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ARTICLE INFO ABSTRACT

Handling Editor: X Querol Particulate matter with aerodynamic diameter less than 2.5 pm (PM,s) is a complex mixture of chemical con-
Keywords: stituents emitted from various emission sources or through secondary reactions/processes; however, PM, 5 is
PM, 5 regulated mostly based on its total mass concentration. Studies to identify the impacts on climate change, vis-
Sulfate ibility degradation and public health of different PM, 5 constituents are hindered by limited ground measure-
Nitrate ments of PM, 5 constituents. In this study, national models were developed based on random forest algorithm,
Elemental carbon one of machine learning methods that is of high predictive capacity and able to provide interpretable results, to

Organic carbon

predict concentrations of PM, 5 sulfate, nitrate, organic carbon (OC) and elemental carbon (EC) across the
Random forest

conterminous United States from 2005 to 2015 at the daily level. The random forest models achieved high out-
of-bag (OOB) R? values at the daily level, and the mean OOB R2 values were 0.86, 0.82, 0.71 and 0.75 for sulfate,
nitrate, OC and EC, respectively, over 2005-2015. The long-term temporal trends of PM, s sulfate, nitrate, OC
and EC predictions agreed well with their corresponding ground measurements. The annual mean of predicted
PM, s sulfate and EC levels across the conterminous United States decreased substantially from 2005 to 2015;
while concentrations of predicted PM, s nitrate and OC decreased and fluctuated during the study period. The
annual prediction maps captured the characterized spatial patterns of the PM, s constituents. The distributions of
annual mean concentrations of sulfate and nitrate were generally regional in the extent that sulfate decreased
from east to west smoothly with enhancement in California and nitrate had higher concentration in Midwest,
Metro New York area, and California. OC and EC had regional high concentrations in the Southeast and
Northwest as well as localized high levels around urban centers. The spatial patterns of PM, 5 constituents were
consistent with the distributions of their emission sources and secondary processes and transportation. Hence,
the national models developed in this study could provide supplementary evaluations of spatio-temporal dis-
tributions of PM, 5 constituents with full time-space coverages in the conterminous United States, which could be
beneficial to assess the impacts of PM, s constituents on radiation budgets and visibility degradation, and
support exposure assessment for regional to national health studies at county or city levels to understand the
acute and chronic toxicity and health impacts of PM, 5 constituents, and consequently provide scientific evi-
dence for making targeted and effective regulations of PM, 5 pollution.

1. Introduction affect climate and impair visibility by scattering and absorbing sunlight,
and modifying the Earth's radiative transfer (IPCC, 2013; Khan et al.,

Particulate matter (PM) is a complex mixture of chemical con- 2010; Malm et al., 1994). PM constituents play different roles in climate
stituents generated by direct emissions from various sources as well as change and visibility degradation. Non-absorbing components, such as
through photochemical reactions in the atmosphere (Hand et al., 2014). particle sulfate and nitrate, scatter the solar radiation and have the
The impacts of ambient PM on climate change, visibility degradation effect of cooling the atmosphere; while absorbing components, such as
and public health have drawn concerns worldwide (Beelen et al., 2014; elemental carbon and brown organic carbon, absorb the solar radiation

Chen et al., 2017; Cohen et al., 2017; Di et al., 2017; IPCC, 2013; and produce the warming effect. The light extinction efficiencies also
Kaufman et al., 2012; Lepeule et al., 2012; Malm et al., 1994). PM could vary significantly among PM constituents (Hand et al., 2011), which
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affects their capacity of visibility reduction. PM with aerodynamic
diameter less than 2.5um (PM,s) has become the fifth-ranking mor-
tality risk factor globally in 2015 (Cohen et al., 2017); however, PM 5
is currently regulated and its health effects are mostly studied based on
its total mass concentration and the knowledge regarding differential
toxicities of PM, 5 constituents is limited and the results are inconsistent
based on studies with different research designs and usually in small
study domains (Achilleos et al., 2017; Bergen et al., 2013; Chung et al.,
2015; EPA, 2009; Rohr and Wyzga, 2012). The concentrations of PM
constituents are extremely variable in space and time. Therefore, un-
derstanding the spatial and temporal distributions of the PM con-
stituents is crucial to identify the PM components and emission sources
responsible for local and regional atmospheric warming and cooling
effects as well as visibility impairment of PM, and to support tox-
icological and epidemiological studies in large spatial scales (e.g., re-
gional or national scales) to better understand the most harmful PM, 5
constituents to public health. Finally, all these scientific evidence could
be able to support policy making to control PM, s pollution effectively
(EPA, 2008; Fuzzi et al., 2015; IPCC, 2013; Malm et al., 1994).
However, understanding the spatial and temporal distributions of
the PM constituents in large spatial scales are often hindered by the
sparse or non-existent coverage of ground measurements of PM, s
constituents (Pope and Dockery, 2006). Even in the United States,
which has the most extensive ground monitoring networks of PM, 5
constituents in the world with 300+ monitoring sites, the monitoring
sites of PM, s constituents are still too sparse comparing with those of
monitoring PM, 5 mass concentrations to fully illustrate the variabilities
of PM, s constituents in space and time, especially in western United
States and rural areas. Therefore, national-scale models that predict
concentrations of PM, s constituents are highly needed. Several mod-
eling methods have been proposed in previous studies to estimate
concentrations or population exposure levels of PM, 5 constituents in
large spatial scales. The nearest neighbor method was used to study the
association between long-term exposure to PM,s constituents and
mortality in the Medicare population in the eastern United States. Ex-
posure was assigned to observations from a monitoring site within six
miles of the enrollee's ZIP code centroid (Chung et al., 2015). This
simple approach ignores the spatial heterogeneity of different PM, 5
constituents and is not suitable in areas with sparse monitoring sites,
e.g. in the western United States. Land use regression (LUR) and Uni-
versal Kriging (UK) were also developed to estimate concentrations of
PM, s constituents in Europe and the United States (Bergen et al., 2013;
Wang et al., 2014). Despite their good performance, LUR and UK
models are normally developed to estimate concentrations of PM, s
constituents at the annual level for studies on chronic health effects
other than those on the acute or sub-chronical health impacts of PM, 5
constituents, since the models are mainly developed on geographic
variables of low temporal resolutions. Statistical models driven by re-
mote sensing data are able to estimate concentrations of PM, 5 con-
stituents at the daily level (Liu et al., 2007a, 2007b; Meng et al., 2018).
For example, Liu et al. (2007b) developed regression models with
fractional aerosol optical depth (AOD) values derived from the Multi-
angle Imaging Spectroradiometer (MISR) aerosol retrievals to estimate
concentrations of PM, 5 sulfate, nitrate and OC in the United States (Liu
et al.,, 2007b). However, the long-term average predictions based on
MISR data may be biased because MISR's sampling frequency is low and
missing AOD caused by cloud or high surface reflectance is not random.
Chemical transport models (CTMs) are able to predict PM, s con-
stituents with full temporal and spatial coverages. The accuracy of
CTMs simulation is relatively low because of outdated emissions in-
ventory, e.g. the National Emissions Inventory (NEI) are updated every
three years, and imperfect understanding of the formation mechanisms
of aerosol components (Baek et al., 2011). A comparison between si-
mulated concentrations from a global 3-D CTM (GEOS-Chem) and
ground measurements showed that the R? values between the two da-
tasets were 0.22, 0.25, 0.28 and 0.30 for PM, s EC, OC, nitrate and
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sulfate, respectively, in the northeastern United States between 2005
and 2010 (Di et al., 2016b); therefore, the low accuracy limits the ap-
plication of GEOS-Chem simulations to directly evaluate concentrations
of PM, 5 constituents quantitatively, and further corrections of the si-
mulations are usually needed. Scaling the CTM simulations by satellite
AOD data improved the correlations between simulated PM, s con-
stituents and the corresponding ground measurements, but the corre-
lations between ground measurements and the scaled nitrate, organic
mass (OM) and EC were still low (Philip et al., 2014). Further research
is needed to develop models with high predicting accuracy, temporal
flexibility and spatial resolution to estimate concentrations of PM, s
constituents in large spatial scales, subsequently provide short- and
long-term exposure assessments for future epidemiological studies,
especially in areas with none or few monitoring sites of PM, s con-
stituents.

In order to generate accurate predictions and capture the spatial-
temporal characteristics of ground PM levels, more predictor variables
are involved in modeling strategies, including land cover parameters,
meteorological variables, remote sensing data, simulated results from
CTMs, and spatial and temporal indicators (e.g. spatial coordinates and
index for day of the year) (Brauer et al., 2012; Hu et al., 2014; Hu et al.,
2017; Li et al., 2017; Liu et al., 2009a; Liu et al., 2018). The relation-
ships between PM concentrations and these predictor variables are
complex and might not be fully explained by statistical modeling
methods. For example, linear mixed effects (LME) method assumes the
linear relationship between PM, 5 and predictor variables, and requires
low collinearity among predictor variables. Therefore, machine
learning algorithms are increasingly being explored as they require
fewer and less restrictive assumptions with regard to the independence
of observations and distributions of predictor variables (Di et al., 2016a;
Hu et al., 2017; Liu et al., 2018). For examples, Hu et al. predicted
PM, 5 mass concentrations in the United States with random forest
method. Di et al. employed neural network method to calibrate GEOS-
Chem simulated PM, 5 constituents in the northeastern United States.
Unlike other machine learning algorithms, e.g. neural network ap-
proach, random forest algorithm is highlighted by being able to pro-
duce importance ranking of all predictor variables (Gromping, 2009;
Liaw and Wiener, 2002) to measure their predicting strengths. The
importance ranking of predictors could make the modeling results more
interpretable by helping understand the spatial and temporal char-
acteristics of PM constituents, and identify their potential emission
sources.

To date, efforts on predicting concentrations of PM, 5 constituents
by combining multiple predictors and based on machine learning al-
gorithms are still very limited, especially in the national scale for
characterizing the nationwide spatial and temporal variabilities of
PM, 5 constituents. In this study, we developed national models by in-
corporating land use parameters, meteorological variables and GEOS-
Chem simulated PM, 5 constituents to predict concentrations of PM, 5
sulfate, nitrate, OC and EC in the conterminous United States from 2005
to 2015. Firstly, random forest models were developed for PM, 5 sul-
fate, nitrate, OC and EC in each year. Temporal and spatial cross vali-
dations were followed to evaluate the capabilities of the models for
capturing the temporal and spatial variabilities of PM, 5 constituents.
Then the spatial patterns as well as long-term temporal trends of PM, g
sulfate, nitrate, OC and EC were illustrated based on the predictions in
the Results section and were further discussed in Discussion section.
Finally, we proposed perspectives for future applications of our models
and predictions.

2. Data and methods

Our study domain was defined as the 48 conterminous states and
Washington DC, and the study period was from year 2005 to 2015. We
used several similar predictors as in Hu et al. (2017), including me-
teorological data, land use and population data, and spatial and
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temporal indicators (Hu et al., 2017). The first main difference between
our dataset and the dataset in Hu et al. (2017) is that the previous study
focused on PM, 5 mass concentrations while we tried to predict con-
centrations of PM, s constituents, including PM, s sulfate, nitrate, OC
and EC. Therefore, they used measured concentrations of total PM, 5
mass of 1200+ sites from EPA while we used measurements of only
300+ sites from both the U.S. Environmental Protection Agency's
Chemical Speciation Network (EPA CSN) and Interagency Monitoring
of Protected Visual Environments (IMPROVE) network. Secondly, to
spatially align various input datasets and make predictions, we created
a modeling grid covering our study domain with a spatial resolution of
0.25° x 0.3125° which was coarser than the 10 km resolution in Hu
et al. (2017). There are far fewer PM, 5 speciation sites than those of
PM, 5 mass concentrations; hence, the 0.25° x 0.3125° spatial resolu-
tion is reasonable to capture details of regional and local spatial pat-
terns of PM, s constituents. Additionally, in this conceptual experi-
mental study, we mainly focused on model development and
evaluation; therefore, a relatively coarse modeling grid was used as a
trade-off for computational efficiency as we included 11 years and
four PM, 5 species in this study. Thirdly, satellite remote sensed AOD
data were not included in this study since few of them were designed to
distinguish PM, 5 constituents. Although MISR fractional AODs could
provide information regarding aerosols microphysical properties, its
low sampling frequency would limit our sample size and our models'
capability of producing daily predictions. Description of input datasets
and modeling strategy were provided below.

2.1. Ground measurements of PM s constituents

Daily-averaged concentrations of PM,s sulfate (SO427), nitrate
(NO37), organic carbon (OC) and elemental carbon (EC) in 2005-2015
were obtained from the CSN (http://aqsdrl.epa.gov) and IMPROVE
(http://views.cira.colostate.edu/fed) network. Together, there are
more than 300 speciation monitoring sites in the study domain (Fig. 1).
IMPROVE sites are primarily located in rural areas including many
National Parks and Wilderness Areas, while most of the CSN sites are
located in urban and suburban areas. The sampling frequency is 1-in-3
or 1-in-6 days for CSN and 1-in-3 days for IMPROVE. Different samplers
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measurements of PM,s carbonaceous components in CSN and IM-
PROVE (Solomon et al., 2014). As a result, PM, 5 EC and OC data from
the CSN need to be adjusted for compatibility with the IMPROVE (Hand
et al., 2011; Malm et al., 2011) before model development. The details
of the adjustment were described in Text 1 of supplementary material.

2.2. GEOS-Chem simulated PM, 5 constituents

GEOS-Chem is a global 3-D chemical transport model for atmo-
spheric composition driven by meteorological input from the Goddard
Earth Observing System (GEOS) of the National Aeronautics and Space
Administration (NASA) Global Modeling Assimilation Office (GMAO).
Details of GEOS-Chem can be found at its official website http://acmg.
seas.harvard.edu/geos/. The details of the simulations used in this
study were summarized in Text 2 of supplementary material. The si-
mulated concentrations of PM, s constituents were assigned to the
ground monitoring site if the site fell inside the GEOS-Chem simulation
grid when preparing modeling dataset, and were assigned to the grid if
the centroid of the grid fell inside the GEOS-Chem simulation grid when
preparing predicting dataset.

2.3. Meteorological data

Meteorological variables were obtained from the North American
Regional Reanalysis (NARR) data products at 32 km spatial resolution
(https://www.esrl.noaa.gov/psd/data/gridded/data.narr.html). Air
temperature (AT), dew point temperature (DPT), relative humidity
(RH), surface pressure (SP), visibility (VIS), planetary boundary layer
height (PBLH), east-west component of the wind vector (u-wind),
north-south component of the wind vector (v-wind), downward long-
wave radiation flux (DLWRF), and downward shortwave radiation flux
(DSWRF) were included in the models. Meteorological data were in-
terpolated to ground monitoring sites by inverse-distance weighting
method when preparing modeling dataset, and were assigned to pre-
dicting grids by nearest neighbor method.

2.4. Land use and population data

and analytical methods cause systemic differences between Elevation data were extracted from Advanced Spaceborne Thermal
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Fig. 1. Locations of CSN and IMPROVE monitoring sites for PM, s constituents in 2010.
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Emission and Reflection Radiometer (ASTER) Global Digital Elevation
Map (GDEM) (https://asterweb.jpl.nasa.gov/gdem.asp) version 2 to
indicate topography. Major roads in 2011 were obtained from ESRI
StreetMap USA (Environmental Systems Research Institute, Inc.,
Redlands, CA) to indicate local traffic emissions. Impervious surface,
cultivated land cover and forest cover information at 30 m resolution
were obtained from the National Land Cover Database 2011 (NLCD
2011, https://www.mrlc.gov). The population data from 2010 census
were obtained from the United States Census Bureau (https://www.
census.gov). 1km X 1km buffers were created around ground mon-
itoring sites to aggregate population number, major road length, ele-
vation and land cover data. The same procedure was applied for pre-
paring predicting dataset.

2.5. Spatial and temporal indicators

The geographic coordinates of ground monitoring sites (x, y) were
included as spatial indicators to reflect the potential spatial distribu-
tions of PM, 5 constituents. Month of the year (Month) was included as
covariate to account for systematic seasonal trend within the year.

2.6. Modeling methods

Random forest models were employed for PM, 5 sulfate, nitrate, OC
and EC in each year over 2005-2015, by incorporating GEOS-Chem
simulated concentrations of PM, s constituents, meteorological vari-
ables, land use data, population data, spatial and temporal indicators,
as well as spatial lagging terms of measured PM, s constituents and land
use parameters in this study. Previous studies have found that including
spatial autocorrelation terms (named as spatial lagging terms in this
study) of measurements of PM, 5 constituents, and spatial trends of land
use data as input predictor variables can improve model performance
by considering potential influence from neighboring areas (Di et al.,
2016b; Hu et al., 2017). Spatial lagging terms of measurements of PM, 5
constituents and land use data were calculated by the distance-inversed
weighted average function for each ground monitoring site in modeling
dataset and each grid in predicting dataset (details were summarized in
supplementary material Text 3).

Details of random forest models have been given elsewhere
(Breiman, 2001; Hu et al., 2017; Liaw and Wiener, 2002) and were
summarized here. Generally, random forest is an ensemble method
based on decision trees. For growing each tree in the forest, bootstrap
sampling is used to draw the training set from the original dataset with
replacement. Therefore, prediction can be made on the data not in the
training set (called “out-of-bag” data, aka OOB data); then the OOB
error estimate (expressed as mean squared error, MSE, defined as the
average of the squares of the differences between the predictions and
measurements) of the random forest model can be calculated by ag-
gregating the OOB predictions from all trees and comparing the pre-
dictions with their corresponding measurements. The OOB prediction
errors can be used to select model parameters, validate model's per-
formance and produce importance ranking of predictors. Two para-
meters need to be set for random forest modeling based on package
“randomForest” in R: myy, which means the number of variables se-
lected randomly for modeling at each node of the tree, and nee, which
means the number of trees in the forest. We set m, as 9 which is ap-
proximately one third of total predictor variables number (Liaw, 2015).
The OOB MSE values of our random forest models decreased very
slightly and almost kept stable when ng.. was greater than 300;
therefore we set ny.e as 500 to get the balance of prediction accuracy
and computing time. We calculated R? values (mentioned as OOB R? in
the following parts) and normalized mean errors (NME, defined as the
absolute value of difference between prediction and measurement di-
vided by the measurement) between OOB predictions and their corre-
sponding measurements to evaluate the model performance since the
OOB predicting is also out-of-sample predictions. On the average, each
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data point would be out-of-bag around 36% of the times (Liaw and
Wiener, 2002). Random forest is able to measure the variables' pre-
dicting strength (expressed as importance ranking) by comparing the
MSE between predictions before and after that variable is permuted
while all others are left unchanged, with the assumption that permuting
the values of one variable won't produce more prediction errors if the
variable dose not perform significantly in the model.

For spatial cross validation (CV), all sites were divided into 10
subsets randomly and equally, data of the 90% sites were used as
training dataset each time to develop model and data of the remaining
10% sites were used to produce predictions. This CV procedure should
be repeated for 10 times, then R? was calculated between predictions
and measurements of all data. Similarly, temporal CV was conducted
based on days in each year.

3. Results
3.1. Descriptive statistics of the model fitting dataset

Annual mean ground-level measurements of PM, 5 sulfate, nitrate,
OC and EC across in our study domain in 2005-2015 were summarized
in Table 1. The annual mean concentrations of all four PM, s con-
stituents deceased gradually during the study period based on ground
measurements of all sites. From 2005 to 2015, the annual mean con-
centrations decreased from 2.69 ug/m? to 0.96 pg/m? for sulfate, from
1.08 ug/m? to 0.66 ug/m? for nitrate, from 1.69 ug/m?> to 1.47 ug/m?
for OC and from 0.57 ug/m® to 0.32ug/m® for EC across the con-
terminous United States.

Table 1
Annual mean measurements of PM, 5 sulfate, nitrate, OC and EC from CSN and
IMPROVE networks in conterminous United States in 2005-2015 (unit: ug/m3).

Year Sulfate Nitrate oC EC

2005 2.69 1.08 1.69 0.57
2006 2.10 0.91 1.60 0.53
2007 2.23 1.01 1.65 0.52
2008 1.89 0.88 1.58 0.46
2009 1.55 0.84 1.39 0.38
2010 1.47 0.83 1.44 0.40
2011 1.44 0.77 1.48 0.40
2012 1.22 0.70 1.47 0.38
2013 1.17 0.77 1.37 0.35
2014 1.15 0.79 1.32 0.33
2015 0.96 0.66 1.47 0.32

3.2. Evaluation of model performance

Performance of our random forest models was evaluated by OOB R?
at the daily level for models in each year (Table 2). Overall, the OOB R*
values were greater than 0.7 for all four constituents, which were
higher for sulfate and nitrate, and lower for OC and EC. The mean OOB
R? values based on daily predictions during the study period were 0.86,
0.82, 0.71 and 0.75 for PM, 5 sulfate, nitrate, OC and EC, respectively.
The mean OOB R? values based on annual predictions were 0.98, 0.97,
0.96 and 0.97 for sulfate, nitrate, OC and EC, respectively (shown in
Table S2 in supplementary material).

The results of spatial and temporal CVs were shown in Table 3. The
spatial CV R? values were the highest and most comparable with OOB
R? for sulfate, slightly lower for nitrate, and were the lowest for OC and
EC (~0.15 lower than OOB R?). Fig. 4 showed that the spatial dis-
tributions were much smoother for sulfate than for OC and EC; there-
fore, it should be easier for models to capture the overall patterns of
sulfate and predict more accurately at places without measurements,
especially when the spatial lagging term of measurements and CTM-
simulated concentrations were included as predictors. The temporal CV
R? values for the four PM, s constituents were mostly comparable with
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Table 2

The out-of-bag (OOB) R? values for PM, 5 sulfate, nitrate, OC and EC at the daily levels over 2005-2015.
Year Sulfate Nitrate ocC EC

R? Slope Intercept R? Slope Intercept R? Slope Intercept R? Slope Intercept

2005 0.90 1.02 —0.06 0.83 1.04 —0.06 0.73 1.05 -0.11 0.75 1.05 —-0.04
2006 0.89 1.02 —-0.04 0.82 1.05 —-0.06 0.72 1.05 -0.10 0.75 1.05 —-0.04
2007 0.89 1.02 —0.05 0.81 1.05 -0.07 0.64 1.04 —-0.09 0.69 1.04 —-0.03
2008 0.88 1.02 —0.05 0.80 1.04 —-0.05 0.67 1.05 -0.10 0.74 1.04 —-0.03
2009 0.85 1.02 —-0.04 0.81 1.05 —0.06 0.69 1.04 —0.08 0.75 1.05 —-0.03
2010 0.85 1.02 —0.04 0.82 1.04 —-0.05 0.74 1.05 -0.09 0.77 1.05 —-0.03
2011 0.87 1.02 —-0.04 0.82 1.04 —-0.05 0.70 1.05 -0.10 0.76 1.05 —-0.03
2012 0.85 1.02 —-0.03 0.83 1.04 —-0.04 0.68 1.06 -0.11 0.74 1.05 —-0.03
2013 0.84 1.02 —-0.03 0.83 1.05 -0.05 0.76 1.05 -0.09 0.78 1.05 —0.02
2014 0.83 1.02 —-0.03 0.84 1.04 —-0.04 0.71 1.05 —-0.09 0.74 1.05 —-0.02
2015 0.82 1.02 —-0.03 0.83 1.05 —-0.04 0.73 1.07 -0.13 0.75 1.05 —-0.02
Mean 0.86 1.02 —-0.04 0.82 1.04 —-0.05 0.71 1.05 -0.10 0.75 1.05 —-0.03

Table 3 constituents in common were spatial lagging terms of ground ob-

R? values of spatial and temporal cross validation for PM, 5 sulfate, nitrate, OC
and EC during 2005-2015.

Year Spatial CV R? Temporal CV R?

Sulfate  Nitrate oC EC Sulfate  Nitrate ocC EC
2005 0.90 0.77 0.58 0.57 0.89 0.81 072 074
2006 0.89 0.75 0.58  0.58 0.88 0.80 071 073
2007 0.88 0.73 0.55  0.56 0.88 0.79 0.63  0.68
2008 0.87 0.73 0.57 0.61 0.86 0.78 0.65 0.73
2009 0.83 0.72 0.57  0.61 0.83 0.79 0.68 0.74
2010 0.83 0.76 0.62  0.62 0.83 0.80 0.72  0.75
2011 0.85 0.74 0.58 0.62 0.85 0.80 0.69 0.75
2012 0.83 0.76 0.57  0.59 0.84 0.81 0.65 0.73
2013 0.82 0.76 0.64  0.65 0.82 0.82 0.75 077
2014 0.81 0.78 0.60  0.61 0.82 0.82 0.69 0.73
2015 0.80 0.78 0.63  0.61 0.81 0.82 071 074
Mean 0.85 0.75 0.59  0.60 0.85 0.80 0.69 074

their OOB R? values during the study period, indicating that our models
were stable and efficient in capturing the temporal trends of PM, s
constituents.

Fig. S1 shows the linear regressions between ground observations
(y-axis) and averaged OOB predictions of PM, s constituents (x-axis) in
2005, 2010 and 2015 as examples. Predicted concentrations were
highly consistent with observations as most of points were distributed
along the 1:1 line with regression intercepts closed to 0 and slopes
closed to 1 (Table 2). However, for a few points with high measured
concentrations, our models tended to underestimate the concentrations
of PM, 5 constituents.

The mean NME values based on daily predictions were 21% for
sulfate, and 33%, 29%, and 32% for nitrate, OC and EC, respectively
(Table S3). The NME based on month-averaged and annual-averaged
predictions were significantly smaller for all four PM, 5 constituents.
The mean NME values were 10%, 16%, 15% and 16% for sulfate, ni-
trate, OC and EC at the monthly level, respectively; and 5%, 9%, 8%,
and 8% for sulfate, nitrate, OC and EC at the annual level, respectively
(Table S3). The high precision and low uncertainty of sulfate mea-
surement might partly contribute to the low predicting error of sulfate
(Hyslop and White, 2008).

3.3. Importance ranking of predictor variables

The importance rankings of predictor variables included in the
random forest models varied slightly for the same PM, s constituent in
different years, but differed substantially among different PM, 5 con-
stituents. As an example, importance rankings of all predictor variables
used in model development for PM, 5 sulfate, nitrate, OC and EC in
2010 are shown in Fig. 2. Variables in top ranks for all four PM, 5
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servations and GEOS-Chem simulated concentrations. For sulfate,
variables in top ranks also included predictors reflecting effects of re-
gional and surrounding environment on plume dispersion, such as
spatial indicators (x and y coordinate of monitoring sites) and me-
teorological variables. For nitrate, besides spatial indicators and me-
teorological variables, top ranking variables included population and
impervious land surface, which are indicators of urban areas and an-
thropogenic activities. At the same time, spatial lagging term of culti-
vated land, which indicates the agricultural sources of nitrogen, also
ranked high. The importance rankings of variables were similar for OC
and EC that predictors of local sources had higher ranks, such as im-
pervious land surface, population density and length of major roads,
which reflect influences of anthropogenic activities and traffic emis-
sions on OC and EC levels. Additionally, forest land ranked higher in OC
and EC lists than that in sulfate and nitrate lists, indicating potential
effects of wild fires and biogenic secondary organic aerosols on OC and
EC concentrations.

3.4. Long-term temporal trends

Long-term temporal trends of PM, 5 sulfate, nitrate, OC and EC le-
vels based on predictions nationwide in 2005-2015 were shown in
Fig. 3. PM, s sulfate and EC levels decreased substantially during the
study period. Annual mean concentrations of PM, s sulfate and EC in
2015 were only 40% and 60% approximately as high as those in 2005.
Concentrations of PM, s nitrate and OC decreased but fluctuated during
2005-2015. For example, OC concentrations have decreased since 2005
but rebounded in 2011, 2012 and 2015. Measurements and predictions
displayed similar long-term trends for the four PM, 5 constituents (Fig.
S2 in supplementary material).

3.5. Spatial distributions

PM, 5 sulfate, nitrate, OC and EC showed their featured character-
istics of spatial variability in Fig. 4. Sulfate concentrations distributed
more smoothly than other three constituents. The concentrations of
PM, s constituents were significantly higher and decreased more
sharply in the eastern United States than those in the West.

High sulfate concentrations were also seen along southwest coast-
line, especially in Metro Los Angeles area. States located in the Midwest
area (Michigan, Ohio, Indiana, Illinois, Wisconsin, and Iowa), Metro
New York area, as well as Central Valley and Metro Los Angeles in
California experienced apparently high nitrate concentrations than
other areas. OC concentrations were higher in the Southeast, Northwest
and California. EC concentrations were generally higher in the East
than in the West. Both OC and EC had localized higher concentrations
around urban centers.
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Fig. 2. Importance rankings of all variables based on mean square errors (MSE) for PM, s sulfate, nitrate, organic carbon (OC) and elemental carbon (EC) in 2010.

3.6. Sensitive analysis

It can be seen that the spatial lagging terms of ground measure-
ments were significant predictors for all four PM, 5 constituents from
Fig. 2. Therefore, we did a sensitivity analysis to test the stability of our
random forest models by removing the spatial lagging terms of mea-
surements, which were only available 1-in-3days and limited the
models' capacity to produce predictions every day. Table S4 shows that
OOB R? values of models without spatial lagging terms of measure-
ments only slightly decreased by 0.02-0.09 for the four constituents,
indicating that our simplified models could produce every-day predic-
tions with relatively high accuracy.

4. Discussion

In this study, our random forest models achieved relatively high
predicting accuracy and the mean OOB R? values were 0.86, 0.82, 0.71
and 0.75 for predicting concentrations of PM, s sulfate, nitrate, OC and
EC at the daily level over 2005-2015. The prediction errors were much

lower at the monthly and annual levels comparing with those at the
daily level (Table S3). The long-term temporal trends of predictions
matched well with ground measurements, and the spatial distributions
of predictions captured the spatial variabilities and hotspots in areas
with significant high concentrations. The prediction maps reflected the
effects of potential emission sources on concentrations of PM, 5 sulfate,
nitrate, OC and EC with the help of importance rankings of random

forest.

4.1. Strengths of random forest models

We chose random forest method for modeling because it has several
strengths. Firstly, comparing with parametric statistical regression
models, the nonparametric algorithm is powerful in capturing complex
and non-linear relationships between PM, s and predictors, such as
related geographic variables (Brokamp et al., 2017; Liu et al., 2018).
Secondly, comparing with other machine learning methods such as
neural network, random forest is able to provide importance estimates
of predictor variables to help understand the “black-box” results of
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Fig. 3. Temporal trends of national wide annual mean of predicted concentrations for PM, 5 sulfate, nitrate, organic carbon (OC) and elemental carbon (EC) from
2005 to 2015. X-axis is the year index, and y-axis is the ratio of annual mean predictions of the year divided by annual mean predictions of 2005.

random forest (Breiman, 2001). In our study, the importance rankings
are different for four PM, s constituents and reflect their featured
characteristics and emission sources. For example, spatial lagging terms
of measurements ranked higher for sulfate and nitrate than for OC and
EC, since sulfate and nitrate are secondary aerosols that are smoother in
spatial and temporal distributions. Cultivated land cover ranked higher
for nitrate, indicating that agriculture is one of the emission sources of
nitrate precursor and could be part of a management plan to decrease
particulate nitrate and PM, s levels; meanwhile, predictor variables of
local sources related to anthropogenic activities and traffic emissions,
including impervious land, population and length of major roads, had
higher ranks for OC and EC, suggesting that mobile sources and com-
bustion from anthropogenic activities are important contributors to OC
and EC levels in urban areas. Additionally, comparing with standard
decision trees that each node is split using the best split among all
variables, each node in a random forest is split using the best among
Mgy of predictors randomly chosen at that node, which saves time and
is proven to perform well and be robust against overfitting (Breiman,
2001). Finally, random forest produces out-of-sample predictions while
developing models, which can be used to evaluate model performance
directly and the results are similar with standard 10-fold CV, which
could save plenty of computing time.

4.2. Comparison of model performance with similar studies

Our national random forest models performed comparably with a
study using backward propagation neural network in the northeastern
United States (Di et al., 2016b), which R? values were 0.85 for sulfate,
0.83 for nitrate, 0.69 for OC and 0.71 for EC at the daily level. Our OOB
R? values were higher than previous national models at either the daily
or the annual level, especially for predicting OC and EC concentrations
(Bergen et al., 2013; Liu et al., 2007a; Liu et al., 2007b; Liu et al.,
2009b; Philip et al., 2014). For example, although MISR fractional
AODs could provide rich information about aerosol shape, size and
extinction, the model adjusted R? values based on daily predictions
were 0.62, 0.13 and 0.19 for sulfate, nitrate and OC in the eastern
United States, respectively, and 0.40, 0.54 and 0.28 for sulfate, nitrate
and OC in the western United States, respectively (Liu et al., 2007b).
The Pearson correlation coefficients (r) of AOD-scaled simulated con-
centrations from GEOS-Chem and measured concentrations of PM, 5
constituents at the daily level across North America among 2005-2008

were 0.95 and 0.68 for sulfate and nitrate, respectively, but only 0.56
and 0.45 for black carbon and organic mass, respectively (Philip et al.,
2014). The R? values of national models with universal kriging method
in the Multi-Ethnic Study of Atherosclerosis (MESA) study based on
annual pollutant levels were 0.69, 0.82 and 0.96 for OC, EC, and sulfur,
respectively (Bergen et al., 2013); while the mean OOB CV R? values
based on annual concentrations in our study were 0.96, 0.97 and 0.98
for OC, EC and sulfate, respectively.

4.3. Temporal and spatial trends of PM s sulfate, nitrate, OC and EC

Our random forest models captured not only long-term temporal
trends of the four PM, 5 constituents, but also their spatial patterns in
both national and local scales. Predictions of the four PM, 5 constituents
were highly consistent with their ground measurements in long-term
temporal trends in that PM, 5 sulfate, nitrate, OC and EC concentrations
all decreased during the past decade. Meanwhile, these four PM, s
constituents showed east-west gradient pattern with enhancement in
California. The pattern is quite similar with distribution of coal power
plants (https://www.eia.gov/state/maps.php), which is one of main
emission sources of SO, — the precursor of sulfate and NOx - the pre-
cursor of nitrate. Additionally, the eastern United States also has higher
city density and population density, which are highly associated with
emissions from anthropogenic sources.

Sulfate, as one main secondary component of PM, s, its concentra-
tions decreased from east to west smoothly but with an enhancement in
California, especially around Los Angeles area. The high sulfate con-
centrations may reflect the regional influence from power plants (Hand
et al., 2012b) and from ship emission especially around several major
ports located along the coastline of Southern California (Vutukuru and
Dabdub, 2008). In particular, the Ports of Los Angeles and Long Beach
comprise the largest port complex and handle one-fourth of all con-
tainer cargo traffic in the United States (http://www.dot.ca.gov/); on
the other hand, marine fuels contain high levels of sulfur (Vutukuru and
Dabdub, 2008). Therefore, the high concentrations of sulfate around
Los Angeles area might indicate the contribution of ship emissions on
sulfate pollution in that area. The sulfate concentrations were higher
and decreased more rapidly in East where SO, emissions from power
plants were also high (Hand et al., 2012a), showing the efficiency of
improving air quality by controlling the power plant emissions. At the
same time, the significant decrease of sulfate in southern California may
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Fig. 4. Annual mean predictions of PM, 5 (a) sulfate, (b) nitrate, (¢) OC and (d) EC across conterminous United States in 2005, 2010, 2015 (unit: ug/m3).
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also attribute to the sulfur fuel regulations off the coasts since 2008
(https://www.arb.ca.gov/ports/marinevess/ogv.htm).

Nitrate also decreased gradually during 2005-2015. Higher con-
centrations were also shown in upper and middle Midwest regions as
well as central valley area of California, where the area is mostly cov-
ered by cultivated land. The agriculture is one of the main emission
sources of ammonia that can neutralize HNO3 to form particulate ni-
trate. Meanwhile, some urban areas, such as New York-Philadelphia-
Washington D.C. areas, Great Lakes areas, and Los Angeles areas, also
had higher nitrate levels. The spatial pattern of nitrate was consistent
with the importance ranking that population density, cultivated land
and impervious land had higher ranks.

National averaged predicted concentrations of PM, s carbonaceous
components decreased during 2005-2015 whereas national averaged
OC concentrations rebounded in year 2011, 2012 and 2015. The na-
tional averaged EC level decreased substantially but OC decreased
slightly during 2005-2015. We calculated the primary OC (POC) and
secondary OC (SOC) by the EC tracer method based on our predictions
and GEOS-Chem simulated POC and EC concentrations (details of this
method was provided in Supplementary Text 4) (Yu et al., 2004), and
found that POC tended to decrease while SOC tended to increase (Fig.
S3) during the study period. Zhao et al. (2017) found that SOA for-
mation from gasoline vehicles increased with higher ratio of non-
methane organic gas to oxides of nitrogen (Zhao et al., 2017). There-
fore, the stricter emission standards of gasoline vehicles might lead to
higher SOC while decreased NOx level. On the other hand, according to
data released by the National Interagency Fire Center (NIFC), the top
five worst years for wildfires (2015, 2006, 2007, 2012, and 2011) have
all occurred in the most recent decade regarding both total acres burned
and acres burned per fire (Fig. S4, data was downloaded from https://
www.ncdc.noaa.gov/sotc/fire/201513), which is consistent with the
temporal trend of OC concentrations during our study period. Espe-
cially in 2015, wildfires burned over 10 million acres of land mostly in
western United States, which potentially explained the high OC levels
in Washington, California, Oregon and Idaho. Predictions of PM, s OC
showed both regional and localized high concentrations while EC
tended to have significantly higher concentrations localized around
urban centers, since EC and OC are indicators of primary emissions
from combustion in addition that OC is also from secondary organic
aerosols formed in the atmosphere. The regional high concentrations of
OC in the West and Southeast were likely associated with biomass
burning emissions and biogenic emissions (Hand et al., 2014). Hotspots
of PM, s carbonaceous components in urban areas, especially in urban
centers, suggested that PM, s carbonaceous levels are highly related
with anthropogenic activities.

4.4. Perspectives for future applications

The high spatial CV R? values indicate that our national models
could predict the concentrations of PM, s constituents accurately in
locations where ground measurements are not available in the national
scale. The predictions with full spatial coverage could provide addi-
tional features of the spatial patterns and variability of PM, 5 con-
stituents across the nation, especially in the South, Southwest and West
North Central regions where the monitoring network is quite sparse.
Our prediction maps displayed similar spatial patterns to those inter-
polated from measurements (Hand et al., 2014). Furthermore, our
models could fill the gap in areas without measurements and show
more details. For example, by comparing Fig. 4 in this study with Fig. 1
in Hand et al. (2014), it can be seen that our prediction maps were able
to capture hotspots where no measurements exist, and to illustrate lo-
calized high levels at finer scales than with smooth and attenuated
splines. In addition, our models are able to provide daily predictions
with relatively low prediction errors in a long period, and the predic-
tion accuracy is much higher at the monthly and annual levels, which
could better estimate the long-term trends.
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Overall, our models might help assess concentrations of PM, s
constituents where and when monitoring data are not available from
current monitoring networks. The full coverage predictions with rela-
tively high accuracy could help evaluate quality of model simulations of
surface concentrations of PM, 5 constituents. The predictions may also
help calculate regional net radiation budget and light extinction to
identify the most responsible PM,s components for atmospheric
warming effects and visibility degradation (Khan et al., 2010; Malm
et al., 1994). Targeted and effective regulations of such PM, s compo-
nents and their emission sources could be mutually beneficial to im-
prove air quality and slow down global warming. Gridded predictions
of PM, 5 mass concentrations have been used in epidemiological studies
worldwide to provide exposure assessment in areas without ground
measurements (Cohen et al., 2017; Di et al., 2017; Liu et al., 2016; Xiao
et al., 2018). However, the application of gridded predictions of PM, 5
constituents is still in its early stage, and it could be a promising method
of exposure assessment for epidemiological studies on the toxicity and
health impacts of PM, 5 constituents. Our models could predict PM, 5
constituents with relatively low prediction errors compared to CTM
models, and are of full spatial coverage at the national scale compared
to ground measurements. Given the relatively coarse spatial resolution,
the current predictions are not appropriate to assess individual ex-
posure levels at residential addresses due to potential exposure mis-
classification. However, the current predictions are still useful for
health studies conducted in large spatial scales and focusing on health
data integrated at the county, city or state levels, such as studies similar
to the national study with time series method to analyze the associa-
tions between PM and mortality risk at the city level (Dai et al., 2014).
Our long-term predictions showed the changes in PM, 5 constituents,
which could help evaluate the health benefits and changes of PM
toxicity caused by environmental policies of controlling PM,s. For
example, the recent study conducted in New York State found that al-
though hospitalization rates and total PM, s mass concentrations both
decreased after the implementation of environmental policies; how-
ever, comparing with the period of 2005-2013, the hospitalization rates
of ischemic heart disease and myocardial infarction associated with
increased PM, s was higher in period of 2014-2016, when policies of
improving air quality and an economic recession occurred (Zhang et al.,
2018). Their further analysis suggested that the changes in PM con-
stituents might change the toxicity of PM, s, and the SOA might be a
particularly important trigger of acute cardiovascular events (Zhang
et al., 2018). This study also provided a clue that improving the accu-
racy of estimating the concentrations of POA and SOA based on our
current results might be an important direction in the future.

There are two limitations of our models. Firstly, the spatial resolu-
tion of current prediction maps is 0.25° x 0.3125°, which captured the
spatial variability of PM, 5 constituents in inter-city/county scales and
in areas without measurements but was coarse to predict fine spatial
gradients at intra-city/county level. The relatively coarse resolution
limits the capacity of our current predictions to provide accurate ex-
posure assessments for individuals in health studies based on residential
addresses. Simulations with higher spatial resolutions may help illus-
trate finer spatial variabilities of PM, 5 constituents and produce more
accurate estimations of the health effects related with PM,s con-
stituents. For example, Punger and West (2013) found that mortality
risk tended to be underestimated based on exposure assessments of
coarser grid resolutions than that based on exposure assessment of finer
grid resolution, and the underestimations were less for secondary
components (sulfate, nitrate, and OC) and more for elemental carbon
(Punger and West, 2013). However, most predictor variables included
in our modeling dataset are able to support predictions with higher
spatial resolutions, e.g., the original land use parameters are at 30 m
resolution; and meteorological parameters and spatial lagging terms
can be interpolated to point level, which enables our modeling strategy
to produce high-resolution predictions when needed. Secondly, corre-
lations between GEOS-Chem simulated concentrations of PMs, 5
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constituents and ground measurements were relatively low. Simula-
tions with higher accuracy are expected to improve the performance of
our models. Whether and how the simulations of PM, 5 constituents
from other CTMs affect our model performance could be evaluated in
future when more data are available.

5. Conclusions

In summary, our models based on random forest algorithm pre-
dicted concentrations of PM, 5 sulfate, nitrate, OC and EC with rela-
tively high accuracy and stability in the national scale and in a long
temporal period. The predictions matched well with measurements in
term of long-term trends of PM,s sulfate, nitrate, OC and EC in
2005-2015 in conterminous United States and captured both regional
patterns and localized hotspots of the PM, s constituents. The im-
portance rankings of predictor variables from random forest models
made the results interpretable and indicated the effects of potential
emission sources on concentrations of PM, 5 constituents. Hence, the
national models developed in this study could provide supplementary
evaluations of spatio-temporal distributions of PM, 5 constituents with
full time-space coverages, which could be beneficial to assess the im-
pacts of PM, s constituents on radiation budgets and visibility de-
gradation, and support regional to national health studies at county or
city levels to understand the acute and chronic toxicity and health
impacts of PM, s constituents, and consequently provide scientific
evidence for making targeted and effective regulations of PM, 5 pollu-
tion.
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