temporal performance, with mean monitor-level CV R2 ranging from 0.15 
to 0.42. Given the superior performance of our spatial predictions compared to nearest-monitor and IDW al
ternatives and the high costs of field sampling, our results show the potential for combining AOD data with land- 
use regression to estimate long-term PM10-2.5 concentrations in localized areas.   

1. Introduction 

Airborne particulate matter (PM) is physically diverse and is comprised 

of particles over a wide range of sizes (US EPA, 2009). In the epidemiology 
literature, the most common sizes studied are PM2.5 (aerodynamic diameter 
≤2.5 μm) and PM10 (aerodynamic diameter ≤10 μm). Relatively little 
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research has focused on PM10-2.5 (aerodynamic diameter ≤10 μm and >2.5 
μm), known as coarse particulate matter. A major challenge to epidemiol
ogists in assessing the health risks of PM10-2.5 has been a lack of monitors 
from which exposures can be estimated. Historically, only 1% of counties in 
the United States (US) have collocated PM10 and PM2.5 monitors with which 
to estimate PM10-2.5 (US EPA, 2009). This is especially problematic for 
studying the long-term health effects of PM10-2.5 since PM10-2.5 is more 
spatially variable than PM2.5 or PM10 due to higher gravitational settling of 
larger particles (US EPA, 2009; US EPA, 2019; Wilson and Suh, 1997). 
Therefore, there is concern that the use of only a few central monitors for 
PM10-2.5 will be insufficient to accurately reflect the exposures of in
dividuals across a whole region, especially in urban areas, which often have 
considerable spatial variability in PM10-2.5 concentrations (Lagudu et al., 
2011; Pakbin et al., 2010; Sawvel et al., 2015; Thornburg et al., 2009; US 
EPA, 2019). As a result, only a handful of investigations have examined the 
health implications of long-term exposures to PM10-2.5 in the US and many 
have suffered from statistical power issues, likely due to biases towards the 
null caused by measurement error (Adar et al., 2014). 

Fortunately, data from National Aeronautics and Space Administra
tion (NASA) satellites have created opportunities to assess PM concen
trations at all locations across space. Aerosol optical depth (AOD) is a 
measure of light extinction by aerosol scattering and absorption in the 
atmospheric column, which is sampled continuously from space at a 1 
km2 resolution (Kloog et al., 2011; Nordio et al., 2013; Sorek-Hamer 
et al., 2016). The availability of these daily measurements, along with 
advancements in spatiotemporal prediction modeling, allows for the 
estimation of air pollution levels at fine-scale spatial and temporal res
olution even where no monitoring stations exist (Kloog et al., 2011). 

Previous research has shown good predictive ability using satellite 
data-based prediction models for PM2.5 (cross-validation (CV) R2: 0.7 to 
0.9) in the US, Italy, Israel, and Switzerland (Kloog et al., 2011, 2012a, 
2012b, 2015; Hu, 2009; Hu et al., 2014; Lee et al., 2016; Madrigano 
et al., 2013; McGuinn et al., 2016; de Hoogh et al., 2018). The same 
methods were used to predict PM10 with similar performance in Italy 
(CV R2: 0.65 to 0.79; Nordio et al., 2013; Stafoggia et al., 2017; Stafoggia 
et al., 2019) and Israel (CV R2: 0.79 to 0.92; Kloog et al., 2015; Shtein 
et al., 2018). Recently, one study used the abundant number of PM10 
monitoring stations in Italy to predict both PM2.5 and PM10-2.5 concen
trations using AOD and land-use data and found CV R2 for annual av
erages ranging from 0.43 to 0.59 (Stafoggia et al., 2019). To date, 
however, no model for PM10-2.5 has been developed in the US using 
satellite information and thus this modern source of data has not yet 
been used in epidemiology studies. Therefore, in this study, we use AOD 
measured on the NASA Terra satellite to calculate daily 1 km2 resolution 
PM10-2.5 predictions in six US urban areas. 

2. Material and methods 

2.1. Study domain 

Our study domain included the six regions of the Multi-Ethnic Study of 
Atherosclerosis (MESA) (Bild et al., 2002), which represent diversity in 
terms of climate, geographical features, proximity to large water bodies, 
and urbanicity. To capture sufficient monitoring stations in these regions, 
we focused our models on the areas within 60 km of the centroids of 
Chicago, Illinois; New York, New York; and St. Paul, Minnesota; and 
within 80 km of the centroid of Baltimore, Maryland. For Los Angeles, 
California our study domain was based on the irregular recruitment area 
of study participants and the unique topology of the region. Our area 
extended from just west of Santa Monica to the San Jacinto mountain 
range on the east, and from San Fernando on the north to Irvine on the 
south, excluding the Santa Ana Mountains. The Winston-Salem, North 
Carolina study domain was roughly the area within 60 km of the city’s 
centroid, although we extended the domain south to include additional 
monitoring sites in Charlotte and east to Raleigh (Fig. 1). 

2.2. PM monitoring data 

As our primary source of data to build and validate our models, we 
obtained daily (i.e., 24-h average) Federal Reference Method (FRM) 
monitoring data for PM2.5 and PM10 mass for the years 2000 through 
2012 from the US Environmental Protection Agency’s (EPA) Air Quality 
System (AQS). We restricted our datasets to stations with at least 30 ob
servations throughout the study period. In cases where multiple monitors 
for the same particle size were sited at the same location, we used data 
only from the primary monitor. Since PM10 measurements are reported to 
EPA at standard conditions1 whereas PM2.5 is reported at local conditions, 
we used temperature and pressure data (see 2.4.5) to convert reported 
PM10 to local conditions so that PM10 and PM2.5 were on the same scale 
prior to calculating PM10-2.5 concentrations (US EPA, 2009). 

2.3. AOD satellite data 

AOD data is sampled continuously from space at a 1 km2 resolution 
using Moderate Resolution Imaging Spectroradiometer (MODIS) tech
nology on the polar orbiting and sun-synchronous NASA Terra satellite 
(Levy et al., 2007; Remer et al., 2005). The AOD data are retrieved by 
NASA using the Multi Angle Implementation of Atmospheric Correction 
(MAIAC) algorithm, which begins by gridding MODIS measurements of 
L1B data to a fixed 1 × 1 km grid so that the same gridcell is observed 
over time. The MAIAC algorithm then uses time series analysis and a 
combination of pixel and image-based processing to improve accuracy of 
cloud detection, aerosol retrievals, and atmospheric correction (Lya
pustin et al., 2011a, 2011b, 2012). Although newer satellites are now 
available, we used 2000–2012 AOD data collected on the Terra satellite 
because it was the only satellite in operation at the beginning of our 
study period. 

2.4. Spatial and temporal predictors of PM2.5 and PM10 

In addition to the satellite AOD observations, we also included many 
spatial and temporal predictors in our linear mixed effects hybrid pre
diction model. We used R statistical software version 3.6.1 (R, 2019) to 
generate all spatial and temporal predictors for each 1 × 1 km gridcell as 
detailed below. 

2.4.1. Elevation 
We estimated average gridcell elevation values using data from the 

USGS 3D Elevation Program (3DEP), which produces a satellite-based, 
seamless digital elevation model covering the conterminous US and 
Hawaii at a spatial resolution of 1/3 arc sec (approximately 10 m) 
(USGS, 2017). 

2.4.2. Land use 
We calculated the percentage of 15 different land use classes for each 

gridcell using raster data from the USGS National Land Cover Databases 
(NLCD) for years 2001, 2006, and 2011 (USGS, 2001; USGS, 2006; 
USGS, 2011). These data are measured at a 30-m resolution. The 2001 
NLCD measures were assigned to gridcells for days in 2000 through 
mid-2003; 2006 NLCD measures were assigned to gridcells for days in 
mid-2003 through mid-2008, and; 2011 NLCD measures were assigned 
to gridcells for days in mid-2008 through 2012. 

2.4.3. Normalized Difference Vegetation Index 
We spatially and temporally matched monthly, 1 km2 resolved 

vegetation data from the NASA Terra Moderate Resolution Imaging 
Spectroradiometer MOD13A3 version 6 Normalized Difference Vegeta
tion Index (NDVI) (Didan, 2015) to study gridcells. 

1 EPA-defined standard conditions of temperature and pressure are 25 ◦C and 
760 mm Hg, respectively. 
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2.4.4. Planetary boundary layer 
Using data from the European Centre for Medium-Range Weather 

Forecasts (ECMWF) ERA Interim Daily global atmospheric reanalysis 
model at a spatial resolution of 0.125◦ (~14 km) and 3-h temporal 
resolution (Dee et al., 2011), we estimated daily average planetary 
boundary layer (PBL) height by spatially and temporally matching daily 
averaged PBL to study gridcell centroids. 

2.4.5. Meteorology 
Meteorological data for air pressure, air temperature, evaporation, 

precipitable water, specific humidity, u-wind, v-wind, and visibility 
came from the National Oceanic and Atmospheric Administration’s 
National Centers for Environmental Prediction North American 
Regional Reanalysis (NARR) dataset (Mesinger et al., 2006). This 
modeled data has a spatial resolution of approximately 0.3◦ (~32 km) 
and 3-h temporal resolution, which we averaged to the day and spatially 
and temporally matched to study gridcell centroids. 

2.4.6. Population 
We obtained US Census block-group total population counts and 

block-group shapefiles for the 2000 and 2010 Decennial censuses from 
the IPUMS National Historical Geographic Information System (NHGIS) 
(Manson et al., 2018). We then calculated two block-group spatially-
weighted population measures: the first applied the 2000 Census-based 
population count to all days in years 2000–2004 and the 2010 
Census-based population count to all days in 2005–2012 while the 
second linearly interpolated gridcell population for each year between 
the 2000 and 2010 Census values. 

2.4.7. Roads and railways 
We used primary and secondary road and railway feature data from 

the US Census TIGER/Line Shapefile online download system (US 
Census Bureau, 2012) to calculate the density of all primary and sec
ondary roads (combined) in each gridcell. Additionally, we calculated 
the distance from each gridcell centroid to the nearest primary road, 
secondary road, and rail track. 

2.4.8. Water bodies 
Water feature data came from the USGS National Hydrography 

Dataset (USGS, 2019) (for both waterbody and water area categories). 
We calculated the distance from each gridcell centroid to the nearest 
water feature of any size and large water body (where we defined each 
city’s large water body as follows: Chesapeake Bay for Baltimore; Lake 
Michigan for Chicago; Pacific Ocean for Los Angeles; Atlantic Ocean and 
Long Island Sound for New York; Lake Superior for St. Paul; and Atlantic 
Ocean for Winston-Salem). 

2.5. Statistical methods 

To estimate PM10-2.5 concentrations, we used a previously developed 
spatiotemporal mixed effects modeling approach (Kloog et al., 2012a, 
2014, 2015). This technique leveraged satellite AOD data to predict 
daily PM2.5 and, separately, PM10, at a 1 km2 spatial resolution that we 
then used to calculate spatially resolved daily and long-term PM10-2.5 
concentrations via subtraction. Predicting PM2.5 and PM10 separately, as 
opposed to predicting PM10-2.5 directly, increased the amount of infor
mation used in the models since our study areas had many ground-level 
EPA monitoring sites that were not collocated. This choice also allowed 
for a more geographically diverse set of monitoring stations to inform 
our predictions, which will then better represent the areas where par
ticipants in future health analyses reside. All statistical modeling was 
done using R software version 3.5.0 (R, 2018) and all maps were created 
using R software 3.6.1 (R, 2019). 

2.5.1. PM predictions 
In the first stage of our analysis, we fit a calibration model (1), which 

predicts measured PM as a function of AOD for all ground-level mea
surements of PM with an available AOD value within 1.1 km. We con
structed individual models for each city and particle size (PM2.5 and 
PM10): 

PMij =
(
α+ μj

)
+
(
β1 + νj

)
AODij +

∑10

m=1
γ1m

X1mij
+

∑24

m=1
γ2m

X2mi
+ εij (1) 

Fig. 1. Study areas and EPA monitor station locations for A) Baltimore, Maryland; B) Chicago, Illinois; C) Los Angeles, California; D) New York, New York; E) St. 
Paul, Minnesota; and F) Winston-Salem, North Carolina. 
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Where: PMij is the measured PM2.5 or PM10 concentration in a city at site 
i on day j; α is the fixed intercept and μj is the day-specific random 
intercept; β1 is the fixed slope for AOD while νj is the day-specific 
random slope for AOD. AODij is the AOD value for the gridcell corre
sponding to site i on day j; X1mij 

is the mth spatiotemporal predictor in the 
gridcell corresponding to site i on day j (i.e., vegetation, eight meteo
rology predictors, and PBL height) and γ1m 

is the slope of the mth 
spatiotemporal predictor; X2mi 

is the mth spatial predictor in the gridcell 
corresponding to site i (i.e., elevation, two population measures, fifteen 
land use categories, road density, and proximity to: primary road, sec
ondary road, railroad, any water body, and large water body) and γ2m 

is 
the slope of the mth spatial predictor. 

Since AOD data can become unreliable with cloud contamination, 
snow-cover, high surface brightness, and other factors, we excluded 
observations with an AOD uncertainty value ≤ 0 or ≥0.04, per MAIAC 
guidelines. Observations where the gridcell included ≥5% open water 
(based on the land use data) were also excluded since AOD data can be 
similarly unreliable near water surfaces. We additionally excluded ob
servations where the AOD and/or the PM value was at or below the city- 
specific 1st percentile or at or above the city-specific 99th percentile to 
reduce the potential influence of outlier values on these first stage 
calibration models.2 Finally, since many of the land use categories had 
little variation within the modeling domains, we excluded predictors 
where the value of the 25th percentile was equal to the 75th percentile.3 

Within this cleaned dataset, AOD can be missing not-at-random due 
to factors such as levels of cloud and snow coverage even when they are 
valid based on the AOD uncertainty value described above. These factors 
can also be correlated with PM levels since, for example, cloud coverage 
can change deposition rates, vertical distributions, chemical composi
tion, and rates of secondary aerosol formation (Belle et al., 2017; 
Christiansen et al., 2020; Christopher and Gupta, 2010). This could 
impact the calibration stage regression coefficients in equation (1) and 
therefore the calibration model-based predictions. To address this po
tential bias, we created inverse probability weights (IPW) to up-weight 
observed gridcell-days that share characteristics with days that have 
more missing AOD data. The weights were calculated by fitting the 
following logistic regression model (2) separately for each year and each 
city for the probability, p, of having a non-missing AOD value for gridcell 
i on day j: 

ln
(

p
1 − p

)

= β0 + β1Elevationi + β2PBLij + β3Temperatureij

+
∑14

k=4
βkI(Month)j (2) 

Using weights of 1
p̂ 
derived from (2), we then used backward selection 

with the Akaike Information Criterion (AIC) to select the fixed effects 
used in each calibration model (1). This generated city- and particle size 
fraction-specific calibration models which we used to predict PM for 
gridcell-days with available AOD data (including the IPW weighting). 

As mentioned earlier, AOD data are often missing. Across the six 
study areas and throughout our study period of interest, AOD missing
ness ranged from 54% in Los Angeles to 75% in St. Paul, consistent with 
previous work (Just et al., 2015; Stafoggia et al., 2019). Therefore, to 
predict PM in gridcell-days without available AOD data, we fit the 
following generalized additive mixed model, which uses average 
regional measured PM and a smooth function of the gridcell centroid 
coordinates, to predict the AOD-based PM estimates that were calcu
lated with the model (1) fit: 

PredPMij =(α+ μi)+ (β1 + νi)MPMij + s(lati, loni)k(j) + εij (3) 

PredPMij is the predicted PM calculated with calibration model (1) 
for gridcell-days with available AOD data; α is the fixed intercept and μi 
is the gridcell-specific random intercept; MPMij is the mean PM from all 
EPA sites within 60 km of the centroid of gridcell i on day j; β1 is the fixed 
slope on MPM while νi is the gridcell-specific random slope for MPM; 
s(lati, loni)k(j) is a thin plate spline of the latitude and longitude of the 
centroid of gridcell i for the season, k(j), in which day j falls (i.e., we fit a 
separate thin plate spline smoothing function for each season in the 
study period). 

Our final PM2.5 and PM10 predictions were created by selecting – by 
day and gridcell – the ‘best’ available PM measure. We prioritized EPA 
measured PM values first. If unavailable, we selected calibration-based 
model predictions followed finally by the smoothing model PM pre
dictions. This approach results in a full-coverage prediction dataset for 
each city for each PM size fraction for days with and without AOD 
measurements. We then estimated PM10-2.5 concentrations as the dif
ference between PM10 and PM2.5 concentrations. 

2.5.2. Model evaluation 
We performed ‘leave-one-station-out’ (LOSO) cross-validation (CV) 

to assess the performance of our models. Specifically, to generate the 
calibration model CV predictions, we repeatedly left out one of the N 
total PM monitors in each city and re-fit the AIC-chosen calibration 
model on only data from the N-1 remaining PM stations. We then used 
the model fit from the N-1 sites to predict PM at the held-out site. 
Conceptually, this approach assesses the performance of the calibration 
models vs. observed values at an unobserved location. The smoothing 
model CV predictions were generated by recursively fitting the 
smoothing model on the predicted values from the calibration model fit 
from the N-1 sites. 

We separately evaluated the calibration CV predictions and our final 
CV predictions, where the latter were selected from the ‘best’ of either 
the calibration model CV or smoothing model CV predictions. Both were 
evaluated for all three size fractions and against all available EPA PM 
monitoring data throughout the study period (i.e., for PM with and 
without paired available AOD data, as appropriate). Since the EPA does 
not provide publicly available PM10-2.5 data, we created a validation 
dataset of daily and long-term average PM10-2.5 concentrations by sub
tracting PM2.5 from PM10 measured at EPA FRM monitoring stations 
with collocated monitors. 

To evaluate our CV predictions, we regressed the spatially and 
temporally paired daily observed concentrations on the daily CV pre
dicted concentrations and summarized the R2, intercept, and slope; we 
also calculated the root mean square error (RMSE) of the predictions. To 
examine the ability of our models to estimate the spatial variation in PM 
concentrations, we regressed our CV predictions against observed con
centrations averaged over the full study-period and again summarized 
the R2, intercept, and slope, and again calculated the RMSE. To isolate 
and assess the temporal performance of the models, we calculated the 
overall R2 for our CV predictions separately for each EPA monitoring 
site. We then generated summary statistics (i.e., mean and standard 
deviation) of monitor-specific R2, intercept, slope, and RMSE values, 
separately for each city and particle size. 

In three of our six study areas we additionally compared our final 
AOD-based PM10-2.5 predictions to 2-week PM10-2.5 samples taken dur
ing both the summer and winter seasons for the MESA Coarse study 
(Zhang et al., 2014). Daily AOD-based predictions were spatially and 
temporally linked to the external measurements and averaged over the 
corresponding 2-week sampling periods. We used the correlation be
tween our predictions and the measurements, separately for each city, to 
assess the performance of our predictions relative to the out-of-sample 
measurements. 

2 The St. Paul PM10 analysis used thresholds of 2.5th and 97.5th percentiles 
to improve the model fit.  

3 The calibration model for Chicago PM2.5 excluded predictors where the 
value of the 1st percentile was equal to the 99th percentile to improve model fit. 
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2.5.3. Alternative modeling approaches 
In secondary analyses, we evaluated three alternate approaches for 

estimation of PM10-2.5: two to compare to our model’s spatial perfor
mance and one to compare to our model’s temporal performance. The 
first alternative spatial approach was a nearest monitor analysis, which 
is used in some of the PM10-2.5 long-term health effects literature (Lipsett 
et al., 2006; Miller et al., 2007; Chen et al., 2015). The second alterna
tive spatial approach was inverse distance weighting (IDW) using 
weights of squared inverse distance. For both alternative approaches we 
repeatedly left out one collocated PM2.5 and PM10 site at a time and 
assigned it – by day – the PM10-2.5 concentration from the collocated 
PM2.5 and PM10 EPA site that was geographically closest to the held-out 
site (for the nearest monitor approach) or the PM10-2.5 prediction from 
the IDW interpolation of all other collocated PM2.5 and PM10 EPA sites in 
the study area (for the IDW approach). We then compared the 
study-period average PM10-2.5 concentrations at the held-out sites, 
separately, to the PM10-2.5 estimates from each of the two alternative 
spatial approaches and reported spatial R2 values, intercepts, slopes, and 
RMSE values, separately for each city. 

We similarly determined whether our PM10-2.5 prediction approach 
performed better temporally than a regional average PM10-2.5 mea
surement, which is an alternative method commonly used in the PM10- 

2.5 health effects time series literature (Chen et al., 2004; Lin et al., 2005; 
Malig et al., 2013; Peng et al., 2008; Rodopoulou et al., 2014; Stafoggia 
et al., 2013; US EPA, 2019; Zhao et al., 2017). Specifically, for each daily 
measured PM10-2.5 concentration at a given collocated PM2.5 and PM10 
site, we calculated the daily average PM10-2.5 value from all other 
collocated PM2.5 and PM10 sites in the study area except itself for that 
day. We then compared the daily PM10-2.5 concentrations at the held-out 
site to the daily region-average PM10-2.5 concentrations, separately for 
each held-out monitoring site, and reported the mean and standard 
deviation of monitor-specific reported R2 values, intercepts, slopes, and 
RMSE values, separately for each city. 

3. Results 

Fig. 1 shows the study area for each of the six study regions, 
including the locations of the PM2.5, PM10, and collocated PM2.5 and 
PM10 EPA monitoring stations used in the analysis. Notably, each city 
had a higher frequency of PM2.5 sampling compared with PM10 (roughly 
one out of three days for PM2.5 and one out of six days for PM10) and a 
larger number of PM2.5 samplers (Table 1). The number of PM sites used 
in this analysis differed by city, with New York having the most PM2.5 
samplers (N = 37) and Los Angeles having the most PM10 samplers (N =
19). St. Paul had the fewest PM2.5 (N = 17) and PM10 (N = 8) samplers. 
The number of unique collocated PM10-2.5 sites in each city throughout 
the study period ranged from 4 in St. Paul to 12 in Los Angeles (Table 1). 
Based on monitoring data, we observed that the Los Angeles study re
gion had the highest mean concentrations for both PM2.5 (16.7 μg/m3) 
and PM10 (35.6 μg/m3) of all six areas. In contrast, St. Paul had the 
lowest mean PM2.5 concentration (8.6 μg/m3) and Baltimore had the 
lowest mean PM10 concentration (20.4 μg/m3). Mean PM10-2.5 concen
trations at collocated sites throughout the study period ranged from 6.3 
μg/m3 in Winston-Salem to 20.7 μg/m3 in Los Angeles. 

In our calibration models that predicted PM based on AOD mea
surements, we found that AOD was consistently and strongly positively 
associated with PM2.5 in all six areas and with PM10 in three of the cities 
but not in the more northern cities of Chicago, St. Paul, and New York 

(Table A.2). Meteorological factors, elevation, land use development 
level, and daily average PBL were the factors most commonly predictive 
of PM2.5, while the vertical wind component, population, and humidity 
were most commonly predictive of PM10 (Table A.2).4 As shown in 
Table 2, we had strong performance for predicting long-term average 
PM10-2.5 – our particle size of primary interest – based on measured AOD. 
Our spatial CV R2 was greater than 0.6 in four of our six cities (i.e., 
Baltimore, Los Angeles, New York, and St. Paul). The spatial CV R2 was 
also good in Chicago at 0.57 but poor for Winston-Salem at 0.25. In all 
sites except Winston-Salem these PM10-2.5 spatial R2 were consistent 
with, if not better than, PM2.5 or PM10 alone, which ranged from 0.46 in 
Chicago to 0.81 in New York for PM2.5 and from 0.52 in Chicago to 0.95 
in New York for PM10. In contrast, we had poor predictive performance 
overall due to poor predictive power of PM10-2.5 temporal variation. In 
fact, the model performance was much worse temporally for PM10-2.5 
(average temporal CV R2s from 0.10 to 0.43) than for either PM2.5 
(average temporal CV R2s from 0.69 to 0.83) or PM10 (average temporal 
CV R2s from 0.52 to 0.69) in all six cities. 

Validation results of our final predictions for all three size fractions 
are shown in Table 3. As with our calibration models, our final PM10-2.5 
models had excellent spatial performance in Baltimore, Los Angeles, 
New York, and St. Paul, with CV R2s ranging from 0.70 to 0.97. Chicago 
again had moderate PM10-2.5 spatial performance (CV R2: 0.50) and 
Winston-Salem had a low spatial CV R2 of 0.34. Temporal performance 
remained low for our final PM10-2.5 predictions, with mean CV R2 

ranging from 0.15 to 0.42. 
The spatial performance of our AOD-based models was substantially 

better than both alternate spatial approaches, both of which performed 
poorly in all six cites (Table 4). In contrast, the alternate temporal 
approach of a city mean performed slightly better than the temporal 
component of our AOD based predictions across the study areas (based 
on mean CV R2) although in general, the results were still poor. When 
compared to two-week samples collected from residential areas in the 
MESA Coarse project, our satellite-based predictions showed good cor
relations with measurements in St. Paul (ρ: 0.43) and Chicago (ρ: 0.63), 
but poor correlations in Winston-Salem (ρ: − 0.11). 

Maps of our final PM2.5, PM10, and PM10-2.5 predictions averaged 
over the study period are shown in Fig. 2 for each area. In general, PM2.5 
predicted concentrations were highest along major roadways and in the 
downtown areas of all six cities, while PM10 and PM10-2.5 predictions 
exhibited similar but weaker roadway and downtown spatial patterns. 

Summary statistics for the final long-term average predictions, by 
city and particle size, are shown in Table 5. Mean study area long-term 
average PM2.5 ranged from 7.9 μg/m3 in Chicago to 12.0 μg/m3 in 
Winston-Salem while PM10 ranged from 11.5 μg/m3 in Baltimore to 
37.7 μg/m3 in New York; Baltimore had the lowest mean long-term 
average PM10-2.5 predictions (2.1 μg/m3) while New York had the 
highest (28.4 μg/m3). 

4. Discussion 

We used spatiotemporal mixed effects models with satellite AOD data 
to predict PM10-2.5 at a 1 km2 resolution in six metropolitan areas across 
the US. This extends earlier work which successfully developed and 
applied this approach throughout the eastern US, Italy, and Israel for 
PM2.5 (Kloog et al., 2011, 2012a, 2012b, 2015; Hu, 2009; Madrigano 
et al., 2013; McGuinn et al., 2016) and in Italy and Israel for PM10 (Nordio 
et al., 2013; Stafoggia et al., 2017, 2019; Kloog et al., 2015; Shtein et al., 

4 Although elevation was a selected fixed effect in the Baltimore PM10 cali
bration model, given the topological characteristics of that region compared to 
the locations of PM10 monitors, using elevation in the AOD-based predictions 
resulted in a large fraction of negative PM10 predictions. We therefore re- 
performed AIC backward selection after excluding elevation as a predictor for 
consideration. 
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2018). Overall, our final predictions captured the long-term spatial pat
terns of PM10-2.5 very well in four of our study areas (CV R2 ranging from 
0.70 in Los Angeles to 0.97 New York), well in one area (CV R2 of 0.50 in 
Chicago), and modestly in one area (CV R2 of 0.34 in Winston-Salem). In 
all six study areas, our predictions had substantially better spatial per
formance than both a simple nearest-monitor approach and an IDW 
approach. Given that urban areas often have considerable spatial 

variability in PM10-2.5 concentrations (Lagudu et al., 2011; Pakbin et al., 
2010; Sawvel et al., 2015; Thornburg et al., 2009; US EPA, 2019), our 
results show the benefits of using satellite-based AOD data for assessing 
long-term PM10-2.5 concentrations for epidemiological health studies. 

This research adds to the literature as one of only a handful of models 
to predict PM10-2.5 concentrations for use in long-term air pollution 
epidemiological studies. This is particularly true for the US where – to 

Table 1 
Summary statistics of daily PM2.5, PM10, and PM10-2.5 concentrations (μg/m3) used in calibration models, measured at EPA air quality monitoring stations in six US 
metropolitan areas for the period 2000–2012.  

City Particle Size Number of Sites Number of Observations Mean Median Min Max IQR 

Baltimore PM2.5 30 11,587 12.2 10.6 3.2 38.2 8.2 
PM10 13 1382 20.4 18 4 60 13 
PM10-2.5 8 816 9.2 6.4 − 20.5 73.4 8.4 

Chicago PM2.5 28 8309 12.9 11.5 3.2 37.1 8.7 
PM10 15 1934 23.5 22 6 61 15 
PM10-2.5 9 1035 10.5 8.5 − 13.6 94.0 9.1 

Los Angeles PM2.5 22 13,491 16.7 14 2.8 59.3 11 
PM10 19 4513 35.6 33 7 95 22 
PM10-2.5 12 2950 20.7 18.0 − 19.7 123.2 14.7 

New York PM2.5 37 11,340 11.1 9.1 2.7 38.5 8.3 
PM10 11 787 24.8 21 7 78 18 
PM10-2.5 5 369 12.4 9.5 − 10.4 70.8 10.0 

St. Paul PM2.5 17 3898 8.6 7.6 2.2 26.9 5.3 
PM10 8 960 25.6 24 9 57 15 
PM10-2.5 4 394 17.1 15.2 1.4 47.9 11.5 

Winston-Salem PM2.5 27 15,110 12.7 11.5 0 84.5 8.2 
PM10 15 2361 20.8 19 1 99 12 
PM10-2.5 11 1491 6.3 5.8 − 10.9 49.4 4.5  

Table 2 
Cross-validated performance of calibration models for PM2.5, PM10, and PM10-2.5 predictions by study area and particle size.  

City Particle 
Size 

Overall Spatial Temporalc 

R2 RMSEb Intercepta Slopea R2 RMSEb Intercepta Slopea R2 RMSE Intercept Slope 

Baltimore PM2.5 0.79 3.45 − 0.23 
(0.07) 

1.03 
(0.005) 

0.65 0.70 2.73 (1.38) 0.79 
(0.11) 

0.83 
(0.07) 

3.21 
(0.9) 

− 0.43 
(1.13) 

1.05 
(0.07) 

PM10 0.54 8.23 − 1.21 
(0.58) 

1.08 
(0.03) 

0.69 3.17 − 3.56 
(5.02) 

1.19 
(0.24) 

0.62 
(0.14) 

7.22 
(3.35) 

− 1.71 
(4.92) 

1.07 
(0.19) 

PM10-2.5 0.16 9.01 2.86 (0.6) 0.73 
(0.06) 

0.65 3.18 − 1.59 
(3.21) 

1.25 
(0.37) 

0.1 
(0.07) 

7.8 
(3.83) 

4.41 (4.2) 0.42 
(0.27) 

Chicago PM2.5 0.75 3.59 − 0.11 
(0.09) 

1.02 
(0.01) 

0.46 0.95 3.93 (1.91) 0.7 
(0.15) 

0.8 
(0.11) 

3.23 
(0.97) 

− 0.29 
(1.13) 

1.03 
(0.07) 

PM10 0.48 8.56 1.54 (0.55) 0.94 
(0.02) 

0.52 3.40 8.06 (4.4) 0.68 
(0.18) 

0.53 
(0.15) 

8.7 
(2.01) 

− 3.45 
(12.09) 

1.13 
(0.39) 

PM10-2.5 0.23 7.87 4.36 (0.42) 0.68 
(0.04) 

0.57 3.03 4.12 (2.63) 0.71 
(0.23) 

0.28 
(0.17) 

8.14 
(2.63) 

0.56 (8.82) 0.94 
(0.47) 

Los Angeles PM2.5 0.66 6.86 − 0.26 
(0.12) 

1.03 
(0.01) 

0.56 2.21 2.13 (3.07) 0.92 
(0.18) 

0.69 
(0.09) 

6.93 
(2.5) 

− 0.27 
(2.83) 

1.05 
(0.17) 

PM10 0.56 12.18 − 0.64 (0.5) 1.02 
(0.01) 

0.62 4.43 2.71 (6.44) 0.94 
(0.18) 

0.56 
(0.12) 

12.12 
(4.05) 

− 2.34 
(10.2) 

1.05 
(0.3) 

PM10-2.5 0.43 9.70 2.99 (0.42) 0.83 
(0.02) 

0.74 2.70 3.23 (3.33) 0.82 
(0.15) 

0.43 
(0.15) 

9.16 
(1.97) 

0.85 (9.13) 0.88 
(0.38) 

New York PM2.5 0.76 3.96 − 0.31 
(0.07) 

1.04 
(0.01) 

0.81 0.77 − 0.28 
(1.01) 

1.05 
(0.09) 

0.78 
(0.12) 

3.97 
(1.6) 

− 0.4 (0.85) 1.05 
(0.07) 

PM10 0.62 9.61 − 1.07 
(0.79) 

1.06 
(0.03) 

0.95 1.48 − 3.28 
(2.11) 

1.14 
(0.09) 

0.63 
(0.17) 

8.45 
(2.73) 

− 1.03 
(6.22) 

1.01 
(0.23) 

PM10-2.5 0.35 8.71 1.22 (0.92) 0.86 
(0.06) 

0.96 1.70 − 2.42 
(1.75) 

1.1 
(0.13) 

0.35 
(0.19) 

7.23 
(2.74) 

− 3.68 
(16.3) 

0.91 
(0.97) 

St. Paul PM2.5 0.73 2.71 − 0.23 (0.1) 1.05 
(0.01) 

0.49 0.82 0.06 (2.34) 1.03 
(0.27) 

0.76 
(0.15) 

2.84 
(1.86) 

− 0.41 
(0.58) 

1.08 
(0.08) 

PM10 0.50 9.04 − 1.53 
(0.91) 

1.08 
(0.03) 

0.88 1.55 − 2.54 (4.4) 1.11 
(0.17) 

0.52 
(0.16) 

8.17 
(2.78) 

− 1.74 
(1.54) 

1.07 
(0.08) 

PM10-2.5 0.40 8.34 1.52 (1.04) 0.89 
(0.05) 

0.82 2.03 1.88 (5.4) 0.85 
(0.28) 

0.35 
(0.15) 

8.27 
(2.22) 

0.82 (2.69) 0.91 
(0.17) 

Winston- 
Salem 

PM2.5 0.80 2.94 − 0.26 
(0.06) 

1.02 
(0.004) 

0.93 0.65 − 1.04 
(0.81) 

1.08 
(0.06) 

0.81 
(0.07) 

2.86 
(0.68) 

− 0.3 (0.73) 1.02 
(0.05) 

PM10 0.67 5.87 − 0.32 
(0.33) 

1.04 
(0.02) 

0.72 2.02 0.54 (3.53) 0.98 
(0.17) 

0.69 
(0.09) 

5.27 
(1.45) 

− 0.4 (3.57) 1.01 
(0.2) 

PM10-2.5 0.19 4.68 3.38 (0.19) 0.46 
(0.02) 

0.25 1.88 4.04 (1.36) 0.34 
(0.2) 

0.22 
(0.15) 

4.46 
(1.18) 

2.43 (1.85) 0.55 
(0.3)  

a Shown as parameter estimate ± standard error from a linear regression of observations versus predictions. 
b Root of the mean squared error. 
c Shown as the mean (standard deviation) of the statistic, across all monitor-level results from linear regressions of observations versus predictions. 
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our knowledge – only two groups have generated PM10-2.5 exposure 
predictions that have been used in health studies (US EPA, 2019). 
Notably, neither has taken advantage of the additional information AOD 
provides when conducting PM10-2.5 spatiotemporal pollution prediction 

modeling. Previously, our group used intensive PM10-2.5 monitoring 
campaigns as part of the MESA Coarse study (Zhang et al., 2014) to 
predict spatial patterns of PM10-2.5 using land use regression methods in 
three of the six cities studied here. While our model performance using 

Table 3 
Cross-validated performance of final ‘best’ models for PM2.5, PM10, and PM10-2.5 predictions by study area and particle size.  

City Particle 
Size 

Overall Spatial Temporalc 

R2 RMSEb Intercepta Slopea R2 RMSEb Intercepta Slopea R2 RMSE Intercept Slope 

Baltimore PM2.5 0.87 3.11 − 2.09 
(0.03) 

1.2 
(0.002) 

0.75 0.87 0.95 (1.34) 0.96 
(0.11) 

0.88 
(0.04) 

3.05 
(0.67) 

− 1.95 (1.2) 1.19 
(0.08) 

PM10 0.59 7.53 − 4.01 
(0.32) 

1.18 
(0.01) 

0.74 2.36 0.65 (3.58) 0.96 
(0.17) 

0.67 
(0.1) 

6.53 
(2.54) 

− 6.21 
(6.01) 

1.26 
(0.22) 

PM10-2.5 0.23 7.73 0.7 (0.29) 0.8 (0.03) 0.74 2.14 − 0.02 
(1.82) 

0.89 
(0.21) 

0.15 
(0.08) 

6.46 
(2.77) 

0.91 (2.02) 0.65 
(0.4) 

Chicago PM2.5 0.81 4.01 − 3.83 
(0.05) 

1.34 
(0.003) 

0.40 1.16 6.32 (1.86) 0.58 
(0.14) 

0.85 
(0.06) 

3.76 
(0.68) 

− 4.11 
(1.54) 

1.36 
(0.1) 

PM10 0.51 8.69 − 1.2 (0.28) 1.03 
(0.01) 

0.50 3.72 10.16 
(3.65) 

0.56 
(0.15) 

0.57 
(0.07) 

8.58 
(1.56) 

− 7.42 
(8.06) 

1.29 
(0.2) 

PM10-2.5 0.30 7.62 2.38 (0.18) 0.68 
(0.02) 

0.50 3.48 4.51 (1.84) 0.46 
(0.17) 

0.36 
(0.11) 

7.27 
(1.49) 

− 0.75 (3.9) 0.99 
(0.16) 

Los Angeles PM2.5 0.71 6.12 − 2.32 
(0.07) 

1.15 
(0.004) 

0.41 2.21 5.57 (3) 0.69 
(0.18) 

0.76 
(0.08) 

6.08 
(1.31) 

− 2.87 
(3.03) 

1.21 
(0.21) 

PM10 0.50 15.94 − 11.16 
(0.42) 

1.31 
(0.01) 

0.57 4.39 6.3 (6.06) 0.82 
(0.17) 

0.56 
(0.13) 

14.92 
(7.94) 

− 16.52 
(19.46) 

1.44 
(0.53) 

PM10-2.5 0.41 11.45 − 1.73 (0.3) 1 (0.01) 0.70 3.34 4.6 (3.04) 0.69 
(0.14) 

0.42 
(0.16) 

10.74 
(2.92) 

− 4.55 
(10.77) 

1.08 
(0.46) 

New York PM2.5 0.85 3.40 − 2.03 
(0.03) 

1.22 
(0.002) 

0.66 1.07 − 1.39 
(1.76) 

1.16 
(0.15) 

0.86 
(0.06) 

3.38 
(0.71) 

− 1.98 
(0.71) 

1.2 
(0.08) 

PM10 0.65 9.35 − 6.47 
(0.45) 

1.28 
(0.02) 

0.92 2.16 − 5.46 
(2.86) 

1.25 
(0.12) 

0.65 
(0.1) 

8.05 
(3.13) 

− 5.64 (7.6) 1.21 
(0.3) 

PM10-2.5 0.38 8.46 − 1.23 
(0.46) 

1.01 
(0.03) 

0.97 2.32 − 5.14 
(1.62) 

1.32 
(0.13) 

0.22 
(0.05) 

7.78 
(3.45) 

− 1 (5.46) 0.79 
(0.51) 

St. Paul PM2.5 0.83 3.28 − 2.99 
(0.05) 

1.41 
(0.01) 

0.35 0.94 3.57 (2.26) 0.69 
(0.24) 

0.83 
(0.08) 

3.26 
(0.83) 

− 3.13 
(0.67) 

1.41 
(0.08) 

PM10 0.49 9.42 − 4.01 
(0.46) 

1.13 
(0.02) 

0.84 1.60 4.9 (3.68) 0.79 
(0.14) 

0.52 
(0.08) 

8.95 
(1.86) 

− 6.43 
(4.41) 

1.21 
(0.14) 

PM10-2.5 0.35 9.82 − 0.95 
(0.59) 

0.93 
(0.03) 

0.85 3.21 3.32 (3.67) 0.68 
(0.2) 

0.33 
(0.06) 

9.59 
(1.99) 

− 4.72 
(6.67) 

1.07 
(0.29) 

Winston- 
Salem 

PM2.5 0.89 2.36 − 1.8 (0.03) 1.14 
(0.002) 

0.93 0.58 − 0.96 
(0.8) 

1.08 
(0.06) 

0.89 
(0.03) 

2.32 
(0.41) 

− 1.78 
(0.86) 

1.14 
(0.05) 

PM10 0.75 4.84 − 2.08 
(0.18) 

1.11 
(0.01) 

0.77 1.72 1.36 (2.85) 0.93 
(0.14) 

0.77 
(0.06) 

4.46 
(1.1) 

− 2.8 (3.03) 1.13 
(0.14) 

PM10-2.5 0.35 3.82 2.18 (0.1) 0.63 
(0.01) 

0.34 1.79 3.89 (1.07) 0.34 
(0.16) 

0.4 
(0.08) 

3.78 
(0.85) 

0.87 (2.03) 0.79 
(0.21)  

a Shown as parameter estimate ± standard error from a linear regression of observations versus predictions. 
b Root of the mean squared error. 
c Shown as the mean (standard deviation) of the statistic, across all monitor-level results from linear regressions of observations versus predictions. 

Table 4 
PM10-2.5 model evaluation by study area using A) our AOD-based approach (final model CV) vs. two alternative spatial approaches (nearest monitor and inverse 
distance weighting); B) our AOD-based approach (final model CV) vs. an alternative temporal approach (city-average).  

A AOD-Based Approach Alternative Spatial Approach: Nearest Co-Located 
Site 

Alternative Spatial Approach: Inverse Distance 
Weighting 

City R2 RMSEb Intercepta Slopea R2 RMSEb Intercepta Slopea R2 RMSEb Intercepta Slopea 

Baltimore 0.74 2.14 − 0.02 (1.82) 0.89 (0.21) 0.03 4.44 12.66 (14.38) − 0.67 (1.66) 0.27 4.78 21.18 (9.67) − 1.72 (1.15) 
Chicago 0.50 3.48 4.51 (1.84) 0.46 (0.17) 0.02 4.02 7.44 (3.78) 0.15 (0.4) 0.04 3.31 5.75 (5.89) 0.35 (0.65) 
Los Angeles 0.70 3.34 4.6 (3.04) 0.69 (0.14) 0.23 4.56 8.49 (6.25) 0.52 (0.3) 0.14 4.22 6.27 (9.91) 0.65 (0.51) 
New York 0.97 2.32 − 5.14 (1.62) 1.32 (0.13) 0.57 9.30 21.32 (6.11) − 1.13 (0.56) 0.67 7.81 31.63 (9.02) − 2.23 (0.9) 
St. Paul 0.85 3.21 3.32 (3.67) 0.68 (0.2) 0.14 3.93 9.76 (10.35) 0.37 (0.64) 0.02 3.84 12.04 (17.15) 0.23 (1.08) 
Winston-Salem 0.34 1.79 3.89 (1.07) 0.34 (0.16) 0.04 2.35 7.06 (1.78) − 0.15 (0.26) 0.03 1.93 7.37 (2.43) − 0.2 (0.37)  

B AOD-Based Approachc Alternative Temporal Approach: Measured City Average 

City R2 RMSE Intercept Slope R2 RMSE Intercept Slope 

Baltimore 0.15 (0.08) 6.46 (2.77) 0.91 (2.02) 0.65 (0.4) 0.26 (0.19) 7.79 (4.09) 3.48 (3.26) 0.43 (0.15) 
Chicago 0.36 (0.11) 7.27 (1.49) − 0.75 (3.9) 0.99 (0.16) 0.38 (0.06) 7.22 (1.36) 1.73 (3.09) 0.81 (0.15) 
Los Angeles 0.42 (0.16) 10.74 (2.92) − 4.55 (10.77) 1.08 (0.46) 0.59 (0.16) 10.41 (3.08) 1.39 (5.27) 0.95 (0.45) 
New York 0.22 (0.05) 7.78 (3.45) − 1 (5.46) 0.79 (0.51) 0.2 (0.05) 10.35 (3.82) 4.64 (3.19) 0.61 (0.51) 
St. Paul 0.33 (0.06) 9.59 (1.99) − 4.72 (6.67) 1.07 (0.29) 0.38 (0.14) 10.79 (1.53) 4.95 (2.6) 0.72 (0.2) 
Winston-Salem 0.4 (0.08) 3.78 (0.85) 0.87 (2.03) 0.79 (0.21) 0.38 (0.14) 3.84 (1.09) 1.61 (1.47) 0.7 (0.22)  

a Shown as parameter estimate ± standard error from a linear regression of observations versus predictions. 
b Root of the mean squared error. 
c Shown as the mean (standard deviation) of the statistic, across all monitor-level results from linear regressions of observations versus predictions. 
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the intensive sampling data was largely better than these new 
AOD-models, they were not substantially or consistently so. For 
example, we previously had CV R2s of 0.68 (RMSE: 1.16 μg/m3) and 
0.41 (RMSE: 1.09 μg/m3) in Chicago and Winston Salem, respectively, 
as compared to CV R2s of 0.50 (RMSE: 3.48 μg/m3) and 0.34 (RMSE: 
1.79 μg/m3) for our current models. In contrast, our new St. Paul models 
have a CV R2 of 0.85 (RMSE: 3.21 μg/m3) as compared to our earlier 
models of 0.51 (RMSE 2.33 μg/m3). Correspondingly, the correlations 
between the MESA Coarse measurements and our satellite-based model 
predictions were moderate to strong in Chicago and St. Paul where our 
models performed well but poor in Winston-Salem where neither 
modeling approach performed well. This is reassuring and perhaps not 
surprising given that the MESA Coarse measurements were taken at 
specific locations compared to the satellite-based predictions, which 
have a 1 km2 spatial resolution. Given that monitoring field studies are 
very expensive to conduct and cannot easily capture the spatiotemporal 
variability in PM10-2.5 concentrations, this AOD-informed approach of
fers important benefits over predictions derived from spatially intensive 
ground monitoring. 

Another study of the whole conterminous US used generalized ad
ditive mixed models with geographic, meteorological, and visibility data 
to predict PM2.5 and PM10 concentrations at the monthly scale based on 

EPA monitoring data (Yanosky et al., 2008, 2009, 2014). Over the 
period from 1999 to 2007 they found a spatial CV R2 of 0.61 for their 
PM10-2.5 predictions, with performance that varied across geographical 
regions from 0.33 in the Southcentral US to 0.64 in the Southwest. 
Importantly, Yanosky et al. (2014) hypothesized that the inclusion of 
AOD measures in spatiotemporal models might improve model predic
tive accuracy, especially in areas distant from air quality monitors. In 
fact, this did appear to be the case as our final long-term average CV 
predictions had much better spatial performance in Baltimore, New 
York, and St. Paul (0.74–0.97 vs. 0.49 to 0.53), better performance in 
Los Angeles (0.70 vs. 0.64), and marginally better performance in Chi
cago (0.50 vs. 0.49) than those models. Only in Winston-Salem did their 
models have better predictive ability, although they also had only 
modest performance (0.34 vs. 0.36). 

Outside of the US, Stafoggia et al. (2019) used AOD measures and a 
similar approach to ours to predict PM2.5, PM10, and PM10-2.5 in Italy, 
although they first used a Random Forest (RF) design to impute missing 
AOD values and subsequently used RF rather than mixed models to 
calibrate PM to AOD. While their predictive performance for PM2.5 and 
PM10 was very good, the results for PM10-2.5 were poorer, with the 
annual spatial CV R2 ranging from 0.51 to 0.67. PM10-2.5 results were 
especially poor in summer months and in southern Italy. Interestingly, 
similar to our findings, Stafoggia et al. (2019) also found better spatial 
compared to overall and temporal predictive performance for PM10-2.5, 
whereas PM2.5 and PM10 performed better overall and temporally. 

Differences in our Winston-Salem PM10-2.5 results as compared to 
those in the Southeast region in Yanosky et al. (2014) highlights one of the 
key challenges of predicting concentrations for localized areas as we have 
done in this work. Unlike many other studies that have predicted PM 
levels across larger regions or nations, our study focused on smaller 
metropolitan areas. While predicting over smaller areas has the potential 
to increase accuracy if there is effect modification of predictors by place, 
it can come at the cost of lost variation in exposures. Notably, there was 
only a 5 μg/m3 range in the long-term average PM10-2.5 concentrations in 
Winston-Salem across the eleven collocated PM10-2.5 sites during our 
study period. In contrast, our other cities had monitor level averages with 
ranges closer to 10–20 μg/m3. This lack of variation surely contributed to 
our inability to predict the spatial variability in PM10-2.5 levels well. 

Fig. 1 and Table 1 highlight a second limitation of studying a smaller 
area, which is that the models can be informed by relatively few 
monitoring sites. This limitation likely contributed to the overall poorer 
results for PM10 compared to PM2.5 since in all six study areas there were 
both fewer samplers and measurements for PM10 than PM2.5. Another 

Fig. 2. Maps of long-term average PM predictions (2000–2012), by particle size and study area.  

Table 5 
Summary statistics of final long-term average (2000–2012) PM2.5, PM10, and 
PM10-2.5 predictions (μg/m3), by study area and particle size.  

City Particle Size Mean (SD) 25th Percentile 75th Percentile 

Baltimore PM2.5 9.6 (2.3) 8.0 11.4 
PM10 11.5 (7.6) 5.6 16.7 
PM10-2.5 2.1 (7.1) − 3.2 6.7 

Chicago PM2.5 7.9 (10.3) 7.0 13.4 
PM10 26.2 (9.5) 19.7 31.8 
PM10-2.5 18.8 (14.0) 9.2 26.4 

Los Angeles PM2.5 8.7 (16.2) 4.0 17.2 
PM10 34.9 (11.6) 28.1 43.0 
PM10-2.5 26.0 (13.4) 16.8 35.4 

New York PM2.5 9.7 (1.6) 8.6 10.9 
PM10 37.7 (18.5) 25.2 48.5 
PM10-2.5 28.4 (19.4) 14.7 39.7 

St. Paul PM2.5 8.8 (1.1) 8.0 9.5 
PM10 22.0 (5.6) 17.9 24.5 
PM10-2.5 13.3 (4.8) 9.8 15.4 

Winston- 
Salem 

PM2.5 12.0 (1.2) 11.4 12.7 
PM10 16.6 (9.7) 12.3 23.4 
PM10-2.5 4.9 (9.3) 0.8 11.4  
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consequence of having fewer monitoring sites when studying a smaller 
area is that there is often less variation in the types of places where air 
quality stations are sited. For example, in the New York region all of the 
PM10 monitors were sited in low elevation, urban areas that were near 
the coast. This resulted in the areas west of the city having many pre
dictor values outside of the design space of the data used to fit the 
calibration model. This, in combination with the coefficients for these 
predictors, resulted in high predicted concentrations of PM10 (and sub
sequently PM10-2.5) in the area west of New York City (Fig. 2). A similar 
phenomenon occurred in Winston-Salem where the PM10 stations are all 
sited in close proximity to the major highways and areas distant to the 
highways have very low predicted values. 

Our models were not fit directly on PM10-2.5 measurements, but 
rather on PM2.5 and PM10 separately. In such models, the error from 
both models contributes to the performance of the predictions. Although 
this is common for PM10-2.5 modeling due to a lack of size-fraction 
specific sampling, its impact is highlighted by the strong performance 
of our PM2.5 and PM10 models (final model CV R2 0.93 and 0.77, 
respectively) in Winston-Salem but not PM10-2.5 (CV R2 was 0.34). This 
may be more important in Winston-Salem given that PM10-2.5 levels are 
largely low and non-variable and that PM2.5 is a larger fraction of PM10 
than in our other areas. Finally, we note that while we performed 
backward selection with the AIC to select the fixed effects used in each 
calibration model, future work might explore alternative approaches for 
dimension reduction and/or regularization in the predictor space. Ap
proaches such as principal component analysis (PCA), partial least 
squares (PLS), lasso or ridge regression might improve the predictive 
accuracy of our models by reducing any remaining collinearity. 

Overall, however, we had strong performance of our models to 
characterize the spatial variability of PM10-2.5. In addition, our AOD- 
based predictions dramatically out-performed the alternative IDW and 
nearest monitor approaches that have been used in other epidemiology 
studies to date, showing the potential improvement this approach can 
offer to environmental epidemiological research. In contrast, the tem
poral performance of our PM10-2.5 estimates was very poor, with final 
model mean CV R2 ranging from 0.15 in Baltimore to 0.42 in Los 
Angeles, suggesting that this approach does not adequately capture the 
daily variation in PM10-2.5 concentrations in these six areas. Importantly, 
though, our poor temporal performance was largely the same as results 
from the city mean approach (mean temporal R2 ranged from 0.20 in 

New York to 0.59 in Los Angeles) that has been frequently deployed in 
epidemiological studies, raising questions about the impacts of mea
surement error in the epidemiology on short-term exposures to PM10-2.5 
in the United States. 

5. Conclusion 

In summary, we have demonstrated that the use of satellite AOD data 
is an effective method for characterizing spatial, but not temporal var
iations, in PM10-2.5 concentrations in six cities in the US. Notably, our 
AOD-based predictions had much better performance than alternative 
IDW and nearest monitor approaches that have been used in many 
epidemiological research studies of the health impacts of long-term 
PM10-2.5 exposure. In contrast, our poor temporal performance was 
largely the same as the alternative city mean approach often used in 
short term epidemiological research. This demonstrates that PM10-2.5 
has more spatiotemporal variability than the current set of EPA moni
toring stations can capture, even with the addition of satellite-based 
information. Given the high costs of field sampling, this AOD-based 
methodology is a strong option for estimating long-term PM10-2.5 con
centrations, especially in areas with sufficient numbers of air quality 
monitors and spatial variability in concentrations. 
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Table A.1 
Summary statistics of all daily PM2.5, PM10, and PM10-2.5 concentrations (μg/m3) measured at EPA air qual
ity monitoring stations in six US metropolitan areas for the period 2000–2012 independent of paired AOD 
data (i.e., validation dataset)a.  

City Particle Size Number of Sites Number of Observations Mean Median Min Max IQR 

Baltimore PM2.5 30 39,165 13.2 11.3 0 94.1 9.2 
PM10 13 4694 20.6 18 0 93 13 
PM10-2.5 8 2728 7.8 5.8 − 57.1 73.4 7.6 

Chicago PM2.5 28 36,159 14.2 12.4 0 68.4 10 
PM10 15 8245 23.3 21 0 110 15 
PM10-2.5 9 4514 9.0 7.3 − 18.1 94.0 9.6 

Los Angeles PM2.5 22 39,844 16.4 13.6 0 132.6 10.5 
PM10 19 12,928 34.7 32 1 1129 22 
PM10-2.5 12 8294 19.0 16.5 − 25.3 491.4 14.1 

New York PM2.5 37 44,589 12.5 10.3 0 86.8 9.5 
PM10 11 3011 25.0 21 0 164 17 
PM10-2.5 5 1476 11.0 8.2 − 33.4 135.7 10.4 

St. Paul PM2.5 17 15,639 10.0 8.4 0 69.9 7 
PM10 8 4639 25.8 23 0 107 16 
PM10-2.5 4 1742 15.6 12.5 − 16.9 98.0 12.2 

Winston-Salem PM2.5 27 38,321 12.9 11.7 0 99 8.6 
PM10 15 5924 20.3 19 0 99 12 
PM10-2.5 11 3762 6.0 5.5 − 22.6 49.4 4.3  

a These data are, however, restricted to only EPA sites that are used in the calibration model (i.e., sites with >30 observations throughout the study period and only 
one station per location).  
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