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AQS Data for NOx and NO2 Models 
 
The EPA Air Quality System (AQS) repository contains hourly monitoring data for NOx and 
NO2. MESA Air’s exposure database converts these into daily averages, using the following 
criteria: 
 
1. The recorded hourly zeros (which are rounded down by AQS from actual nonzero 
observations) are converted to 0.5 ppb. 
2. To calculate an average, daily data at a given monitor must include at least 18 hourly values, 
including 4 each during the morning and afternoon diurnal lows and highs.  
 
From these daily averages, 2-iweekly averages were calculated for time intervals compatible 
with the local MESA Air monitoring schedule, subject to the following limitations: 
 
1. Some time intervals for certain monitors, deemed unreliable after statistical quality analysis 
and communication with agencies, were excluded. 
2. Two-week averages were only calculated if at least 9 daily averages were 
available (analogous to the MESA Air’s monitoring system data quality standard). 
 
The AQS dataset for the model originally included all available data from 
the 17 state planes containing or adjoining to MESA metropolitan areas, from 1999 through 
2009. This was later restricted to the final, smaller modeling regions around the cities of interest, 
based on geographic relevance (e.g., for the Chicago model only data from the Chicago suburb 
of Gary, IN were used, while data further afield in Indiana, such as Indianapolis, were excluded). 
Additionally, monitors of the following types were excluded: 
 
1. Purely seasonal (summer-only) monitors were excluded, as they seemed to suffer from chronic 
quality problems at season startup, and their time series is also incompatible with our time-trend 
modeling technology. 
2. Monitors with less than one year of data (i.e., less than 26 two-weekly averages) were 
excluded as well, because the advantage from including them was outweighed by the risk to 
quality and by potential model-compatibility issues. 
 
The table below presents that data quantities – number of sites and number of biweekly averages 
- from both sources (AQS and MESA-Air) used in each metropolitan-region model. 
 



 

 
 
Building and Validating the Gaseous pollutant Spatio-Temporal Models 
 
A. Modeling Framework 

Gaseous pollutant models were developed for NOx and NO2 to allow individual-
level gaseous pollutant variables to be incorporated into our health effects models.  
Because of the greater density and duration of gaseous pollutant monitoring, modeling of 
the gaseous co-pollutants allowed a richer model than the model developed for PM 
components.  The model can be described as 
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indicating that the array of exposures Y across space s and time t indices is normally 
distributed with a spatiotemporal mean field µ and a geostatistical (kriging) error field. 



 

This in itself is a fairly standard specification. The innovation lies in modeling the mean 
field as 
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with the X’s indicating matrices of traffic and land-use covariates, the F’s indicating 
smooth trends which are functions of time only, the K’s indicating spatial kriging fields 
without a random-error component, and α, φ indicating data-estimable parameters 
characterizing the magnitude and spatial extent of the various model components. This 
model was first described by Sampson et al. (2011), modeling PM2.5 exposure for the 
MESA-Air cohort over the period 2000-2006, based on concepts from Fuentes et al. 
(2006). Szpiro et al. (2010), in our group, introduced simultaneous maximum-likelihood 
estimation (MLE) for the α and φ parameters in (1) and (2), and demonstrated its 
application by modeling NOx exposure using data from 18 metropolitan LA regulatory 
(AQS) sites over a period of 2.5 years. The time trends F are estimated separately before 
the model is fitted, using data from regional long-term time series and singular value 
decomposition (SVD) as detailed in Fuentes et al. (2006). Specifying the model matrices 
X in (2) is challenging. The MESA Air solution as implemented for gaseous pollutants is 
described below. 

Lindström et al. in our group further developed the model by adding covariates 
Z(s,t) varying in both time and space to the mean function (2), scaled by data-estimable 
magnitude parameters γ. This expansion of the model enables the incorporation of spatio-
temporally varying effects such as local weather, or of output of a deterministic 
dispersion model, under the same exposure-prediction framework. An optimization code 
for the entire model, with or without Z(s,t)γ, has been developed, allowing investigators 
to rapidly produce estimates and predictions for large datasets and long time spans, 
whereas existing tools require weeks to produce such estimates. The modeling tools and 
their relative speed also enable a high level of exploration, selection, tuning and 
diagnosing. The code has been written in R and is available in the CRAN repository as 
the package “SpatioTemporal”.  

 

B. Variable Selection for Metropolitan-Region Models 

The model (1)-(2) was applied to 2-week NOx and NO2 monitoring data. A 
separate model was developed for each of the six MESA cities, over the 11 years 1999-
2009.  NOx concentrations were log-transformed. The model was fit without a time-
varying covariate (the deterministic dispersion covariate from Caline).  However, the 
long-term means of Caline3QHCR predictions at each location, for distance buffers from 
1500 to 9000 meters, were used as variables in the spatial “land-use” matrices X.  

Most regions had a single time-trend function F, except Los Angeles where two 
were needed due to strong seasonal and directional variations in wind patterns. Model 
selection for the X matrices was performed mostly using the MESA Air community 
Ogawa snapshot campaigns, which were specifically designed to gauge the near-road 
effect (Mercer et al., 2011). Initial variable selection via LASSO was followed by all-
subset cross-validation, performed several times on different re-shuffling configurations 



 

of CV groups. The most robust model across all CV iterations was chosen. Models were 
then subsequently tuned on the full spatio-temporal dataset,using cross-validation results 
for MESA home-outdoor monitoring sites and long-term AQS and MESA Air fixed sites, 
diagnostic analysis for artifacts or lack of fit, and comparison and alignment between 
MESA cities for scientific plausibility.  

For NOx the complete model-selection process was carried out. For NO2 the final 
NOx models were used as a starting point and selection proceeded directly to the tuning 
stage. The final models were identical to NOx except for one variable added in New York 
and one removed in Chicago. The long-term baseline matrix X0 in the final models had 
between 6 and 9 variables; matrices for the time-trend amplitudes, X1, X 2 required only 
subsets of 2-3 variables from X0. A full list of selected variables appears in the table 
below. Those variables present in both X0 and X1,2 are indicated in blue. 

 

 
As can be seen, population density in buffers ranging from 500 to 5000m was 

found to be useful in all six regions. The long-term Caline3QHCR mean for buffers of 
6000-9000m was also selected in all five regions for which it was available. Additionally, 
at least one land-use variable representing high-emission area sources with radii of 500-
3000m was selected in each city, but the exact nature of this variable differed between 
cities. Distance to major road (log-transformed and truncated at 10m) was selected in all 
but one city, and in 4 of 5 cases also made it into the trend-amplitude matrices; in the 
remaining two cities it was “represented” by the distance to A1 roads only (similarly 
transformed, and truncated at 20m and less). Conversely, variables representing sum-of-
roads in buffer were rarely selected for the final model.  

 

 

 



 

Results 
 

The plots below compare observed home-site means for all sites with multiple 
observations (left) and the corresponding means of predictions (right) in each city, for 
NOx and NO2. As can be seen, the models reproduce fairly accurately the relative 
ordering and variability of exposures between and within MESA cities. 

 



 

Cross-validation plots, shown here for NOx only, reveal further detail. For each city (in 
alphabetical order), the left frame plots home-site means vs. their 10-fold CV predictions; the 
center frame plots the same data, after the seasonal trend was removed, to reveal the extent of 
spatial determination; and the right frame plots the means of long-term sites (AQS and MESA-
Air fixed) vs. the leave-one-site-out CV prediction means.  
 
Predictions in Baltimore were especially accurate for home sites, while in St. Paul they were 
almost perfect for fixed-site means. In Winston-Salem, the absolute prediction error was lowest 
(absolute errors of +/- 5ppb for NOx are indicated by dashed lines), but the relative 
determination was not as good due to the much smaller variability in actual exposures. 
 

 



 

  
 
 
For the larger cities, Chicago and LA, predictions were fairly good overall, even though the error 
magnitude was larger due to the larger scale of variability. In New York, the lesser accuracy can 
be attributed to known deficiencies in the available set of variables. Residual-oil burning for 
heating is estimated to produce as much NOx as road traffic in northern Manhattan; a 
geographical layer quantifying such combustion has been obtained after model completion, and 
will be incorporated into future models. Additionally, land-use classification for New York is 
almost uniform across all of Manhattan; no variable was available to account for vertical “street 
canyon” effects. Summary CV statistics for home-sites – R2, spatial-only R2, RMSE, relative 
error and bias - are shown in the table below, using both classical and robust (quantile and rank-
based) statistics. 
 



 

 
 
The corresponding statistics for NO2 were: 
 

 
 
 
 
Finally, prediction maps for NOx and NO2 are presented below for each city. 
 



 

 
 

 
 
 



 

 
 
 



 

 
 
 



 

 
 
 



 

 
 


