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Abstract 

Particulate matter with aerodynamic diameter less than 2.5 μm (PM2.5) increases mortality and 

morbidity.1,2 PM2.5 is composed of a mixture of chemical components that vary across space and 

time.3 Due to limited hyperlocal data availability, less is known about health risks of PM2.5 

components, their US-wide exposure disparities, or which species are driving the biggest intra-urban 

changes in PM2.5 mass. Here, we developed the first national super-learned models across the US for 

hyperlocal estimation of annual mean elemental carbon (EC), ammonium (NH4
+), nitrate (NO3

-), 

organic carbon (OC), and sulfate (SO4
2-) concentrations across 3,535 urban areas at a 50-m spatial 

resolution, and at a 1-km resolution for non-urban areas from 2000 to 2019. Using ensembles of 

machine learning models and ~82 billion predictions across 20 years, hyperlocal super-learned PM2.5 

components are now available for further research. We found remarkable spatiotemporal intra-urban 

and inter-urban variabilities in PM2.5 components. We anticipate our work to be a critical milestone 

for conducting new studies on individual and combined health risks of PM2.5 components, 

environmental justice analysis, or understanding fine-scale spatiotemporal variabilities of PM2.5 

composition. Urban planners and regulators may also use these predictions for selecting locations of 

new daycares, schools, nursing homes, or air-quality monitors. 
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Introduction 

The health burden of long-term exposure to air pollution has been extensively studied and quantified 

in relation to particulate matter of aerodynamic diameter less than 2.5 µm (PM2.5). The Global 

Exposure Mortality Model (GEMM) predicts about 9 million deaths attributable to PM2.5 globally.1 

While PM2.5 (total mass concentration) is a well-studied pollutant, it is composed of a mixture of 

chemical components, which may vary substantially across space and time depending on sources and 

processes that contribute to it. Less is known about health risks of PM2.5 components or exposure 

disparities across the US, mainly due to the lack of monitoring data and long-term high-resolution 

exposure estimates needed for epidemiologic research.  

Of the components that contribute substantially to PM2.5 mass, elemental carbon (EC) is primarily 

generated from tailpipe emissions and biomass burning, as well as fuel oil combustion, while organic 

carbon (OC) is a mixture of primary OC, again from tailpipes, biomass burning, biogenic source, and 

fossil fuel combustion; as well as secondary OC which forms from the oxidation of volatile organic 

compounds and secondary organic aerosols (SOAs). Ammonium sulfates (SO4
2-) and nitrates (NO3

-) 

are secondary inorganic particles, primarily from atmospheric oxidation of sulfur dioxide (SO2) and 

nitrogen oxides (NOx) emissions in the presence of ammonia. A substantial portion of SO2 is emitted 

from coal burning power plants and forms secondary ammonium sulfates downwind with long range 

transport and photochemistry. As such, PM2.5 components generally exhibit greater spatial and 

temporal variability than PM2.5 mass, and are more challenging to model. Hence, in order to 

understand the relative toxicity of these compounds to help identify the most important sources for 

further reductions, highly resolved and accurate exposure prediction models are needed. 

To date, several models have been developed for EC, ammonium (NH4
+), NO3

-, OC, and SO4
2- across 

North America,4 contiguous US,5-7 California,8-10 and Northeastern US.11 Van Donkelaar et al. (2019) 

developed monthly and annual mean models using a combined geoscience-statistical method at a 

spatial resolution of 0.01° or ~1-km from 2000-2016 across North America for black carbon (BC), 

NH4
+, NO3

-, OC, and SO4
2-.4 Meng et al. (2018) developed random forest (RF) models to predict 

national daily, monthly, and annual mean EC, OC, NO3
-, and SO4

2- concentrations from 2005 to 2015 

in the US at 0.25°×0.3125° (about 28 km × 35 km grids).7 Yanosky et al. (2018) developed a line-

source Gaussian plume dispersion model to estimate traffic-related EC concentrations across the 

conterminous US from 1999 to 2011.6 A study by Rahman et al. (2022) developed annual average 

national models for EC from 2001-14 at census tract centroids (about 84,000) using a hybrid satellite 

and land use regression (LUR) model.5 Liu et al developed US national models for NO3
-, OC, and 

SO4
2- for the year 2005 (spatial resolution not mentioned).12 There are also some state- or regional-

level models across the US, briefly 1) a model by Hu et al. (2015)10 that developed daily, monthly, 

and annual mean models for EC, NH4
+, OC, NO3

-, and SO4
2- concentrations at 4-km horizontal 

resolution over populated regions of California from 2000-2008, and at 24-km in non-populated 

areas; 2) a model for Southern California by Meng et al. (2018),8 that developed daily predictions of 

EC, OC, NO3
-, and SO4

2- from 2001 to 2015 using MISR prototype 4.4 km-resolution aerosol data 

and generalized additive models; 3) a model by Geng et al. (2020)9 that predicted daily EC, OC, NO3
-

, and SO4
2- in California from 2000-2014 again using MISR prototype 4.4 km-resolution aerosol data 

and using a RF model; and 4) a model by Di et al. (2016) for daily mean EC, NH4
+, OC, NO3

-, and 

SO4
2- concentrations at 1-km horizontal resolution across the Northeastern US from 2001-10. While 

these studies have provided good performance and predictive ability, none of them provide 

hyperlocal estimates across heavily-populated areas. In fact, many health outcomes do not change in 

a short time (e.g. daily); and even for those endpoints that change by short-term exposures, long-term 

exposure studies are preferable because the effect sizes are considerably larger.13 On the other hand, 

epidemiological studies on long-term exposure to air pollution (e.g. cohort or case-control study 
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designs), or studies on site selection for points of interest to be built (e.g., the location of new air 

pollution monitors, schools or nursing homes), or studies on environmental justice analysis need fine 

spatially resolved air pollution estimates. Some air pollutants, e.g. nitrogen oxides, ultrafine particles, 

or some PM components, such as EC or BC, can have substantial spatial variabilities at very fine 

spatial scales, typically over a few meters, as reported by previous research.14,15 

Here, we aimed to predict annual mean levels of several major PM2.5 components that contribute 

substantially to PM2.5 mass (EC, NH4
+, NO3

-, OC, and SO4
2-) across 20 years from 2000-2019 using 

machine-learning models (ML), combined using either a generalized additive model (GAM) 

ensemble geographically-weighted-averaging (GAM-ENWA) or super-learning (SL) in the 

contiguous United States. Since majority of the US population (~80%) lives in urban areas, we 

developed models for urban areas at 50 m spatial resolution across 3,535 urban areas, and in non-

urban areas at 1 km spatial resolution. We divided monitoring data into training and test sets, 

developed multiple ML models using the training set, predicted for each grid using each ML model, 

and ensembled the predictions of the ML models. The best model was chosen based on the 

performance in the test set. 

 

 

Results 

Monitors and summary statistics 

We included data from 987 unique monitoring sites (majority from regulatory monitors but also 

included study-specific ones due to monitoring data scarcity; Figure S1; see Materials and Methods 

for details). The highest number of monitors were for SO4
2-, NO3

-, and EC, respectively, while the 

lowest was for OC. Table S1 shows component-specific number of monitoring sites per year from 

2000 to 2019. The summary statistics of monitored PM2.5 components are tabulated in Table 1. As 

shown, the mean and standard deviation (SD) for sulfate, nitrate, and EC were, respectively, 1.85 

(1.34), 0.89 (0.78), and 0.54 (0.45) μg/m3. A large spatiotemporal variation (ratio of maximum to 

minimum monitored value across all sites and years) was observed for NH4
+ and lower variation was 

seen for NO3
-.  

 

EC Model 

The PM2.5 component-specific performance metrics are tabulated in Table 2. The R2 in the test set for 

the best single ML algorithm was 0.907 for cubist among the non-urban models and 0.903 for XGB 

among the urban models (Table S2 and Table S3). SVM-SL integrating several ML predictions 

improved the R2 to 0.913 and 0.910, respectively. Using this approach also lowered the RMSE values 

to 0.132 μg/m3 and 0.134 μg/m3 in non-urban and urban models, respectively. The urban model R2 

values ranged from 0.772 in the East North Central (ENC) division to 0.931 in the West North 

Central (WNC) division and was similar in the non-urban model (Table 3). The identity line (1:1 plot) 

including R2 by year and Bland-Altman (BA; difference) plots for PM2.5 EC are shown in Figure S2 

and S3. The R2 was lowest (0.56) in 2000 and highest (0.97) in 2012, and the BA plot suggested that 

the difference between observed and predicted values did not depend on the mean of these two and 

were within the defined limits of agreement (see Materials and Methods for details). The most 

influential predictors of the best ML for EC were global human modification (GHM), Sentinel 5P 

NO2 (S5P NO2), The New World Atlas of Artificial Sky Brightness (WALAN), population within 10 

km and 500 m buffers, year, length of railroads within 10 km buffer (RailBuf10k), enhanced 

vegetation index (EVI), aerosol optical depths at 0.47 mm (AOD47), distance to waste power plants 

(PPs), Sentinel 5P formaldehyde (S5P HCHO), and several meteorology related covariates (Figure S4 

and S5). The ML importance for the best performing SLs are shown in Figure S6 (non-urban) and 
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Figure S7 (urban), where cubist predictions did best among the non-urban models and GBM was the 

best for urban areas. The predicted annual mean PM2.5 EC concentrations across the contiguous US 

for 2000 and 2019 are shown in Figure 1, Figure 2, and Figure S8. As illustrated, EC values were 

higher in densely populated areas of the US, specifically closer to urban areas and within urban areas, 

and lower in mountain areas, specifically across the Grand Mesa National Forest, Rocky Mountains, 

Appalachian Mountains, and in several of California’s national parks (e.g. Sierra National Forest); 

see Figure S9 for a 3D digital elevation model illustrating high altitude areas. While the EC levels 

have considerably decreased from 2000 to 2019, there were more relatively polluted areas and 

hotspots in 2019 than in 2000 in New York and Los Angeles compared to Washington DC or across 

non-urban areas (Figure 1 and Figure 2). The trend of predicted annual mean PM2.5 EC 

concentrations in non-urban areas across US divisions (Figure S10) from 2000-2019 are shown in 

Figure S11, where the highest values were seen in the South Atlantic (SA) and East South Central 

(ESC) divisions with large declines over time, and lowest in the Mountain division with less decline 

over time. As a further measure of external validation, we compared our annual EC predictions for 

2015 in Oakland CA with the median BC measurements taken with Google Street View cars over 

multiple weekdays from May 28, 2015 to May 14, 2016 across about 22,000 road segments (length = 

30 m), and found a Spearman correlation of 0.67 (Figure S12, and Figure S13). 

 

NH4
+ Model 

The R2 using the best ML (GBM) algorithm was 0.901 in both non-urban and urban domains (Table 

2, Table S2 and Table S3), while SVM-SL improved it to 0.918 and 0.910, respectively. The RMSE 

values were 0.165 μg/m3 and 0.173 μg/m3 in non-urban and urban models, respectively. The R2 was 

lowest (0.520) in 2015 and highest (0.940) in 2005 (Figure S14 and S15). The urban model R2 values 

ranged from 0.667 in the Mountain region to 0.940 in New England (NE) and were similar in the 

non-urban models (Table 3). The most influential predictors in the best ML were year, longitude, 

latitude, S5P NO2, S5P HCHO, S5P carbon monoxide (CO), AOD47, distance to coal-based power 

plants, and several meteorological covariates (Figure S16 and S17). The ML model importance for 

the best performing SL are shown in Figure S18 and Figure S19, where GBM predictions had largest 

importance. The NH4
+ values were higher in East North Central (ENC) states, such as Illinois, 

Indiana, and Ohio, with sharp increases from 2004 to 2005, and lower in mountainous areas (Figure 

S20 and Figure S21). The NH4
+ values decreased by more than 100% from 2000 to 2019 in the 

abovementioned states but stayed relatively stable in the Mountain and Pacific divisions (Figure S22). 

 

NO3
- Model 

The R2 of the best ML algorithm (XGB) was 0.866 for both non-urban and urban domains (Table 2, 

Table S2 and Table S3), while SVM-SL improved it to 0.878 and 0.879, respectively. The RMSE 

values were 0.281 μg/m3 and 0.280 μg/m3 in non-urban and urban models, respectively. The R2 was 

lowest (0.64) in 2000 and highest (0.97) in 2009 (Figure S23 and S24). The urban model R2 values 

ranged from 0.621 in West South Central (WSC) to 0.960 in the Pacific and were similar in the non-

urban models (Table 3). The most influential predictors of the best ML for NO3
- (XGB) were S5P 

NO2, GHM, year, distance to cities with population > 300,000 people, S5P UV Absorbing Aerosol 

Index (AAI), and distance to motorway junctions (Figure S25 and S26). Cubist and RF predictions 

were the most important variables for the super-learners for NO3
- (Figure S27 and Figure S28). The 

NO3
- values were higher in ENC states, with gradual decreases from 2000 to 2019, and lower in the 

mountainous areas (Figure S29 and Figure S30). In contrast with other US areas, the annual mean 

NO3
- predictions increased from 2010 to 2015 in the Mountain division. The NO3

- values remained 

relatively stable in the NE, Mid-Atlantic (MA), and Pacific divisions from 2000 to 2019 (Figure S31). 
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OC Model 

The R2 using the best ML algorithm (GBM) was 0.840 in both non-urban and urban domains (Table 

2, Table S2 and Table S3), while SVM-SL improved them to about 0.857. The RMSE values were 

0.370 μg/m3 and 0.372 μg/m3 in non-urban and urban models, respectively. The R2 value was lowest 

(0.36) in 2000 and highest (0.98) in 2014 (Figure S32 and S33). The urban model R2 values ranged 

from 0.628 in the MA to 0.925 in the NE and were similar in the non-urban models (Table 3). The 

most influential predictors of the best ML for OC (GBM) were GHM, S5P HCHO, year, longitude, 

AOD47, and population density within 500 m buffer (Figure S34 and S35). Cubist and RF were 

important predictors of SL algorithms for OC (Figure S36 and Figure S37). The OC values were 

higher in the states within ESC and SA, and lowest in the Mountain area, specifically in the Grand 

Mesa (Figure S38 and S39). Almost all divisions have had a gradual decline in OC levels from 2000 

to 2019 but with fluctuations from year to year (Figure S40). 

 

SO4
2- model 

Our SO4
2- model had the best performance amongst all components where in non-urban areas, the R2 

using the cubist ML algorithm was 0.949, while in urban areas using GBM it was 0.941 (Table 2, 

Table S2 and Table S3). The cubist-SL in non-urban model improved the R2 to 0.957 and SVM-SL 

improved it to 0.952 in the urban model. The RMSE values were 0.278 μg/m3 and 0.294 μg/m3 in 

non-urban and urban models, respectively. The minimum R2 value was in 2015 (0.86) and the 

maximum value was (0.97) across several years (Figure S41 and S42). The urban model R2 ranged 

from 0.768 in Mountain to 0.965 in MA and was similar in the non-urban model (Table 3). The most 

influential predictors for the strongest machine learner for SO4
2- in non-urban areas were longitude 

and latitude, year, total column ozone, and several meteorological covariates (Figure S43). In the 

urban model ML (GBM) additional predictors were S5P NO2, AOD47, EVI, and burning index 

(Figure S44). Cubist and GBM were important predictors of super-learners for SO4
2- (Figure S45 and 

Figure S46). The SO4
2- values in 2000 were higher in the states within ESC and SA divisions, with 

very large decreases from 2000 to 2019, and lower in the Mountain or Pacific states (Figure S47 and 

Figure S48). Importantly, we predicted a shift in spatial patterns in which the SO4
2- values were 

higher in WSC and ENC divisions in 2019 than in 2000 (Figure S47). Except for the Mountain and 

Pacific divisions that had lower SO4
2- reductions across the years, all other divisions had considerable 

declines in SO4
2- levels from 2000 to 2019 (Figure S49). 

 

The BA plots of all components suggested that the difference between observed and predicted values 

did not depend on the mean of these two and were within the defined limits of agreement. Further, for 

all PM2.5 components within urban areas, we predicted the existence of important spatial variabilities, 

including geographic hot- and cold-spots, at fine scales. 

 

Discussion  
This is the first study to develop hyperlocal super-learned models across 3,535 contiguous urban 

areas (UAs) in the US for five PM2.5 components, namely EC, OC, NH4
+, NO3

-, and SO4
2-, across 20 

years. We integrated monitoring data from about 1000 locations and over 160 predictors, such as time 

and location, satellite observations, composite predictors, meteorology, and many novel land use 

variables into several machine learning algorithms and ensemble methods. The model estimates have 

a spatial resolution of 50-m in urban areas and 1 km in non-urban areas and a yearly temporal 

resolution. All methods revealed fairly strong predictive ability. The predictions generated by the 

algorithm with the lowest RMSE value were chosen to be the final estimates for each component. The 

strongest model for both non-urban and urban models was the SVM-SL algorithm, except for sulfate 

in non-urban areas where cubist-SL did best. The overall R2 values of 10-fold cross validated models 
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ranged from 0.910-0.970 on the training sets for these components while on the test sets the R2 values 

ranged from 0.860 to 0.960. 

 

Previous research has shown that about seven PM2.5 components contributed the majority of yearly 

total PM2.5 mass, namely EC, NH4
+, OC, NO3

-, SO4
2-, silicon, and sodium, while OC and SO4

2- 

contribute the most, at 28% and 26% of the mass, respectively.3 As similar proportions have been 

seen elsewhere, most studies have focused on developing spatiotemporal models for these 

components, and they have been studied for health effects in a number of studies.2,16,17 

 

The EC model as can be seen in Figure 1, Figure 2, and Figure S8, suggests that this component had 

higher values in populated areas, specifically near heavily trafficked roads, downtown areas, and 

along highways. This is consistent with previous research as the main source of EC in the US has 

been reported to be fossil fuel combustion from traffic sources.18 The 1 km2 BC model for North 

America by Van Donkelaar et al. (2019)4 had an R2 value of 0.64 from 2000-2016 ranging from 0.49 

to 0.74 by year. The cross-validated R2 value for the national EC model by Yanosky et al. (2018)6 

from 1999-2011 was 0.795. The national 0.25°×0.31° (or about 28 km × 35 km grid) EC model by 

Meng et al. (2019) had an R2 value of 0.97 using a RF ML from 2005-15 ranging from 0.95 in 2015 

to 0.98 in several years.7 The recent national EC model by Rahman et al. (2022) had an R2 value of 

0.67 from 2001-14. The overall performance of our EC model (R2 = 0.91) is better than the studies by 

Van Donkelaar et al., Yanosky et al., and Rahman et al. but less than the study by Meng et al. 

However, the study by Meng et al. had a much coarser spatial resolution, which may result in higher 

R2 but less applicability for epidemiologic research. Further, our model was constructed from a larger 

number of monitors, increasing its generalizability across and within specific US areas, and over a 

longer period of time (2000-2019) and provided hyperlocal estimates at 50-m spatial resolution in 

3,535 UAs. In fact, the performance of our model was lowest in 2000 with an R2 value of 0.73, likely 

because of the low number of monitors (148). The agreement of our annual mean EC predictions for 

2015 with the median BC monitored data across 22,000 road segments in Oakland, which we used as 

an external validation dataset, further confirmed an acceptable performance from our model, though 

some of the differences could be attributable to the fact that BC and EC are not identical in nature due 

to different measurement approaches and their correlation can vary across locations.19 Furthermore, 

the temporal aspect of the two datasets was not fully aligned; our model produced an annual mean for 

2015 while the GSV car data were weekday measurements for a few months of 2015 and 2016 

repeated with differed density in each road segment (10 to 100+ drives per road).14 Additionally, the 

GSV measurements were on road and our models did not include such measurements for training. 

Although the reduction of particulate matter levels due to effective emission reduction policies has 

been reported in the literature across North America, Europe, and other regions,20 here we reported 

novel findings for PM2.5 components across nine US divisions. The predicted EC values have 

decreased from 2000 to 2016 but started to increase from 2016 to 2019 across most areas, except in 

the states of the Pacific division (Figure S11). 

  

The NH4
+ model suggested that this pollutant was higher in the states that have had considerable 

amounts of coal-based power generation, agriculture, animal feed and manure, and fertilizer usage, 

namely Illinois, Indiana, and Ohio in the industrial agricultural Midwest, and the pattern was similar 

also for NO3
-. Bell et al. reported a correlation of 0.64 between yearly measurements of NH4

+ and 

NO3
- across 187 US counties, which is consistent with our predictions where NO3

- values were also 

higher in the industrial agricultural Midwest.3 Only one large-scale prediction model has been 

developed so far for NH4
+, to the best of our knowledge, for North America,4 and two models for 

NO3
-.4,7 The 1 km NH4

+ model by Van Donkelaar et al. (2019)4 had an R2 value of 0.76 from 2000-



 

 

7 

 

2016, with a minimum of 0.61 and maximum 0.83, and their NO3
- model had very similar values 

(overall R2 of 0.75 ranging from 0.62 to 0.81). Our 50 m models with an R2 values of 0.92 for NH4
+ 

and 0.88 for NO3
- substantially outperformed the models by Van Donkelaar et al. (2019). The annual 

mean 28 km × 35 km NO3
- model by Meng et al. (2019) had an R2 value of 0.97 from 2005-15 

(ranged from 0.94 to 0.98). The within-city hotspots from 2000-2019 in our study need further 

quantitative analyses in future studies but a visual inspection of NH4
+ maps for NYC, LA, and DC 

reveal important differences (Figure S21). The predictor with highest influence on RMSE for NH4
+ in 

our model was “year” showing that the high reduction of this component across years, with sharp 

declines from 2007 to 2016 and stable concentration from 2016-2019 influenced our model 

performance (Figure S22). The “year” variable was also an important predictor for NO3
- but also 

distance to cities with population >300,000 people. Unlike other US areas that had reductions from  

in NO3
-, the increases from 2010 in Utah, Nevada, Idaho, Montana, Colorado, and Wyoming might 

be associated with increased emissions of NOx, including from oil and gas wells, and located 

downwind of agricultural areas leading to secondary formation of PM2.5,
21 amongst other drivers that 

warrant further investigation. Again, the urban area predictions for NO3
- need further research but for 

NYC, LA, and DC in 2019 compared to 2000 the hotspots somewhat differed, and the ratio of 

maximum to minimum predicted values increased in NYC (2.31 in 2019 vs 2.19 in 2000) and DC 

(2.22 in 2019 vs 2.19 in 2000), while it decreased in LA (2.40 in 2019 vs 2.59 in 2000). Importantly, 

these two components have been shown to be detrimental to health in previous research.2,22 

 

The OC model suggested that Alabama, Georgia, South and North Carolina were the states with the 

highest predicted OC concentrations, likely because of biomass burning and high emissions of 

volatile organic compounds (VOCs) and the preferred formation of secondary organic matter with 

warmer weather.23,24 States in the Mountain division had lowest OC concentrations. Important 

predictors that captured variability of OC across the US were GHM, satellite observed formaldehyde, 

year, and population density within 500 m buffer amongst others. Bell et al. reported a correlation of 

0.59 between OC and EC across 187 US counties, which is consistent with our findings.3 The 1 km 

organic matter (OM) model by Van Donkelaar et al. (2019)4 had an R2 value of 0.48 from 2000-2016 

being minimum 0.36 and maximum 0.62, and the 28 km × 35 km model by Meng et al. had an R2 

value of 0.96 (ranging from 0.91 in 2007 to 0.97 in several years). Our 50 m model for OC had lower 

performance compared to our models for other components and had an R2 value of 0.86. In fact, our 

OC model had a lower performance in early years with R2 values of 0.36, 0.74, and 0.88 for 2000, 

2001, and 2002, respectively, and then increased to 0.93 in 2003, having a maximum R2 value of 0.98 

in 2014. Our model outperformed the model by Van Donkelaar et al. (2019)4, but had lower R2 than 

the model by Meng et al. (2018)7 likely because of their coarse grid, or because it was constructed 

from 2005 with better measurement data availability from that year. Like other components, though 

OC values have reduced from 2000-2019, the within-city spatial patterns showed some differences in 

NYC, LA, and DC (Figure S39), and need further quantitative analyses across all UAs. The OC 

reductions from early 2000 to 2019 that was seen across all US divisions (Figure S40) could be 

attributable to implemented regulations on fossil fuel emissions, including the use of hybrid and 

electric vehicles, among other factors.25 

 

Our SO4
2- model had the best performance of all components, similar to other studies, which might be 

due to its abundancy in PM2.5, and more regional nature given its secondary nature, making it easier 

to predict.1,7 The study by Van Donkelaar et al. (2019)4 reported an R2 value of 0.90 (range of 0.81 to 

0.95) at 1 km grids, while the study by Meng et al. (2018)7 reported an R2 value of 0.98 (range of 

0.95 in 2015 to 0.95 in 0.99 in 2006 and 2007) at 28 km × 35 km grids. Our 50 m model with a large 

sample size, reached an R2 value of 0.96, with minimum value of 0.88 in 2001 and maximum 0.97 in 
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five years. Longitude, year and several meteorological covariates were important predictors for SO4
2-, 

whose concentrations were higher in the Eastern US states. The study by Bell et al. (2007)3 revealed a 

high correlation of 0.72 between SO4
2- and NH4

+, which is again consistent with our findings. We 

detected a shift in SO4
2- spatial patterns where in 2000, Georgia, South and North Carolina, 

Tennessee, Kentucky, and West Virginia were the states with the highest values, while in 2019 Texas, 

Louisiana, Mississippi, and Oklahoma seem to have replaced the other states in SO4
2- pollution. Such 

a shift in SO4
2- could be due to increased emissions of SO2

 in these states or smaller reductions 

compared to other states across years. In fact, Texas, Louisiana, Mississippi, and Oklahoma were not 

required to reduce SO2 emissions under the Cross State Air Pollution Rule,26 which may account for 

the difference. The intra-urban SO4
2- patterns also show differences across years similar to other 

components. The SO4
2- concentrations have remained lower than other areas in the states of the 

Pacific and Mountain divisions. 

 

In the previous works, predictions of multiple ML algorithms have been integrated using a GAM-

ENWA, whose weights for individual ML predictions could vary geographically and also by 

concentration, because some ML algorithms may perform better in specific locations or 

concentrations levels.27-29 Here, we explored the SLs, and found out that generally the SVM-SL 

performed better than the GAM-ENWA. SVM and other SL also incorporated interactions by latitude 

and longitude as well as nonlinearities in the predictors. The cubist-SL also was best for one 

component. This practice showed that the best model for integrating multiple ML predictions can be 

different for each pollutant and may need training of different algorithms, though in our case the 

SVM-SL showed general superiority. Importantly, we excluded the SVM as one of the algorithms in 

stage one of the modeling with individual learners, as it was computationally expensive. However, 

using the SVM as a SL was cost-effective in our case as the input variables were only a few ML 

predictions. Similarly, while cubist was an excellent and fast learner for training, we excluded it as a 

SL in the urban models because it was cost-ineffective for the prediction stage. The KNN was also 

not used as an SL in urban models due to poor performance compared to other algorithms. 

 

This study has important strengths compared to previous research. It included a larger and more 

representative number of monitoring sites across the US across diverse spatial scales, many novel 

predictors that have not been used in previous spatiotemporal modeling studies, and state-of-the-art 

modeling, providing high-resolution estimates from 2000 to 2019, including hyperlocal predictions 

within urban areas. As with any prediction model, our methods may be prone to over-fitting. 

However, we did assess the fit of the model using ten-fold out-of-sample cross-validation in the 

training data, followed by validation on the test sets, and further external validation using hyperlocal 

monitored data by GSV cars for BC in Oakland that provided promising results. 

 

These high-resolution predictions will be useful for future research on the health effects of long-term 

exposure to PM2.5 components, as well as in hot- and cold-spot identification and revealing fine scale 

neighborhood level patterns in exposure. This will be important for identifying environmental justice 

communities, locations for installing future monitors, and future site selection of places that will be 

used by susceptible groups of populations (children and elderly), such as schools and nursing homes. 

 

Materials and Methods 

We obtained data from monitoring stations across the US and divided them into training (70%) and test 

(30%) sets. In the training set, we used multiple ML algorithms to develop predictive models for each 

of the particle components. Parameters for these models were chosen using internal cross-validation in 

the training set. Models that performed poorly were dropped, and the remaining models were combined 
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to generate a final prediction model, whose performance was evaluated in the test set. Two approaches 

were used for the combination. One was a generalization of ensemble averaging, using geographically 

weighted nonlinear regression to compute weighted averages of the individual models whose weights 

could vary geographically and also by concentration. The other approach, known as super-learning, 

used another ML to combine the predictions of the individual MLs.  

 

Study area 

We developed models for the contiguous United States separately for non-urban and urban areas. The 

definition of non-urban and urban areas (UAs) was based on the 2010 census (consisting of 481 

Urbanized Areas and 3,054 Urban Clusters). The UAs covered more than 80% of the US population 

where about 220 million people lived in Urbanized Areas (~70% of the US population), and about 30 

million people lived in Urban Clusters (~10% of the US population). Annual mean models for non-

urban areas were developed at a1-km spatial resolution, while for UAs, models were developed at a 

50-m spatial resolution from 2000 to 2019 for each PM2.5 component within a 1 km buffer around the 

UAs. The 1 km buffer was to account for expansion of populations around UAs across the years after 

2010, and to prevent missing predictions for those populations. 

Monitored PM2.5 components data 

Daily mean PM2.5 components data at 987 unique monitoring sites (EC, OC, NO3
-, NH4

+, and SO4
2-) 

were obtained from a variety of sources including the EPA chemical speciation network,30 the 

National Park Service IMPROVE network, the California Air Resources Board’s Multiple Air Toxics 

Exposure Study (MATES-III31 and MATES-IV32), The Southeastern Aerosol Research and 

Characterization Study (SEARCH) network,33 the New York City Community Air Survey 

(NYCCAS) data,34 the Clean Air Status and Trends Network (CASTNET),35,36 and data collected by 

groups of researchers, namely the Children’s Air Pollution and Asthma Study (CAPAS) by Habre et 

al.37 that monitored data in the South Bronx and East Harlem, NY, and the data collected by Lee et al. 

in Bridgeport, Danbury, Hartford, and New Haven, CT and Springfield, MA 38. For the EC model we 

also obtained BC measurements from aethalometer data in EPA’s AIRS network as well as 
reflectometer and transmissometer measurements done by the Harvard School of Public Health 

(HSPH).39 Sulfate measurements by XRF were also performed on filters from Massachusetts and 

New Hampshire monitors at HSPH.39 Table S1 shows the number of monitors we obtained for each 

of the PM2.5 components per year and Figure S1 shows location of the monitors. As the monitored 

data were skewed, we log-transformed the data, assessed the normality of data, and used log-

transformation for the response variable in all models.  

Predictors 

Overall, data for more than 230 initial predictors were extracted at the locations of monitors. After 

removing those that were highly correlated (r ≥ 0.99), 166 were used for the modeling. The high 

correlations were mostly for variables that calculated for various buffer sizes, e.g. population counts 

within 500m was highly correlated with population counts within 1 km or 2 km. In such cases, the 

most distant buffer variables were retained. For population counts, we only retained buffers 500m and 

10 km that were less correlated. The predictors are briefly elaborated in the following. 

 

Time and location 

Four predictors in this category included year, latitude, longitude, and elevation. 

 

Composite predictors 
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These included predictors such as the global human modification (GHM) dataset that provided a 

cumulative measure of human modification of terrestrial lands;40 “friction” that is land-based travel 

speed expressed in units of minutes required to travel one meter in each 1-km pixel;41 “accessibility” 
that is travel time to the nearest densely populated area defined as contiguous areas with 1,500 or 

more inhabitants per square kilometer or a majority of built-up land cover types coincident with a 

population center of at least 50,000 inhabitants;42 and national walkability index43 (Table S4 for 

details).  

 

Earth observations 

 

TERRA/AQUA satellites 
The 20 predictors from these satellites consisted of MAIAC aerosol optical depths at 0.47 mm, 

MODIS bands 31 and 32 emissivity, ASTER global emissivity datasets (bands 10, 13, and 14), 

measurements of day and night land surface temperature, normalized difference water index (NDWI), 

FAO-LCCS2 land use layer, land cover types 1 to 5, percent tree, non-tree, and non-vegetated cover. 

For details on data sources, spatial and temporal resolution see SI, Table S4. 

 

SENTINEL 5P satellite 
We retrieved data of six predictors from near real-time or offline Sentinel-5 Precursor satellite: 

formaldehyde, carbon monoxide, sulfur dioxide, methane, and UV aerosol index44 (Table S4 for 

details).  

 

SUOMI satellite 
This included VIIRS (Visible Infrared Imaging Radiometer Suite) nighttime light (NTL) aboard the 

Suomi National Polar-Orbiting Partnership (Suomi NPP) spacecraft45 (Table S4 for details).  

 

DMSP satellite 
This included the Defense Meteorological Satellite Program (DMSP) satellite’s NTL46 (Table S4 for 

details). 

 

LANDSAT satellites 
We also obtained two predictors from Landsat, namely enhanced vegetation index (EVI) and 

normalized difference vegetation index (NDVI) (Table S4 for details). 

 

Reanalysis data 

Reanalysis data included 29 surface climate reanalysis or forecast variables, such as annual means of 

temperature, wind velocity and direction, precipitation, planetary boundary layer height, total column 

ozone, surface pressure, total precipitation, specific and relative humidity, soil moisture, geopotential 

height, latent heat net flux, downward and upward short- and long-wave radiation, potential 

evaporation rate, sensible heat net flux, and dew point from European Center for Midrange Weather 

Forecasting (ECMWF) / Copernicus Climate Change Service,47 GRIDMET provided by the 

University of Idaho,48 NASA Global Land Data Assimilation System (GLDAS),49 and NCEP Climate 

Forecast System Version 2 (CFSV2)50 (Table S4 for details). 

 

Emitting sources or surrogates 

This category included 93 predictors and represented emitting sources or their surrogates. Population 

counts within 500-m or 10-km buffers,51 distances to cities with populations > 300,000 or  > 

1,000,000 people, burning/fire-danger index, above and below-ground biomass carbon density, the 
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new world atlas of artificial sky brightness,52 traffic counts from ESRI53, annual average daily traffic, 

annual average daily truck traffic, annual average kilo-tonnage miles of travel from Freight Analysis 

Framework Version 4 (FAF4)54, length of highways or truck routes within buffers of 150 m to 10 km, 

distance to highways, truck routes, bus lines, various thermal power plants, rocket launch sites, or 

distance to OpenStreetMap’s locations of wastewater treatment plants, restaurants, traffic signals, 

motorway junctions, gas stations, car rentals, car dealers, car washes, bus stations, bus stops, taxi 

stations, and all traffic sites,55 amongst many others were examples of predictors in this category 

(Table S4 for details). 

 

Less-emitting predictors 

We also included seven possibly less-emitting predictors as these could be associated with decreased 

concentrations of some pollutants and capture their spatial variability, such as distance to renewable 

power plants (hydro, solar, and wind),56 or distance to OSM parks, cemeteries, shelters or chalets.55 A 

full list of the predictors and their sources is contained in Table S4. 

 

Model development 

First, we conducted pre-processing of the dataset using the “preProcess” function of the “caret” 

package57 and used the “center” and “scale” method for all predictor variables except for latitude, 
longitude, and year. After partitioning the datasets of each PM2.5 component into 70% training and 

30% test sets, two separate modeling approaches were developed for non-urban and urban areas. In 

non-urban areas, the following machine-learners within the caret package were used: Stochastic 

Gradient Boosting (GBM), cubist regression (cubist), Random Forest (RF), K-nearest Neighbors 

(KNN), and eXtreme Gradient Boosting (XGB). Using a Generalized Additive Model (GAM), an 

ensemble weighted-averaging (GAM-ENWA) model was later developed for each component that 

was fit using thin plate splines of the interaction of each ML with latitude and longitude, and using a 

restricted maximum likelihood (REML) method for estimating the smoothing parameter. In addition, 

super -learners, namely Support Vector Machines with Polynomial Kernel (SVM), cubist, GBM, 

KNN, RF, and XGB, were developed to ensemble the ML predictions. In UAs, due to computational 

limitations, we limited the number of learners to GBM, RF, and XGB. Again, the predictions from 

these learners alongside latitude and longitude were used as inputs for the GAM and following super-

learners: SVM, GAM, GBM, RF, and XGB. The ENWA or super-learner with the best performance 

by lowest RMSE was chosen as the final model. The hyper-parameters of the individual models on 

the training data were assessed using 10-fold cross-validation, as were the parameters of the super-

learners. Additionally, to fine tune, we used various tuneLength integers for each learner (ranged 

from 5 for XGB to 160 for cubist) for the amount of granularity in the tuning parameter grid. The 

tuneLength integers were chosen based on a compromise between performance and cost-

effectiveness. We used the coefficient of determination (R2) in the test data as a measure of 

performance for each ML and SL, and RMSE as a measure of accuracy. We further evaluated the 

performance by year and US division, visualized the difference between monitored and predicted 

concentrations using 1:1 plots, and assessed dependence of differences on mean observed and 

predicted values using the BA plots (with limits of agreement defined as two standard deviations 

from mean differences). All models were validated on the test set to assess their performance, and the 

best model for each PM2.5 component was chosen based on lowest RMSE (and typically highest R2) 

in the test set. To further evaluate the performance of our urban models using external data, we 

obtained high-resolution mobile monitored air pollution data collected by Google Street View cars in 

Oakland, CA, across about 22,000 streets on weekdays from May 28, 2015 to May 14, 2016,14 and 

evaluated their agreement with our EC predictions for the year 2015. The mobile data only covered 

part of the year for each street segment. 
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Predictions 

Our prediction grids comprised of about 7 million 1-km grid cells in non-urban areas, the lowest 

number in the NE with ~134,000 grids and the highest number in the Mountain division with ~2 

million grids. The number of grid cells in UAs was approximately 200 million 50-m grids, the lowest 

number again in the NE with ~11 million grid cells and the highest number in the SA division with 

~44 million grid cells. The total number of predictions for urban and non-urban areas with multiple 

ML algorithms and across 20 years were more than 16.3 billion for each PM2.5 component (~82 

billion for the five components of this study). 

Software and high-performance computing (HPC) 

We used Google Earth Engine to retrieve various predictors,58 and R59 and RStudio60 environment for 

statistical analyses, visualizations, and model development. In particular we used the following 

packages: raster,61 rgdal,62 sf,63 sp,64 stars,65 zoo,66 caret,57 caretEnsemble,67 mgcv,68 doParallel,69 

gbm,70
 future,71 ggExtra,72

 ggpubr,73 BlandAltmanLeh,74 iml,75 and knitr.76 We also used features of 

ArcMap and ArcScene for 2D and 3D geo-visualizations.77 For HPC, we used Microsoft Azure 

resources.78
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Fig. 1. Predicted annual mean PM2.5 EC across the US non-urban and urban areas for 2000 and 

2019. The spatial resolution is 1 km × 1 km in non-urban areas and 50 m × 50 m in 3,535 urban areas. The 

map breaks are based on quantile method—ventiles for non-urban areas and 32 classes for urban areas. 
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Fig. 2. Predicted annual mean PM2.5 EC concentrations in New York, Los Angeles, and 

Washington DC for 2000 and 2019. The legend of left and right maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the cities. The 

legend of middle map for 2019 is based on deciles of 2000 and shows where most changes have 

happened, 20 years after 2000. While the absolute values have declined for EC from 2000 to 2019, 

there are more hotspots and relatively polluted areas in 2019 than 2000 across New York and Los 

Angeles. These hyperlocal estimates are available across 3,535 US urban areas for 20 years. 
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Table 1. Mean levels of monitored PM2.5 components across the US from 2000 to 2019. 

PM2.5 component Min 1st 

quartile 

Median Mean SD 3rd 

quartile 

Max 

EC (μg/m3) 0.01 0.17 0.43 0.54 0.45 0.79 2.76 

NH4
+ (μg/m3) 0.01 0.43 0.82 0.91 0.57 1.33 3.70 

NO3
- (μg/m3) 0.33 0.29 0.65 0.89 0.78 1.29 7.00 

OC (μg/m3) 0.15 0.84 1.42 1.60 0.98 2.12 8.41 

SO4
2- (μg/m3) 0.16 0.72 1.43 1.85 1.34 2.76 7.03 

Abbreviations: EC (elemental carbon); NH4
+ (ammonium); NO3

- (nitrate); OC (organic carbon); SO4
2- 

(sulfate) 
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Table 2. PM2.5 component-specific model performance metrics in the entire US. 

PM2.5 

Component 
Model Domain 

Best Selected 

Model 
R2 in Traina R2 in Testb RMSEb Slopeb Biasb 

EC Non-urban SVM-SL 0.959 0.913 0.132 0.996 0.009 

EC Urban SVM-SL 0.957 0.910 0.134 0.995 0.008 

NH4
+ Non-urban SVM-SL 0.931 0.918 0.165 0.994 0.016 

NH4
+ Urban SVM-SL 0.923 0.910 0.173 0.977 0.031 

NO3
- Non-urban SVM-SL 0.951 0.878 0.281 1.003 0.016 

NO3
- Urban SVM-SL 0.950 0.879 0.280 1.008 0.013 

OC Non-urban SVM-SL 0.914 0.857 0.370 1.016 0.009 

OC Urban SVM-SL 0.913 0.856 0.372 1.002 0.027 

SO4
2- Non-urban Cubist-SL 0.974 0.957 0.278 0.992 0.030 

SO4
2- Urban SVM-SL 0.972 0.952 0.294 0.995 0.022 

Abbreviations: Support Vector Machines with Polynomial Kernel (SVM); super-learner (SL); EC (elemental carbon); 

NH4
+ (ammonium); NO3

- (nitrate); OC (organic carbon); SO4
2- (sulfate). 

aThe R2 in train set (70%) are 10-fold cross-validated for the log-transformed response variable. bThe R2 in test set 

(30%), RMSE, slope, and bias (intercept) are from regressing the inverse of log-transformed (exponential) monitored 

values against the exponentiated predicted values by the best selected model for each PM2.5 component. 
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Table 3. PM2.5 component-specific model performance metrics by the US divisiona 

PM2.5 

Component 

US Division Non-urban model Urban model 

R2 RMSE Slope Bias R2 RMSE Slope Bias 

EC  

 

NE 0.868 0.116 0.915 0.032 0.862 0.120 0.905 0.036 

MA 0.891 0.153 0.990 0.029 0.885 0.157 0.992 0.028 

ENC 0.774 0.137 0.926 0.032 0.772 0.138 0.924 0.032 

WNC 0.933 0.060 1.057 -0.012 0.931 0.060 1.053 -0.012 

SA 0.842 0.126 1.063 -0.022 0.836 0.129 1.071 -0.026 

ESC 0.847 0.115 0.954 0.022 0.836 0.119 0.955 0.021 

WSC 0.928 0.090 0.953 0.010 0.923 0.094 0.952 0.007 

M 0.807 0.148 1.033 0.004 0.805 0.148 1.033 0.004 

P 0.896 0.137 0.974 0.019 0.894 0.138 0.960 0.023 

NH4
+  

 

NE 0.948 0.091 1.057 -0.021 0.940 0.099 1.094 -0.045 

MA 0.928 0.172 1.031 -0.001 0.920 0.178 1.006 0.021 

ENC 0.820 0.234 0.962 0.064 0.804 0.248 0.916 0.118 

WNC 0.882 0.155 0.952 0.046 0.862 0.169 0.933 0.066 

SA 0.939 0.124 0.991 0.018 0.935 0.128 0.997 0.013 

ESC 0.920 0.135 1.014 -0.024 0.913 0.140 1.009 -0.010 

WSC 0.852 0.140 0.907 0.094 0.833 0.149 0.903 0.098 

M 0.668 0.169 1.085 -0.019 0.667 0.169 1.060 -0.009 

P 0.937 0.138 0.955 0.020 0.932 0.148 0.922 0.041 

NO3
-  

 

NE 0.895 0.097 0.991 0.019 0.899 0.094 0.991 0.017 

MA 0.730 0.358 1.009 0.020 0.726 0.361 1.007 0.019 

ENC 0.558 0.497 0.973 0.110 0.563 0.494 0.983 0.095 

WNC 0.826 0.281 0.974 0.051 0.827 0.279 0.978 0.051 

SA 0.848 0.167 1.006 -0.006 0.837 0.173 0.992 0.002 

ESC 0.859 0.158 0.878 0.098 0.862 0.158 0.871 0.102 

WSC 0.612 0.250 0.974 0.036 0.621 0.247 0.972 0.036 

M 0.767 0.233 1.084 -0.007 0.769 0.231 1.072 -0.005 

P 0.958 0.213 0.982 0.018 0.960 0.208 0.993 0.018 

OC  

 

NE 0.906 0.154 0.978 0.014 0.925 0.138 0.987 -0.003 

MA 0.660 0.277 0.855 0.275 0.628 0.294 0.822 0.330 

ENC 0.771 0.276 1.076 -0.115 0.784 0.271 1.095 -0.128 

WNC 0.896 0.187 1.031 0.000 0.900 0.186 1.059 -0.034 

SA 0.892 0.252 1.053 -0.089 0.882 0.261 1.023 -0.039 

ESC 0.701 0.399 1.00 0.004 0.708 0.394 1.017 -0.038 

WSC 0.853 0.353 1.116 -0.196 0.830 0.376 1.113 -0.195 

M 0.648 0.523 1.006 0.052 0.659 0.514 1.010 0.045 

P 0.919 0.413 1.033 0.008 0.912 0.424 0.999 0.045 

SO4
2-  

 

NE 0.927 0.250 0.927 0.092 0.926 0.247 0.950 0.050 

MA 0.969 0.234 0.998 0.038 0.965 0.260 1.041 -0.031 

ENC 0.899 0.376 0.950 0.145 0.899 0.376 0.970 0.115 

WNC 0.932 0.209 1.021 -0.018 0.932 0.213 0.960 0.031 

SA 0.941 0.315 0.997 0.052 0.924 0.355 0.985 0.053 

ESC 0.947 0.278 1.004 0.038 0.942 0.287 1.000 0.018 

WSC 0.911 0.284 0.950 0.110 0.890 0.315 0.954 0.122 

M 0.766 0.133 1.070 -0.030 0.768 0.132 1.069 -0.033 

P 0.828 0.341 0.922 0.080 0.804 0.364 0.917 0.088 
Abbreviations: NE (New England), MA (Mid Atlantic), ENC (East North Central), WNC (West North Central), SA (South Atlantic), ESC (East 

South Central), WSC (West South Central), M (Mountain), P (Pacific); EC (elemental carbon); NH4
+ (ammonium); NO3

- (nitrate); OC (organic 

carbon); SO4
2- (sulfate). aThe R2, RMSE, slope, and bias (intercept) are calculated on the test set (30%) and from regressing the inverse of log-

transformed (exponential) monitored values against the exponentiated predicted values by the best selected model (see Table 2) for each PM2.5 

component. Note that the best model for most components/model domain was SVM-SL, while for SO4
2- in non-urban areas it was cubist-SL. 
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Fig. S1. The location of PM2.5 components monitoring stations from 2000-2019 in the US. 
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Fig. S2. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US 

non-urban areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S3. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US urban 

areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S4. 

Variable importance for best performing ML in the US non-urban areas for PM2.5 EC. 

 

Fig. S5. 

Variable importance for best performing ML in the US urban areas for PM2.5 EC. 
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Fig. S6. 

Variable importance for best performing SL/GAM-ENWA in the US non-urban areas for PM2.5 EC. 

 

Fig. S7. 

Variable importance for best performing SL/GAM-ENWA in the US urban areas for PM2.5 EC.  
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Fig. S8. Predicted annual mean PM2.5 EC concentrations in non-urban areas across the 

contiguous US for 2000 and 2019. The legend of top and bottom maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the US and 

comparable comparisons. The legend of middle map for 2019 is based on deciles of 2000 and shows 

where most changes have happened, 20 years after 2000. 
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Fig. S9. The 3D presentation of digital elevation model (DEM) across the US. The blue color areas have lower elevation while red/maroon color areas have higher 

altitude.  The location of urban areas is shown by black while interstate highways from TIGER road network are illustrated in purple polylines.
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Fig. S10. The divisions of the United States. 
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Fig. S11. The trend of predicted annual mean PM2.5 EC concentrations in non-urban areas 

across the US divisions from 2000-2019. Abbreviations: NE (New England), MA (Mid Atlantic), 

NEC (East North Central), WNC (West North Central), SA (South Atlantic), ESC (East South 

Central), WSC (West South Central), M (Mountain), P (Pacific). 
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Fig. S12. External validation using Google Street View (GSV) car measurements. The spearman 

correlation coefficient between measurements of GSV car across 22,000 streets in Oakland, CA, with 

the predictions of EC annual mean for 2015 in the current study. The EC predictions by super-learner 

(SL) were well correlated with the monitored data by GSV car. The mean monitored BC value by 

GSV car was 0.75 and by SL prediction was 0.78. 
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Fig. S13. Map of external validation dataset from GSV car measurements in Oakland, CA. 

Monitored black carbon (BC) across ~22,000 streets by Google Street View (GSV) cars from May 

2015 to May 2016 (points with graduate colors) as external validation dataset, in comparison with EC 

model predictions for urban areas in 2015 in the current study (50 m girds predictions). The EC 

predictions by super-learner (SL) were well correlated with the monitored data by GSV cars 

(Spearman’s rho = 0.67). 
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Fig. S14. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US 

non-urban areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S15. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US urban 

areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S16. 

Variable importance for best performing ML in the US non-urban areas for PM2.5 NH4
+. 

 

Fig. S17. 

Variable importance for best performing ML in the US urban areas for PM2.5 NH4
+. 
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Fig. S18. 

Variable importance for best performing SL in the US non-urban areas for PM2.5 NH4
+. 

 

Fig. S19. 

Variable importance for best performing SL in the US urban areas for PM2.5 NH4
+.  
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Fig. S20. Predicted annual mean PM2.5 NH4
+ concentrations in non-urban areas across the 

contiguous US for 2000 and 2019. The legend of top and bottom maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the US and 

comparable comparisons. The legend of middle map for 2019 is based on deciles of 2000 and shows 

where most changes have happened, 20 years after 2000. 
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Fig. S21. Predicted annual mean PM2.5 NH4
+ concentrations in New York, Los Angeles, and 

Washington DC for 2000 and 2019. The legend of left and right maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the cities with 

comparable comparisons for spatial variability in each city. The legend of middle map for 2019 is 

based on deciles of 2000 and shows where most changes have happened, 20 years after 2000.  
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Fig. S22. The trend of predicted annual mean PM2.5 NH4
+ concentrations in non-urban areas 

across the US divisions from 2000-2019. Abbreviations: NE (New England), MA (Mid Atlantic), 

NEC (East North Central), WNC (West North Central), SA (South Atlantic), ESC (East South 

Central), WSC (West South Central), M (Mountain), P (Pacific). 
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Fig. S23. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US 

non-urban areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S24. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US urban 

areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S25. 

Variable importance for best performing ML in the US non-urban areas for PM2.5 NO3
-. 

 

Fig. S26. 

Variable importance for best performing ML in the US urban areas for PM2.5 NO3
-. 



 

 

48 

 

 

Fig. S27. 

Variable importance for best performing SL/GAM-ENWA in the US non-urban areas for PM2.5 NO3
-. 

 

Fig. S28. 

Variable importance for best performing SL/GAM-ENWA in the US urban areas for PM2.5 NO3
-.  
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Fig. S29. Predicted annual mean PM2.5 NO3
- concentrations in non-urban areas across the 

contiguous US for 2000 and 2019. The legend of top and bottom maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the US and 

comparable comparisons. The legend of middle map for 2019 is based on deciles of 2000 and shows 

where most changes have happened, 20 years after 2000. 
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Fig. S30. Predicted annual mean PM2.5 NO3
- concentrations in New York, Los Angeles, and 

Washington DC for 2000 and 2019. The legend of left and right maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the cities with 

comparable comparisons for spatial variability in each city. The legend of middle map for 2019 is 

based on deciles of 2000 and shows where most changes have happened, 20 years after 2000.  
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Fig. S31. The trend of predicted annual mean PM2.5 NO3
- concentrations in non-urban areas 

across the US divisions from 2000-2019. Abbreviations: NE (New England), MA (Mid Atlantic), 

NEC (East North Central), WNC (West North Central), SA (South Atlantic), ESC (East South 

Central), WSC (West South Central), M (Mountain), P (Pacific). 
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Fig. S32. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US 

non-urban areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S33. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US urban 

areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S34. 

Variable importance for best performing ML in the US non-urban areas for PM2.5 OC. 

 

Fig. S35. 

Variable importance for best performing ML in the US urban areas for PM2.5 OC. 
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Fig. S36. 

Variable importance for best performing SL/GAM-ENWA in the US non-urban areas for PM2.5 OC. 

 

Fig. S37. 

Variable importance for best performing SL/GAM-ENWA in the US urban areas for PM2.5 OC.  
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Fig. S38. Predicted annual mean PM2.5 OC concentrations in non-urban areas across the 

contiguous US for 2000 and 2019. The legend of top and bottom maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the US and 

comparable comparisons. The legend of middle map for 2019 is based on deciles of 2000 and shows 

where most changes have happened, 20 years after 2000. 
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Fig. S39. Predicted annual mean PM2.5 OC concentrations in New York, Los Angeles, and 

Washington DC for 2000 and 2019. The legend of left and right maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the cities with 

comparable comparisons for spatial variability in each city. The legend of middle map for 2019 is 

based on deciles of 2000 and shows where most changes have happened, 20 years after 2000.  
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Fig. S40. The trend of predicted annual mean PM2.5 OC concentrations in non-urban areas 

across the US divisions from 2000-2019. Abbreviations: NE (New England), MA (Mid Atlantic), 

NEC (East North Central), WNC (West North Central), SA (South Atlantic), ESC (East South 

Central), WSC (West South Central), M (Mountain), P (Pacific). 
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Fig. S41. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US 

non-urban areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S42. The 1:1 line plot including R2 by year (left) and the difference plot (right) for the best SL/GAM-ENWA model on the hold out test set in the US urban 

areas. The dash lines are drawn "two" standard deviations from mean differences. 
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Fig. S43. 

Variable importance for best performing ML in the US non-urban areas for PM2.5 SO4
2-. 

 

Fig. S44. 

Variable importance for best performing ML in the US urban areas for PM2.5 SO4
2-. 
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Fig. S45. 

Variable importance for best performing SL/GAM-ENWA in the US non-urban areas for PM2.5 SO4
2-. 

 

Fig. S46. 

Variable importance for best performing SL/GAM-ENWA in the US urban areas for PM2.5 SO4
2-.  
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Fig. S47. Predicted annual mean PM2.5 SO4
2- concentrations in non-urban areas across the 

contiguous US for 2000 and 2019. The legend of top and bottom maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the US and 

comparable comparisons. The legend of middle map for 2019 is based on deciles of 2000 and shows 

where most changes have happened, 20 years after 2000. 
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Fig. S48. Predicted annual mean PM2.5 SO4
2- concentrations in New York, Los Angeles, and 

Washington DC for 2000 and 2019. The legend of left and right maps for 2000 and 2019 are based 

on deciles of predictions in each year, which shows spatial hot- and cold-spots across the cities with 

comparable comparisons for spatial variability in each city. The legend of middle map for 2019 is 

based on deciles of 2000 and shows where most changes have happened, 20 years after 2000.  
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Fig. S49. The trend of predicted annual mean PM2.5 SO4
2- concentrations in non-urban areas 

across the US divisions from 2000-2019. Abbreviations: NE (New England), MA (Mid Atlantic), 

NEC (East North Central), WNC (West North Central), SA (South Atlantic), ESC (East South 

Central), WSC (West South Central), M (Mountain), P (Pacific). 
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Table S1. 

Number of 987 unique monitoring stations per PM2.5 component per year from 2000 to 2019 used in the modeling. 

 
 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 Total 

EC 148 274 375 399 415 415 414 401 407 479 344 288 289 288 236 348 298 290 275 277 6660 

NH4
+ 115 218 320 346 359 352 313 295 296 298 291 289 302 299 292 277 252 239 237 147 5537 

NO3
- 215 340 433 454 471 467 453 436 437 440 433 435 445 438 431 418 383 373 372 283 8157 

OC 129 250 369 392 406 406 380 363 315 314 185 175 180 177 166 281 282 275 275 277 5597 

SO4
2- 221 348 463 494 523 521 471 454 458 459 444 443 452 448 439 425 389 378 375 286 8491 
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Table S2. 

The coefficient of determination (R2) of the machine-learning (ML) and super-learning (SL) algorithms for modeling in the US non-urban areas from 2000-2019.  

 

 

 

Component 

  
  

Stage 1: Machine Learning Stage 2: Super Learning / ENWA 

GBM 

 

cubist 

 

RF 

 

KNN XGB 

 

 

SVM 

 

cubist 

 

GAM GBM 

 

KNN 

 

RF 

 

XGB 

 

 
TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST 

EC 0.952 0.904 0.947 0.907 0.935 0.899 0.908 0.964 0.949 0.903 0.959 0.913 0.957 0.909 0.956 0.911 0.955 0.911 0.933 0.883 0.956 0.912 0.953 0.909 

NH4
+  0.919  0.901  0.915  0.907 0.874   0.879 0.672   0.629 0.912  0.898  0.926  0.918 0.925 0.912 0.931 0.915  0.926 0.914 0.899 0.886 0.927 0.918 0.920 0.918 

NO3
-  0.944 0.863 0.943 0.861 0.936 0.850 0.918 0.814 0.941 0.866 0.950 0.878 0.952 0.877 0.949 0.872 0.951 0.874 0.939 0.863 0.951 0.876 0.950 0.873 

OC 0.904 0.840 0.897 0.831 0.880 0.824 0.834 0.780 0.900 0.837 0.914 0.857 0.913 0.848 0.911 0.847 0.908 0.846 0.867 0.792 0.910 0.852 0.906 0.845 

SO4
2- 0.967 0.941 0.971 0.949 0.949 0.934 0.836 0.709 0.965 0.937 0.974 0.955 0.973 0.957 0.973 0.954 0.972 0.956 0.961 0.943 0.973 0.955 0.972 0.953 

 

Abbreviations: TRN (train set), TST (test set). The R2 values for the train sets are based on 10-fold cross validation. The R2 values in the test set are for performance on the 30% hold out dataset. 

Used ML algorithms: Stochastic Gradient Boosting (GBM), cubist regression (cubist), Random Forest (RF), K-nearest Neighbors (KNN), and eXtreme Gradient Boosting (XGB). 

Used SL algorithms: Support Vector Machines with Polynomial Kernel (SVM), cubist, Generalized Additive Model (GAM), GBM, KNN, RF, and XGB. 

The bold blue font means best performance amongst MLs on the test set, and the bold green means best performance amongst the SLs on the test set. 
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Table S3.  

The coefficient of determination (R2) of the machine-learning (ML) and super-learning (SL) algorithms for modeling in the US urban areas. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 Stage 1: Machine Learning Stage 2: Super Learning / ENWA 

 GBM RF XGB SVM GAM GBM RF XGB 
 

TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST TRN TST 

EC 0.952 0.904 0.935 0.899 0.949 0.903 0.957 0.910 0.954 0.908 0.953 0.909 0.953 0.910 0.952 0.910 

NH4
+ 0.919 0.901 0.874 0.879 0.912 0.898 0.923 0.910 0.923 0.908 0.920 0.909 0.923 0.913 0.918 0.908 

NO3
- 0.944 0.863 0.936 0.850 0.941 0.866 0.949 0.879 0.947 0.870 0.950 0.873 0.950 0.876 0.949 0.873 

OC 0.904 0.840 0.880 0.824 0.900 0.837 0.913 0.856 0.908 0.846 0.907 0.847 0.908 0.851 0.904 0.847 

SO4
2- 0.967 0.941 0.949 0.934 0.965 0.937 0.972 0.952 0.969 0.946 0.969 0.949 0.970 0.951 0.968 0.947 

 

Abbreviations: TRN (train set), TST (test set). The R2 values for the train sets are based on 10-fold cross validation. The R2 values in the test set are for 

performance on the 30% hold out dataset. 

Used ML algorithms: Stochastic Gradient Boosting (GBM), Random Forest (RF), and eXtreme Gradient Boosting (XGB). 

Used SL algorithms: Support Vector Machines with Polynomial Kernel (SVM), Generalized Additive Model (GAM), GBM, RF, and XGB. 

The bold blue font means best performance amongst MLs on the test set, and the bold green means best performance amongst the SLs on the test set. 
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Table S4. The list of used predictors in the study. Note that all predictors were sampled at 1 km × 1 km grids for non-urban predictions, and at 50 m × 50 m grids for models in urban areas. 

 

# 

Data type Satellite Source Variable name 

Retrieved spatial 

resolution Temporal resolution 

1 Time - US EPA Year - 2000 - 2019 

2 Geography - Geographic coordinate Latitude Grid centroid 2000 - 2019 

3 Geography - Geographic coordinate Longitude Grid centroid 2000 - 2019 

4 
Geography - 

JAXA Earth Observation Research 

Center  Elevation; ALOS World 3D - 30m (AW3D30) 30 m 2006 - 2011 

5 Composite predictor - Conservation Science Partners Global Human Modification 1000 m 2016 

6 Composite predictor - Oxford Land-based travel speed (friction) 500 m 2015 

7 
Composite predictor - Oxford 

Travel time to nearest densely-populated area 

(accessibility) 200 m 2015 

8 Composite predictor - US EPA National Walkability Index 500 m 2019 

9 Satellite observation LANDSAT NASA/USGS Enhanced vegetation index 500 m Annual averages (2000 - 2019) 

10 Satellite observation LANDSAT NASA/USGS Normalized Difference Vegetation Index (NDVI) 500 m Annual averages (2000 - 2019) 

11 Satellite observation Terra/Aqua NASA MAIAC Aerosol optical depths at 0.47 mm 1000 m Annual averages (2000 - 2019) 

12 Satellite observation Terra/Aqua NASA MODIS Band 31 emissivity 500 m Annual averages (2000 - 2019) 

13 Satellite observation Terra/Aqua NASA MODIS Band 32 emissivity 500 m Annual averages (2000 - 2019) 

14 Satellite observation Terra/Aqua NASA MODIS day land surface temperature 1000 m Annual averages (2000 - 2019) 

15 Satellite observation Terra/Aqua NASA MODIS FAO-LCCS2 land use layer 500 m Annual averages (2000 - 2018) 

16 Satellite observation Terra/Aqua NASA MODIS Land Cover Type 1 500 m Annual averages (2000 - 2018) 

17 Satellite observation Terra/Aqua NASA MODIS Land Cover Type 2 500 m Annual averages (2000 - 2018) 

18 Satellite observation Terra/Aqua NASA MODIS Land Cover Type 3 500 m Annual averages (2000 - 2018) 

19 Satellite observation Terra/Aqua NASA MODIS Land Cover Type 5 500 m Annual averages (2000 - 2018) 

20 Satellite observation Terra/Aqua NASA MODIS night land surface temperature 1000 m Annual averages (2000 - 2019) 

21 
Satellite observation Terra/Aqua NASA 

MODIS Normalized Difference Water Index 

(NDWI) 500 m Annual averages (2000 - 2019) 

22 Satellite observation Terra/Aqua NASA MODIS Percent non-tree cover 500 m Annual averages (2000 - 2019) 

23 Satellite observation Terra/Aqua NASA MODIS Percent non-vegetated cover 500 m Annual averages (2000 - 2019) 

24 Satellite observation Terra/Aqua NASA MODIS Percent tree cover 500 m Annual averages (2000 - 2019) 

25 Satellite observation Terra NASA AG100: ASTER Global Emissivity Dataset band 10 200 m Long-term average (2000 - 2008) 
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26 Satellite observation Terra NASA AG100: ASTER Global Emissivity Dataset band 13 200 m Long-term average (2000 - 2008) 

27 Satellite observation Terra NASA AG100: ASTER Global Emissivity Dataset band 10 1000 m Long-term average (2000 - 2008) 

28 Satellite observation Terra NASA AG100: ASTER Global Emissivity Dataset band 13 1000 m Long-term average (2000 - 2008) 

29 Satellite observation Terra NASA AG100: ASTER Global Emissivity Dataset band 14 200 m Long-term average (2000 - 2008) 

30 Satellite observation Terra NASA AG100: ASTER Global Emissivity Dataset band 14 1000 m Long-term average (2000 - 2008) 

31 Satellite observation Sentinel 5P European Union/ESA/Copernicus Near Real Time Carbon Monoxide (CO) 1000 m Long-term average (2018 - 2019) 

32 Satellite observation Sentinel 5P European Union/ESA/Copernicus Near Real Time Formaldehyde (HCHO) 1000 m Long-term average (2018 - 2019) 

33 Satellite observation Sentinel 5P European Union/ESA/Copernicus Near Real Time Nitrogen Dioxide (NO2) 1000 m Long-term average (2018 - 2019) 

34 Satellite observation Sentinel 5P European Union/ESA/Copernicus Near Real Time Sulfur Dioxide (SO2) 1000 m Long-term average (2018 - 2019) 

35 Satellite observation Sentinel 5P European Union/ESA/Copernicus Offline Methane (CH4) 1000 m Long-term average (2018 - 2019) 

36 Satellite observation Sentinel 5P European Union/ESA/Copernicus UV Absorbing Aerosol Index (AAI) 1000 m Long-term average (2018 - 2019) 

37 

Satellite observation 

Suomi 

National Polar-

Orbiting 

Partnership 

(Suomi NPP)  

Earth Observation Group, Payne 

Institute for Public Policy, 

Colorado School of Mines VIIRS Nighttime Lights (NTL) 464 m 2014 

38 

Satellite observation 

Defense 

Meteorological 

Satellite 

Program 

(DMSP) 

Earth Observation Group, Payne 

Institute for Public Policy, 

Colorado School of Mines Global Radiance Calibrated Nighttime Lights  928 m 2010 

39 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 10m u-component of wind 500 m Annual averages (2000 - 2019) 

40 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 10m v-component of wind 500 m Annual averages (2000 - 2019) 

41 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 Mean temperature 500 m Annual averages (2000 - 2019) 

42 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 Minimum temperature 500 m Annual averages (2000 - 2019) 

43 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 Precipitation amount 500 m Annual averages (2000 - 2019) 

44 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 Surface pressure 500 m Annual averages (2000 - 2019) 
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45 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 Total precipitation 500 m Annual averages (2000 - 2019) 

46 Reanalysis - GRIDMET: University of Idaho Daily reference evapotranspiration grass-mm 500 m Annual averages (2000 - 2019) 

47 Reanalysis - GRIDMET: University of Idaho Maximum relative humidity 500 m Annual averages (2000 - 2019) 

48 Reanalysis - GRIDMET: University of Idaho Maximum temperature 500 m Annual averages (2000 - 2019) 

49 Reanalysis - GRIDMET: University of Idaho Mean vapor pressure deficit 500 m Annual averages (2000 - 2019) 

50 Reanalysis - GRIDMET: University of Idaho Minimum relative humidity 500 m Annual averages (2000 - 2019) 

51 Reanalysis - GRIDMET: University of Idaho Minimum temperature 500 m Annual averages (2000 - 2019) 

52 Reanalysis - GRIDMET: University of Idaho Specific humididy 500 m Annual averages (2000 - 2019) 

53 Reanalysis - GRIDMET: University of Idaho Wind direction 500 m Annual averages (2000 - 2019) 

54 Reanalysis - GRIDMET: University of Idaho Wind velocity 500 m Annual averages (2000 - 2019) 

55 
Reanalysis 

- 

NASA Global Land Data 

Assimilation System (GLDAS) Soil moisture 500 m Annual averages (2000 - 2019) 

56 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Downward long-wave radiation 500 m Annual averages (2000 - 2019) 

57 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Downward short-wave radiation 500 m Annual averages (2000 - 2019) 

58 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Downward short-wave radiation flux surface 500 m Annual averages (2000 - 2019) 

59 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Geopotential height surface 500 m Annual averages (2000 - 2019) 

60 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Latent heat net flux surface 500 m Annual averages (2000 - 2019) 

61 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Potential evaporation rate surface 500 m Annual averages (2000 - 2019) 

62 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Sensible heat net flux 500 m Annual averages (2000 - 2019) 

63 
Reanalysis 

- 

CFSV2: NCEP Climate Forecast 

System Version 2 Upward short wave radiation flux surface 500 m Annual averages (2000 - 2019) 

64 
Reanalysis 

- 

ECMWF / Copernicus Climate 

Change Service ERA5 Dew point 500 m Annual averages (2000 - 2019) 

65 
Reanalysis 

- 

CFSR: Climate Forecast System 

Reanalysis Relative humidity entire atmosphere 500 m 2018 
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66 
Reanalysis - 

CFSR: Climate Forecast System 

Reanalysis Planetary boundary layer height surface 500 m 2018 

67 
Geography - 

CFSR: Climate Forecast System 

Reanalysis Total column ozone 500 m 2018 

68 
Emitting/surrogate of 

emission sources - 

GRIDMET: University of Idaho; 

NFDRS fire danger index Burning index 500 m Annual averages (2000 - 2019) 

69 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to car dealers 150 m 2020 

70 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to laundry shops 150 m 2020 

71 
Emitting/surrogate of 

emission sources - Wikipedia Distance to rocket launch sites 150 m 2019 

72 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to fossil fuel-based power plants 150 m 2019 

73 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to power plants (all types) 150 m 2019 

74 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to thermal biomass fired power plants 150 m 2019 

75 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to thermal coal-based powerplants 150 m 2019 

76 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to thermal gas fired power plants 150 m 2019 

77 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to thermal nuclear power plants 150 m 2019 

78 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to thermal oil power plants 150 m 2019 

79 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to thermal storage power plants 150 m 2019 

80 
Emitting/surrogate of 

emission sources - World Resources Institute Distance to thermal waste power plants 150 m 2019 

81 
Emitting/surrogate of 

emission sources - Worldpop Population counts within 500 m 50 m 2000 - 2019 

82 
Emitting/surrogate of 

emission sources - Worldpop Population counts within 10 km 50 m 2000 - 2019 

83 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to wastewater treatment plants 150 m 2018 
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84 
Emitting/surrogate of 

emission sources - 

United Nations’ World 
Urbanization Prospects Distance to cities > 1,000,000 population 150 m 2018 

85 
Emitting/surrogate of 

emission sources - 

United Nations’ World 
Urbanization Prospects Distance to cities > 300,000 population 150 m 2018 

86 
Emitting/surrogate of 

emission sources - 

Environmental Systems Research 

Institute (ESRI) Traffic counts 1000 m 2019 

87 
Emitting/surrogate of 

emission sources - Federal Highway Administration Annual average daily traffic 50 m 2019 

88 
Emitting/surrogate of 

emission sources - Federal Highway Administration Annual average daily truck traffic 50 m 2019 

89 
Emitting/surrogate of 

emission sources - Federal Highway Administration Annual average kilotons of freight per mile 50 m 2019 

90 
Emitting/surrogate of 

emission sources - Federal Highway Administration Distance to bus lines 100 m 2019 

91 
Emitting/surrogate of 

emission sources - Federal Highway Administration Distance to highways 50 m 2019 

92 
Emitting/surrogate of 

emission sources - Federal Highway Administration Lenght of NHS highways within 2.5 km 50 m 2019 

93 
Emitting/surrogate of 

emission sources - Federal Highway Administration Lenght of NHS highways within 5 km 50 m 2019 

94 
Emitting/surrogate of 

emission sources - OpenStreetMap  kinderDistance to hair dressers 50 m 2020 

95 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to all traffic locations 100 m 2020 

96 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to ATMs 150 m 2020 

97 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to banks 150 m 2020 

98 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to bars 150 m 2020 

99 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to beauty shops 150 m 2020 

100 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to beverage shops 150 m 2020 

101 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to bus stations 150 m 2020 
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102 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to bus stops 150 m 2020 

103 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to cafee shops 150 m 2020 

104 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to camps 150 m 2020 

105 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to car rentals 150 m 2020 

106 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to car washes 150 m 2020 

107 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to carvans 150 m 2020 

108 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to chemist shops 150 m 2020 

109 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to cinemas 150 m 2020 

110 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to cloth shops 150 m 2020 

111 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to colleges 150 m 2020 

112 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to community centers 150 m 2020 

113 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to community towers 150 m 2020 

114 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to dentists 150 m 2020 

115 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to do it yourself shops 150 m 2020 

116 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to doctors 150 m 2020 

117 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to fire stations 150 m 2020 

118 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to florists 150 m 2020 

119 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to food shops 150 m 2020 
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120 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to fuel stations 100 m 2020 

121 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to furniture shops 150 m 2020 

122 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to hospitals 150 m 2020 

123 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to hotels 150 m 2020 

124 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to kindergartens 150 m 2020 

125 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to libraries 150 m 2020 

126 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to malls 150 m 2020 

127 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to motorway junctions 100 m 2020 

128 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to museums 150 m 2020 

129 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to parking lots 100 m 2020 

130 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to pharmacies 150 m 2020 

131 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to points of interest 150 m 2020 

132 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to police offices 150 m 2020 

133 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to post shops  150 m 2020 

134 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to recycling centers 150 m 2020 

135 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to restaurants 150 m 2020 

136 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to schools 150 m 2020 

137 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to secondary roads 100 m 2020 
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138 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to stationary traffic sources 150 m 2020 

139 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to stops 100 m 2020 

140 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to street lamps 100 m 2020 

141 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to supermarkets 150 m 2020 

142 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to taxi stations 100 m 2020 

143 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to traffic signals 100 m 2020 

144 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to transportation centers 150 m 2020 

145 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to turning circles 100 m 2020 

146 
Emitting/surrogate of 

emission sources - OpenStreetMap Distance to zoo 150 m 2020 

147 
Emitting/surrogate of 

emission sources - OpenStreetMap Secondary roads within 500 m 50 m 2020 

148 
Emitting/surrogate of 

emission sources - OpenStreetMap Secondary roads within buffer of 1 km 50 m 2020 

149 
Emitting/surrogate of 

emission sources - OpenStreetMap Secondary roads within buffer of 10 km 50 m 2020 

150 
Emitting/surrogate of 

emission sources - OpenStreetMap Secondary roads within buffer of 3 km 50 m 2020 

151 
Emitting/surrogate of 

emission sources - 

The Bureau of Transportation 

Statistics (BTS) Distance to FAF4 truck routes 50 m 2019 

152 
Emitting/surrogate of 

emission sources - 

The Bureau of Transportation 

Statistics (BTS) Length of FAF4 highways within 10 km buffer 50 m 2019 

153 
Emitting/surrogate of 

emission sources - 

The Bureau of Transportation 

Statistics (BTS) Length of FAF4 highways within 2 km buffer 50 m 2019 

154 
Emitting/surrogate of 

emission sources - 

The Bureau of Transportation 

Statistics (BTS) Length of FAF4 highways within 5 km buffer 50 m 2019 

155 
Emitting/surrogate of 

emission sources - 

The Bureau of Transportation 

Statistics (BTS) Lenght of railroads within 10 km 50 m 2019 
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156 
Emitting/surrogate of 

emission sources - 

The Bureau of Transportation 

Statistics (BTS) Lenght of railroads within 5 km 50 m 2019 

157 
Emitting/surrogate of 

emission sources - 

The United States Census Bureau 

TIGER dataset roads Distance to TIGER inter-state highways 50 m 2016 

158 
Emitting/surrogate of 

emission sources -  Falchi et al. The New World Atlas of Artificial Sky Brightness 742 m Annual average (2015) 

159 
Emitting/surrogate of 

emission sources - UNEP-WCMC 

Above and Below Ground Biomass Carbon 

Density 1000 m 2010 

160 
Less-emitting 

predictor - World Resources Institute Distance to renewable hydro power plants 150 m 2019 

161 
Less-emitting 

predictor - World Resources Institute Distance to renewable solar power plants 150 m 2019 

162 
Less-emitting 

predictor - World Resources Institute Distance to renewable wind power plants 150 m 2019 

163 
Less-emitting 

predictor - OpenStreetMap Distance to cemeteries 150 m 2020 

164 
Less-emitting 

predictor - OpenStreetMap Distance to shelters 150 m 2020 

165 
Less-emitting 

predictor - OpenStreetMap Distance to chalets 150 m 2020 

166 
Less-emitting 

predictor - OpenStreetMap Distance to parks 150 m 2020 

 


