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Abstract
Air pollution is a risk factor of multiple adverse health outcomes. I and my colleagues
investigated the health effect of long-term and short-term exposures to air pollution in the entire
Medicare population. We were interested in the effect of air pollution below the current National
Ambient Air Quality Standards (NAAQS) set by the U.S. Environmental Protection Agency
(EPA). We also identified subgroups that were particularly vulnerable to air pollution.
We first developed air pollution models to predict daily and annual exposures to fine particulate
matter (particles with aerodynamic diameter less than 2.5 µm, or PM2.5) and ozone among
Medicare population with high accuracy (R2 = 0.84 for PM2.5 and R2 = 0.76 for ozone). For longterm exposures to air pollution, we found that increases of 10 μg/m3 in PM2.5 and of 10 ppb in
ozone were associated with increases in all-cause mortality of 7.3% (95% confidence interval
[CI], 7.1 - 7.5) and 1.1% (95% CI, 1.0 - 1.2), respectively. The association was still significant
when restricting to PM2.5 below 12 μg/m3 (the annual standard set by EPA) and ozone below 50
ppb. The risk of mortality was higher among male, African Americans and people of low income
than the general population. For short-term exposures to air pollution, increase of 10 μg/m3 in
daily PM2.5 and 10 ppb in daily ozone were significantly associated with increases in daily allcause mortality of 1.05% (95% CI, 0.95 - 1.15) and 0.51% (95% CI, 0.41 - 0.61), respectively.
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When restricting to the analysis below 25 μg/m3 and 60 ppb, lower than the current daily
standards set by EPA, the significant association remained.
In conclusion, exposures to air pollution are associated with mortality both in the long-term and
short-term, even below the current national standards, providing strong evidence that these
national air quality standards need to be reevaluated. Some subgroups, such as African
Americans and people of low income, are more vulnerable to air pollution than the general
population.
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Introduction
Air pollution is a serious public health issue and a leading cause of death worldwide, especially
among developing countries. Long-term exposure to fine particulate matter (particles with
aerodynamic diameter less than 2.5 µm, or PM2.5) was found to be associated with multiple adverse
health outcomes, including morbidity,1,2 mortality,3 cardiovascular disease,4 respiratory disease,5
myocardial infarction,6 an increase in hospital admission,1,7,8 and others.9 Long-term exposure to
ozone was also associated with adverse health outcomes.10-13
To control air pollution, the Clean Air Act requires the U.S. Environmental Protection Agency
(EPA) to enact National Ambient Air Quality Standards (NAAQS). Currently, the daily PM2.5 and
ozone standards are set at 35 μg/m3 and 70 ppb, respectively; the annual standards for PM2.5 is 12
μg/m3, and there is no long-term standard for ozone.
Several studies used large cohorts to investigate the health effect of long-term exposures to PM2.5
and ozone.11,13-17 Those cohorts are generally convenience samples, which often have higher
socioeconomic status (SES) than the national average, and live in well-monitored urban areas,
which often have higher air pollution levels than smaller cities and rural areas. Some recent studies
used national exposure models to estimate the health effect at lower concentrations but again
estimated health effects in convenience samples.18-21 A critical gap of knowledge is the evidence
on health effects of air pollution based on representative samples, at unmonitored areas and areas
with air pollution levels below the current NAAQS. Also, we lack a rigorous characterization of
which sub-populations (based on their SES and/or race and gender) might be most affected.
Therefore, to assess exposures to air pollution at unmonitored areas, my colleagues and I first
developed a neural network-based approach to predict daily PM2.5 levels in the continental United
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States from 2000 to 2012 with high spatial resolution. This prediction approach integrates satellitebased measurement that quantifies light attenuation due to PM2.5, land-use data, simulation outputs
from a chemical transport model, meteorological variables, and other datasets to predict daily
PM2.5 levels, even at places without monitoring stations. Prediction results makes it possible to
assess both long-term (at annual level) and short-term (at daily level) exposures to air pollution
with high accuracy across the U.S. Related contents are presented in Chapter 1 and have been
published on the Environmental Science & Technology.22
With the long-term exposures to air pollution available, my colleagues and I investigated the
adverse health effect of long-term exposures to air pollution among the entire Medicare population
using survival analysis. We ascertained exposures to air pollution based on the residential ZIP
Code of each participant, controlled for individual-level covariate and ecological variables, and
used all-cause mortality as the health outcome. We also assessed the association between air
pollution and mortality (1) in several subgroups, defined by socioeconomic status, sex, and
race/ethnicity; (2) at locations with air pollution levels below the current annual air quality
standards. Details are specified in Chapter 2 and have been published on the New England Journal
of Medicine23.
We examined the health effect of short-term exposures to air pollution in a similar way in Chapter
3. We focused on all death cases in the Medicare population and analyzed the association with
short-term exposure to air pollution using case-crossover study design. Subgroup analyses were
conducted at different subpopulation and at places with daily air pollution levels much lower than
the current daily air quality standards to identify the subpopulation that are more vulnerable to air
pollution and evaluate whether the current daily air quality standards are stringent enough. Related
contents have been published on the Journal of the American Medical Association 24.
2
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Chapter 1.

Assessing PM2.5 Exposures with High Spatiotemporal Resolution across the

Continental United States1

Qian Di1, Itai Kloog1,2, Petros Koutrakis1, Alexei Lyapustin3, Yujie Wang3, Joel Schwartz1
1

Department of Environmental Health, Harvard T.H. Chan School of Public Heath, Boston, MA,

02115, USA
2

Department of Geography and Environmental Development, Ben-Gurion University of the

Negev, Beer Sheva, P.O.B. 653, Israel
3

GEST/UMBC, NASA Goddard Space Flight Center, Baltimore, MD, USA
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Reproduced with permission from Di, Q., Kloog, I., Koutrakis, P., Lyapustin, A., Wang, Y. and Schwartz, J., 2016.

Assessing PM2.5 exposures with high spatiotemporal resolution across the continental United States. Environmental
science & technology, 50(9), pp.4712-4721. Copyright 2016 American Chemical Society.
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Abstract
A number of models have been developed to estimate PM2.5 exposure, including satellite-based
aerosol optical depth (AOD) models, land-use regression or chemical transport model simulation,
all with both strengths and weaknesses. Variables like normalized difference vegetation index
(NDVI), surface reflectance, absorbing aerosol index and meteoroidal fields, are also informative
about PM2.5 concentrations. Our objective is to establish a hybrid model which incorporates
multiple approaches and input variables to improve model performance. To account for complex
atmospheric mechanisms, we used a neural network for its capacity to model nonlinearity and
interactions. We used convolutional layers, which aggregate neighboring information, into a neural
network to account for spatial and temporal autocorrelation. We trained the neural network for the
continental United States from 2000 to 2012 and tested it with left out monitors. Ten-fold crossvalidation revealed a good model performance with total R2 of 0.84 on the left out monitors.
Regional R2 could be even higher for the Eastern and Central United States. Model performance
was still good at low PM2.5 concentrations. Then, we used the trained neural network to make daily
prediction of PM2.5 at 1 km×1 km grid cells. This model allows epidemiologists to access PM2.5
exposure in both the short-term and the long-term.
Keywords. PM2.5; Aerosol optical depth; GEOS-Chem; Absorbing aerosol index; Land-use
regression; Convolutional neural network
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Introduction
Fine particulate matter (PM2.5) is a major concern in public health.1-6 An adverse health effect is
associated with PM2.5 exposure in the short term7,8 and the long term.9,10 PM2.5 is found to be
associated with morbidity,11,12 mortality,6 cardiovascular disease,4 respiratory disease,13
myocardial infarction,14 an increase in hospital admission11,15,16 and others.17
Accurate exposure assessment of PM2.5 is a prerequisite of to investigate its adverse health effect.
Early studies estimated PM2.5 at the nearest monitoring station.18 However, nearest monitors
cannot capture all variability in PM2.5 concentrations and nondifferential misclassification
occurs.19
Various approaches have been developed to achieve better exposure assessment. Spatial
interpolation, including nearest-neighbor interpolation and Kriging interpolation, was used to
smooth PM2.5 concentration and estimate local exposure. Nonetheless, interpolation adds no
additional information to the model. Local emission like highways between two monitor sites is
not captured by simple interpolation. Land-use regression (LUR) uses land-use terms, such as road
density, percentage of urban and others, as proxies for PM2.5 concentration.20,21 Although LUR
could achieve a high spatial resolution, it has limited temporal resolution since land-use terms are
usually time-invariant.22 Recent improvements in land-use regression enable incorporation some
level of time-variant factors,23,24 but land-use terms are still inadequate in modeling short-term
variations and often limited by short temporal coverage.25
Satellite-based aerosol optical depth (AOD) measurements have been widely used to estimate
PM2.5 in various models for its large spatial coverage and repeated daily observations.26 AOD
measures the light extinction due to aerosol in the whole atmospheric column.27 To obtain ground8

level PM2.5 concentration, vertical distribution of aerosol is needed. Recent studies proposed
different calibration methods.26,28-32 Most studies focused on quantifying relationship between
AOD and PM2.5 or predict a long-term average of PM2.5, while epidemiological studies also need
short-term PM2.5 assessment. Some studies combined AOD and land-use regression and used
mixed effect model to achieve improvements on model performance.33-35 However, the drawback
of AOD is missing data, which is caused by bright surfaces or cloud contamination, especially in
winter.36 Also, AOD measurements may also have abnormally large values caused by forest fires.37
For grid cells with missing or abnormal values, the AOD-PM2.5 relationship may be problematic,
especially for daily PM2.5 assessment. The relationship between column aerosol concentration and
ground-level concentration can be influenced by multiple factors such as meteorological fields,
chemical profile of aerosol, and others.38,39 The absorbing aerosol index (AAI) provides
information about aerosol type and is informative to PM2.5 modeling.40,41
Chemical transport models (CTMs), like GEOS-Chem,42 CMAQ,43 and CHIMERE,44 simulate the
formation, dispersion and deposition of fine particles based on emission inventories and known
atmospheric chemical reaction. CTM is another way to assess PM2.5 concentration. Due to the
complexity of reactions and atmospheric meteorological processes, simulated concentration often
deviates from the real world. CTM outputs are often used after calibration.45,46 CTM provides an
aerosol vertical profile, which has been used as scaling factor in AOD calibration.29,47 Due to the
limit of computation, CTM usually has coarse spatial resolution. In a previous study, we have
proposed a hybrid model which uses land-use regression to downscale CTM outputs. 48
Existing approaches have both strengths and weaknesses, and often they complement to each other.
In this paper, we incorporated multiple variables into a neural network-based hybrid model,
including satellite-based AOD data, AAI, CTM outputs, land-use terms, and meteorological
9

variables. We validated the model with 10-fold cross-validation and predicted daily PM2.5 at 1
km×1 km resolution in the continental United States for the years 2000-2012. Prediction with such
a high temporal and spatial resolution allows epidemiological studies to estimate health effect of
PM2.5 with greater reliability.
Materials
Study Domain
The study domain is the continental United States, including 48 contiguous states and Washington,
D.C (Figure S1-1). The study period is from January 1st, 2000 to December 31st, 2012, a total of
4,749 days.
Monitoring Data
Monitoring data for PM2.5 were collected by EPA Air Quality System (AQS). In total, there were
1,986 monitor stations available in this period and 1,928 of them were located in the study area.
Not every monitoring site has data available throughout the study period. Monitoring sites were
densely distributed along coastal areas and the Eastern part, while there were a few monitors in
the Mountain Region (Figure S1-1). We calibrated our hybrid model to the daily average of
monitored PM2.5.
AOD Data
The Moderate Resolution Imaging Spectroradiometer (MODIS) is an instrument aboard the Earth
Observing System (EOS) satellite.49,50 Several algorithms have been developed to retrieve AOD
data from MODIS measurement,51 including a recent algorithm called MAIAC, which retrieves
AOD with a spatial resolution of 1 km×1 km. 52-54 We used MAIAC AOD data from Aqua satellite
from 2003 to 2012 and Terra satellite from 2001 to 2012. The MAIAC algorithm arranges data at
10

600 km×600 km tile, which includes 360,000 1 km×1 km grid cells. In total 33 tiles and 11,880,000
grid cells were used in this study, which is also the grid cell we made predictions at. Grid cells
over water bodies were excluded from the study.
AOD data has some portion of missing values, especially in the winter. Missing values are caused
by bright surfaces (e.g. snow coverage) and cloud contamination.36 In addition, AOD data may
have abnormally large values due to extreme events like forest fires.37 Usually AOD data with
values above 1.5 are excluded from modeling, which also creates missing values.55 Our previous
study calibrated column aerosol mass from CTM outputs to satellite-based AOD and predicted
AOD values when satellite-based AOD are missing.56 For AOD data used in this study, we filled
in the missing values using this method as preprocessing (Section 3, Supplementary Material).
Surface Reflectance
Surface characteristics and errors in AOD data products have been well documented by previous
studies.57 The MAIAC algorithm was designed to retrieve AOD over various surfaces, but surface
brightness can still affect data quality.54 We used MODIS surface reflectance data (MOD09A1) to
control for that.58 MOD13A1 has a spatial resolution of 500 m×500 m and a temporal resolution
of 8 days. We used surface reflectance from Band 3 and linearly interpolated values for days
without measurements.
Chemical Transport Model Outputs
We used GEOS-Chem, a chemical transport model, to simulate ground-level PM2.5 concentration.
GEOS-Chem is a global 3-dimensional chemical transport model, which uses meteorological
inputs and emission inventories to simulate atmospheric components. The details of GEOS-Chem
is articulated somewhere else.42 We performed a nested grid simulation (Version 9.0.2) for North
11

America at 0.500°×0.667° from 2005 to 2012, with boundary conditions exported from a 2.0°×2.5°
global simulation. Since meteorological inputs at 0.500°×0.667° are not available from 2000 to
2004, we used 2.0°×2.5° outputs instead. Based on previous studies and pilot testing, total PM 2.5
was defined as the sum of nitrate, sulfate, elemental carbon, organic carbon, ammonium, sea salt
aerosol, dust aerosol and others (Table S2).59
In additional to providing ground-level PM2.5 estimation, GEOS-Chem also simulates vertical
distribution of aerosol, which could be used for calibrating AOD. Previous studies used GEOSChem to compute the percentage of ground-level aerosol in the total column aerosol. This
percentage was used in AOD calibration as a scaling factor.29,60 Both studies utilized GEOS-Chem
to provide both direct estimation for ground-level PM2.5 and a scaling factor to calibrate AOD.
Meteorological Data
Meteorological fields were obtained from NCEP North American Regional Reanalysis data, which
assimilates various data sources like land-surface, ship, radiosonde, pibal, aircraft, satellite and
others.61 Meteorological data are daily estimate at 0.3° grid cells (about 32 km). In total 16
meteorological variables were used in this study. They include air temperature, accumulated total
precipitation, downward shortwave radiation flux, accumulated total evaporation, planetary
boundary layer height, low cloud area fraction, precipitable water for the entire atmosphere,
pressure, specific humidity at 2m, visibility, wind speed, medium cloud area fraction, high cloud
area fraction, and albedo. Wind speed was computed as the vector sum of u-wind (east-west
component of the wind) at 10m and v-wind (north-south component) at 10m.
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Aerosol Index Data
Absorbing aerosol index (AAI) indicates the presence of absorbing aerosols in the atmosphere.
Major sources of absorbing aerosol include biomass burning and desert dust; other minor sources
could be volcanic ash.62 AAI is informative for estimating absorbing aerosols, such as organic
carbon and soil dust.63,64 We used AAI Level 3 data products from the Ozone Monitoring
Instrument (OMI), where two algorithms are used in retrieval. One is a near-UV algorithm, which
retrieves UV aerosol index (OMI data product OMAERUVd);62,64 and the other one uses
multiwavelength aerosol algorithm, whose outputs include aerosol indexes at visible and UV range
(OMI data product OMAEROe).65 Both algorithms have pros and cons, which have been discussed
previously.66 Both data products are complementary, and thus we used both. OMI AAI data is
available after October 2004. OMAERUVd data product has a spatial resolution of 1°; OMAEROe
data product has a spatial resolution of 0.25°.
Land-use terms
Land-use terms serve as proxies for emissions and are used to capture variations at a small a spatial
scale, which may not modeled by GEOS-Chem. The detailed process of obtaining land-terms like
elevation, road density, NEI (National Emissions Inventory) emission inventory, population
density, percentage of urban, and NDVI has been reported somewhere else.67 For vegetation
coverage, we used percentage of vegetation from NCEP North American Regional Reanalysis data
and MODIS MOD13A2, a NDVI data product.68 MOD13A2 has a spatial resolution of 1 km×1
km and a temporal resolution of 16 days. We linearly interpolated NDVI values for days without
measurements.
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Regional and Monthly Dummy
Previous studies found the relationship between AOD and PM2.5 have regional and daily variation
due to the difference in meteorology and aerosol composition.38,69 Atmospheric mechanism is
complex, and relationships between other variables could also differ temporally and spatially. To
account for that, we used monthly and regional dummy variables. Regional dummy variable comes
from major climate types in the United States (Figure S1-3).70 Since the AOD-PM2.5 relationship
can change from day to day, daily dummy variables would be ideal. However, training a neural
network with 365 indicator variables in addition to the other variables would be computationally
intensive, and we used monthly dummy variables as a compromise.
Methods
We trained a neural network with the above variables to PM2.5 monitoring data from the AQS
network. The relationships between input variables and PM2.5 could be highly nonlinear with
complex interactions. Neural networks have the potential to model any type of nonlinearity.71,72
The details of the neural network, such as its structure and training method were articulated in the
supplementary material. All input variables covered the entire study area, but some of them were
not available in early years or had higher proportions of missing values. Missing values were
especially common in Terra and Aqua AOD data. To deal with the missing values problem and
different temporal coverages, we adopted the following steps. We used a calibration method to fill
in the missing values in Aqua AOD data from 2003 to 2012 and Terra AOD data from 2001 to
2012 based on the association of GEOS-Chem outputs and land-use terms with non-missing
AOD.56 For the other variables with a low fraction of missing values, we interpolated at grid cells
with missing values. Regarding temporal coverage, GEOS-Chem outputs, land-use terms, MODIS
outputs, and meteorological variables were available throughout the study period. OMI data, Aqua
14

AOD, and Terra AOD were unavailable in earlier years. For years with one or more unavailable
variables, we fitted the model with the remaining available variables.
Most previous studies used only in situ variables for modeling. However, information from a
neighboring cell can be informative as well. For example, nearby road density, forest coverage and
other land-use variables as well as nearby PM2.5 measurements either influence or correlate with
local PM2.5 measurements. They are informative for modeling and can improve model
performance. We accounted for spatial correlation by using convolutional layers in the neural
network.73 A convolutional layer is computed by applying a convolution kernel on an input layer.
Values from neighboring cells are combined through the use of the kernel function. The kernel
takes the form a function (e.g. weighted average with Gaussian weights based on distance) that
produces a scalar estimate from the multidimensional inputs. A convolution layer aggregates
nearby information and can simulate some form of autocorrelation. We included convolutional
layers for land-use terms and nearby PM2.5 measurements as additional predictor variables to
account for spatial autocorrelation. Multiple convolution layers were incorporated to allow the
neural network to model even more complex autocorrelation or possible interaction with other
variables (Supplementary material). In addition to nearby grid cells, observations from nearby days
for the same grid cell can be also informative. To incorporate this, we first fitted a neural network
and obtained an initial prediction for PM2.5. We then computed temporal convolution layers and
fitted the neural network again with them (Figure S1-5).
To validate model results and avoid overfitting, we used 10-fold cross-validation, in which all
monitoring sites were randomly divided into 10%-90% splits. The model was trained with 90% of
data and predicted PM2.5 at the remaining 10%. The same process was repeated for other splits.
Assembling predicted PM2.5 at ten 10% testing sets yielded predicted PM2.5 for all the monitors.
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We computed correlation between predicted PM2.5 and monitored PM2.5. Spatial and temporal R2s
were also calculated. Details of calculating R2 have been specified in the supplementary material.
The trained neural network was then used to make daily PM2.5 predictions for each grid cell (1
km×1 km) for each day.
All programming was implemented in Matlab (version 2014a, The MathWorks, Inc.).
Results
To determine input variables, we compared models with different combinations of input variables
based on cross-validated total R2. Model comparison indicated that (1) a hybrid model performed
better than any subset models (Figure S1-6); (2) scaling factor was better to be incorporated as a
separate input layer (Figure S1-7); (3) convolutional layers for land-use variables and predicted
PM2.5 both improved model performance (Figure S1-6 and Figure S1-8). Hence, input variables
for the final model were GEOS-Chem outputs, Aqua and Terra AOD, scaling factor, OMI AAIs,
meteorological variables, NDVI, surface reflectance, land-use terms, convolutional layers, and
regional/monthly dummy variables.
Table 1-1 presents model performance after conducting 10-fold cross-validation. Total R2 between

fitted and monitored PM2.5 ranged from 0.74 to 0.88 and spatial R2 was from 0.78 to 0.88. By
season, the model usually performed better in summer, followed by autumn, spring, and winter
(Table S3). By region, regions in the Eastern United States had the best model performance,
followed by the Central United States. The Pacific and Mountain regions had a less satisfying
model performance. We also found R2 remained high before 2008 and dropped after 2010 for subregions and the whole study area (Table S4). We will discuss possible reasons later. Region name
and division are from U.S. census division (Table S1, Figure S1-2). In terms of spatial pattern, we
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found an east-west gradient with model performing better in the Eastern and Central United States
but less satisfying in the western coast and the Mountain Region (Figure 1-1). Besides, some areas
in the Mountain Region (e.g. Great Basin and Colorado Plateau) with large variability in elevation
and surface type have relative low R2 all the year round. Even in the Eastern United States, where
model performance is high in general, areas along Appalachian Mountains and around Ozark
Plateau have less satisfying model performance.
Figure 1-2 shows the spatial distribution of total PM2.5 in the study area. The Eastern United States
generally had higher PM2.5 levels than the Western part. The area around Illinois and Ohio, areas
around New York City and Philadelphia, and parts of the Southeastern United States witnessed
the heaviest PM2.5 pollutions in the study area, especially in summer. The San Joaquin Valley, Salt
Lake City, and Denver stood out in the Western United States for their high PM 2.5 levels.
Regarding the temporal trend, the national average dropped from 9.2 µg/m3 in 2003 to 7.5 µg/m3
2012 (Figure 1-3). By regions, the declining trend was predominantly in the Eastern United States,
with largest reduction occurring in East South Central Region (5.8 µg/m3).
One additional way to validate our exposure estimates is to see if they can reproduce the spatial
autocorrelation in PM2.5 concentrations. To do this, we calculated the correlation among all pairs
of PM2.5 monitors in the EPA network, and plotted them as a function of distance. We compared
that to the same plot, but using our predicted PM2.5 concentrations instead (Figure 1-4). The results
show essential identical trends and substantial overlap between the correlations of actual vs
modeled PM2.5 with distance.
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Slope

Bias

RMSE

Temporal R2

RMSE

Spatial R2

RMSE

Total R2

Year

Table 1-1 Cross-validated R2 for the Whole Study Area

2000

0.86

3.35

0.85

1.52

0.85

3.07

0.22

1.01

2001

0.84

3.58

0.86

1.40

0.83

3.35

0.22

1.01

2002

0.88

2.99

0.88

1.24

0.88

2.75

0.25

1.00

2003

0.88

2.80

0.87

1.21

0.88

2.57

0.23

1.00

2004

0.88

2.69

0.79

1.50

0.88

2.45

0.22

1.00

2005

0.88

2.94

0.84

1.45

0.89

2.66

0.27

1.00

2006

0.86

2.77

0.80

1.34

0.86

2.50

0.25

1.00

2007

0.87

2.95

0.83

1.31

0.87

2.72

0.21

1.00

2008

0.85

2.64

0.79

1.26

0.86

2.40

0.19

1.00

2009

0.82

2.73

0.81

1.09

0.82

2.54

0.21

1.00

2010

0.81

2.85

0.84

1.21

0.81

2.60

0.51

0.98

2011

0.81

2.83

0.81

1.11

0.81

2.60

0.38

0.99

2012

0.74

3.15

0.78

1.16

0.74

2.92

0.32

1.00

Mean

0.84

2.94

0.83

1.29

0.84

2.70

0.27

1.00
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Figure 1-1. Model Performance in the Continental United States

We calculated total R2 between monitored and predicted PM2.5 for each monitoring site and
interpolated R2 to places without monitors using Kriging interpolation. Spring was defined as
March to May; summer was defined as June to August; autumn was defined as September to
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November; winter was from December to February of the next year (same below). The red color
stands for high R2, and the blue color stands for low R2.
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Figure 1-2. Spatial Distribution of Predicted PM2.5

Trained neural network predicted daily total PM2.5 concentration at 1 km×1 km grid cell in the
study area. The red color stands for high concentrations, and the blue color stands for low
concentrations.
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Figure 1-3. Annual Means by Month of Year and By Region

Annual averages were computed by averaging all predicted PM2.5 values at 1 km×1 km grid cells
in that region or in that month.
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Figure 1-4. Relationship between Correlation and Distance between any Two Monitor Sites

For 1,928 monitoring sites in the study area, we computed the correlation of PM2.5 measurements
and distance (in degree) between any two monitoring site pairs and plotted the between-site
correlation versus between-site distance (red dots). We repeated the same process for predicted
PM2.5 and plotted the correlation of predicted PM2.5 and monitored PM2.5 between two site pairs
versus distance (blue dots). This figure is for year 2012.
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Discussion
Our hybrid model incorporated existing PM2.5 models as well as multiple variables and achieved
high out-of-sample R2, averaging 0.84 (0.74~0.88 by year) over the study period. The model
performed better in some eastern regions, with an average out of sample R2 of 0.86~0.89 by region.
To our best knowledge, our model performance surpasses existing similar studies. Meanwhile, we
predicted PM2.5 daily concentrations at nationwide 1 km×1 km grid cells from 2000 to 2012. As
discussed below, this level of resolution and coverage is an improvement over current PM2.5
models and could be beneficial to epidemiological studies. Epidemiologists could identify longterm and short-term exposure of PM2.5 in the whole continental United States at individual level,
which helps study adverse health effect of PM2.5 with higher accuracy.
There are several advantages and innovations in our approach. First of all, our model covered the
whole United States with a spatial resolution of 1 km×1 km and a temporal resolution of 1 day and
achieved high R2. As far as we know, if taking coverage, resolution and model performance into
consideration, our model performs better than existing models. As mentioned in the Introduction,
most PM2.5 modeling work that used AOD data focused on the AOD-PM2.5 relationship, instead
of making predictions. For studies with a similar research goal as ours, some of them have done
AOD calibration at global scale, but their estimation was long-term average29 or annual average,
with some degree of bias (slope=0.68) and modest R2 (R2=0.65).47 A previous study calibrated
AOD to daily monitored PM2.5 in the Northeastern United States using a mixed model and
achieved R2 around 0.725~0.904.31 A similar study used the similar method for the Southeastern
United States and achieved R2 around 0.63 to 0.85.32 Compared with both regional models, our
hybrid nationwide model performs slightly better in the Northeastern United States and much
better in the Southeastern United States (Table S1-6). One reason is that aerosol formation in the
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Southeastern United States is affected by biogenic isoprene emission from trees;74 while isoprene
emission from trees in the Northeastern United States is less of a concern. Secondary organic
aerosol that results from isoprene has different absorption than other PM2.5 components,75 which
is not well captured by AOD. AAI provides some information about absorption profile, which
helps our hybrid model perform much better in the Southeast and almost the same or a little better
in the Northeast.
Second, our hybrid model integrated most variables that are known to be informative to PM2.5
modeling and improved model performance. This study reminds the importance of hybrid
framework and also proposes a possible neural network-based approach to implement that.
Atmospheric mechanism is complex, and a single variable can only capture an incomplete picture.
For example, AOD measures the light extinction due to aerosol in the whole atmosphere column.
Different aerosols vary in terms of aerosol absorption, which can affect AOD. More complexly,
even the same aerosol type could have various absorptions under different meteorological
conditions and emission features.39 This discovery suggests that when modeling PM2.5 with AOD
data, AAI (proxy for aerosol type), meteorological fields, and emission profiles are also necessary.
There could be many unknown mechanisms intertwining with other variables. Multiple variables
are not redundant but complementary, which can recover the original picture of atmospheric
process and improve model performance to the best.
Third, we used a convolutional layer in the neural network for PM2.5 modeling, which is an
innovation of our study. Primarily used in computer science, a convolutional kernel is placed over
nearby pixels to produce a convolutional layer. Similarly, we used convolutional layers in exposure
assessment to aggregate variable values from nearby grid cells or monitoring sites. Previous
studies incorporated nearby information by using nearby monitoring measurements, nearby road
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density, or others, which were all prespecified. Our hybrid model takes multiple convolutional
layers, which stand for various ways of aggregating nearby information, and lets learning
algorithm decide their relative importance in the model. This approach is versatile and is able to
model different neighboring influences, as well as potential interactions with other variables.
Last but not least, we used AOD data with missing values been filled by some calibration model.
No further processing is required to deal with missing AOD data, which could have been lengthy
and cumbersome in previous studies.
For the east-west gradient in model performance (Figure 1-1), previous studies also reported that
correlation between MODIS AOD and ground-measured PM2.5 is better in the eastern part but poor
in the western part, and they attributed poor model performance to relative low PM2.5 level and
variability of terrain.31,41 This study lends support to both statements. We quantified the
relationship between model performance and elevation at each monitoring site and found a
negative correlation despite of much noise (Figure S10). Similarly, a positive association exists
between PM2.5 level and model performance (Figure S10), which implies that the drop of model
performance after 2010 is probably caused by substantive reduction in PM2.5 level after 2010. This
is also the reason why the Mountain region, with low PM2.5 level, has poor model performance. A
lower level of PM2.5 means a lower signal-to-noise ratio, and model performance drops as model
uncertainty keeps constant. Besides, the reduction of sulfate is mainly responsible for decreasing
the PM2.5 level. Sulfate is better modeled in GEOS-Chem than other major components like nitrate
and ammonium,76 so dropping sulfate causes unsatisfying model performance. For the same
reason, we saw a less satisfying model performance in California despite its high PM 2.5 level, for
the reason that California has a high amount of nitrate originated from vehicle exhaust compared
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with the Eastern United States. This argument suggests that it would be informative to include
sulfate in PM2.5 modeling work in the future.
Our model performance is still good even at low PM2.5 levels. To prove that, we fitted a spline
regression of prediction PM2.5 to measured PM2.5. Linearity between measured and predicted PM2.5
holds when PM2.5 level is below 70 µg/m3 and become less obvious above 80 µg/m3 due to
insufficient measurements (Figure 1-5). Bias at high concentration is less of our concern, since
there are few days with the PM2.5 level above 80 µg/m3 in the study area. If constraining to
monitored PM2.5 below 35 µg/m3, the EPA daily standard for PM2.5, our hybrid model performed
even better. Mean R2 increased to 0.85; slope is close 1; and intercept is close to 0 (Table S1-5).
Good model performance at low PM2.5 concentrations enables epidemiologists to estimate the
adverse effect of PM2.5 even below EPA daily standard.
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Figure 1-5. Relationship between Measured PM2.5 and Predicted PM2.5

We fit a penalized spline between measured PM2.5 and predicted PM2.5 without specifying degree
of freedom. This figure is for year 2009.
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Figure 1-2 visualizes the spatial distribution of annual and seasonal average of PM2.5. There is also
an east-west gradient of the PM2.5 level. The Eastern and Central United States suffered relatively
heavy PM2.5 pollutions, except for the Appalachian Mountains, the Florida Peninsula, and some
remote areas in the Northeast. The Southeastern United States, especially Alabama and Georgia,
witnessed a high PM2.5 level in summer and less noticeably in spring and autumn, which results
from isoprene emission from trees. Isoprene emission from trees increases with temperature74,77
and peaks in hot summer.78 The Western United States had relatively low PM2.5 levels, but the
San Joaquin Valley, Salt Lake City, and Denver stood out for their abnormally high PM 2.5 level,
which was also featured by clear seasonality and a high PM2.5 level in winter. This is caused by
temperature inversion in winter which prevents atmospheric convection and trapped air pollution
near the surface. For temporal trend, the Eastern and Central United States witnessed a decreasing
trend in the PM2.5 level (Figure 1-3), which is caused by the reduction of sulfur dioxide from power
plant emission. For seasonal cycle, PM2.5 level peaks in summer in the Eastern and Central United
States due to long-term transported sulfate from power plants and isoprene-related organic carbon.
The winter peaks are probably caused by increased fuel burning for heat and local temperature
inversion that prevents pollution dispersion.
Exposure assessments are essential for epidemiological studies. The traditional method of
exposure assessment relies on nearest monitors, which constraints the number of available
participants and introduces measurement errors. Besides, monitoring data from some monitors are
intermittent. Our PM2.5 predictions have temporal resolution of 1 day and spatial resolution of 1
km×1 km, which lifts the above limitations. Besides, our hybrid model performs still well at low
concentrations. Linearity between predicted and monitored PM2.5 still holds at low concentrations,
without any signal of bias (Figure 1-5). Cross-validated R2 indicates a good fit when daily PM2.5
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level is below 35 µg/m3 (Table S1-5), which enable epidemiologists to assess the adverse effect of
PM2.5 even below the EPA standard. In the long term, there is little discrepancy between long-term
averages of predicted and monitored PM2.5, with difference below 1 µg/m3 (Figure S1-9).
Some limitations remain. Our model requires quite a lot of variables, which limits the application
in other countries. This data-intensive approach could be difficulty in other regions where public
data is sparse. For regions with less data available, we might have to make a tradeoff between
model performance and resolution. For example, instead of daily prediction PM2.5 at 1 km×1 km,
we may model annual average of PM2.5 or at coarse spatial resolution. Besides, the chemical profile
of PM2.5 is not available in this framework. Previous epidemiological studies suggest various
toxicities of PM2.5 chemical components,79,80 which is worthy of further investigation.
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Maps of the study area, details on US census division, details on GEOS-Chem, details on
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comparison, cross-validated R2 by region and by season, and model performance at low
concentrations.
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Supplementary Material
1. Study Area and Sub-regions
Figure S1-1 displays the continental United States and PM2.5 monitoring site. The whole study
area was divided into sub-region to calculate regional model. Sub-region was defined by US
Census Division (Figure S1-2). States in each region are presented in Table S1-1.
2. GEOS-Chem Outputs
GEOS-Chem simulates different chemical components of PM2.5 rather than the total mass.
Previous studies and GEOS-Chem manual have proposed several combinations of output fields
to simulate PM2.5.1,2 By referring to previous studies and doing testing, we decided PM2.5 to be
the sum of the output fields specified in Table S1-2. Logically, some of the output fields (e.g.
PAN, PMN, PPM, and R4N2) are not components of PM2.5 and should be excluded from
estimating PM2.5; but practically we found that including them improved correlation. Since our
task is achieving better model performance, we finally decided to include those output fields in
estimating PM2.5.
3. Filling in Missing AOD Values
Missing values in AOD was filled in by calibrating column aerosol mass from GEOS-Chem to
satellite-based AOD using a neural network. We used meteorological variables, land-use terms
and absorbing aerosol index as additional input layers of the neural network. The calibration
work was done at daily basis. Since all input variables have no or almost no missing values, we
can use the trained neural network to predict AOD for the whole study area, even at place with
missing AOD values. Details of this work were specified somewhere else.3
4. Regional Dummy Variable
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The process of creating regional dummy variables from major climate types is displayed in
Figure S1-3. Data on climate types were obtained from somewhere else.4
5. Convolution Layers
A convolutional layer is computed by taking a convolutional kernel on an input layer over the
entire area. The convolutional kernel function has constant parameters and can take many forms,
such as mean, median or weighted averages. In a convolution layer, to obtain value of each cell,
a kernel function is applied to neighboring cells and produces a scalar summary. Applying
different kernel functions yields different convolutional layers.
Assuming we need to compute a convolutional layer for population density at monitoring sites.
We chose the kernel function to be weighted average with weight proportional to the inverse of
distance. For every site, we took distance-inversed weighted average of nearby population
density. That is, for any monitor k, we have:

𝑌𝑘 =

∑𝑛𝑖=1 𝑤𝑖𝑘 𝑦𝑖
∑𝑛𝑖=1 𝑤𝑖𝑘

where 𝑌𝑘 is the value of the convolutional layer at monitor k, 𝑦𝑖 is population density at grid cell
2
i; 𝑤𝑖𝑘 ∝ 1/𝑑𝑖𝑘
; 𝑑𝑖𝑘 is the distance between grid cell i and monitoring site k.

3
By changing other form of convolutional kernels, such as 𝑤𝑖𝑘 ∝ 1/𝑑𝑖𝑘
, 𝑤𝑖𝑘 ∝ 1/𝑑𝑖𝑘 , we could

obtain other convolutional layers.
The above example computes a convolutional layer over spatial neighborhood. It is also possible
to have a convolutional layer over nearby days. For instance, a temporal convolutional layer
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takes moving average of predicted PM2.5 over the nearest D days. The weight on each day is
proportional to the day difference:
∑𝐷
𝑖=−𝐷 𝑤𝑖 𝑦𝑘
𝑌𝑘 = 𝐷
∑𝑖=−𝐷 𝑤𝑖
A convolutional layer is some form of aggregation of neighboring information for a variable.
Different convolutional layers capture different levels of aggregation. Aggregation of nearby
information makes it possible to capture autocorrelation. Multiple convolutional layers were put
into a neural network as separate input layers. The neural network adjusts weights on each
convolutional layer in learning process, in which various combinations of convolutional layers
are explored until the optimized one is found. Combination of convolutional layers can simulate
complex autocorrelation and possible interaction with other variables. More introductions about
convolutional layers were specified somewhere else.5
6. Neural Network
Figure S1-4 presents the conceptual model of a neural network, in which interconnected
“neurons” approximate some function. Input layer, hidden layer, and output layer all consist of
neurons. Each neuron in the input layer represents one predictor, which could be AOD, OMI
AAI, one land-use term, and others; neuron in the output layer represents predicted PM2.5, which
is trained to PM2.5 monitoring data from AQS. Neural network works in the following way: each
neuron takes weighted average from neurons in the previous layer and transforms the average by
some nonlinear function (e.g. log-sigmoid or hyperbolic tangent sigmoid function). Nonlinear
function accounts for possible interactions and nonlinearities. The same process applies to the
neurons in the next layer until it reaches to the output layer. Initial weight for each neuron is
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randomly assigned and updated in learning process. In the learning process, a learning algorithm
updates weights based on some rule to minimize the difference between output and target value.
In this study, we used Levenberg-Marquardt optimization algorithm.6 More hidden layers result
in better capacity to model nonlinearity but more computation time. One hidden layer was
suggest to avoid overfitting.7 Our study involves complex and nonlinear atmospheric process.
We used two hidden layer to have a compromise between model fit and computation time.
Previous study suggested the number of neurons to be in the range of (2√𝑛 + 𝑢~2𝑛 + 1), in
which n is number of input variables and u is the number of output variables.8 We put 15 neurons
in each hidden layer. To improve efficiency, we normalized input variables within the range of (1, 1) as preprocessing.
Convolutional layers were incorporated into a neural network just as ordinary input layers. Some
convolutional layers are for predicted PM2.5, which requires us to fit a neural network in two
stages. First, we fitted a neural network with AOD, OMI AAI, CTM outputs, PM2.5 vertical
profile, meteorological variables, land-use terms and their convolutional layers, convolutional
layers for nearby PM2.5 measurements, NDVI, surface reflectance, monthly/regional dummy
variables. The target variable was AQS monitored PM2.5. After training, we obtained
intermediated PM2.5 prediction from the neural network and computed both temporal and spatial
convolutional layers for predicted PM2.5. We fitted the neural network again with above variables
and convolutional layers for predicted PM2.5. The neural network yielded predicted PM2.5 with
better model performance, which is the final predicted PM2.5. Correspondingly, we predicted
PM2.5 at 1 km×1 km grid cells in a two-stage way. The two-stage modeling approach is displayed
in Figure S1-5.
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7. Calculation R2
We used total R2, spatial R2 and temporal R2 to quantify model performance. R2s between crossvalidated predicted PM2.5 and monitored PM2.5 were calculated based on description specified
somewhere else.9 We fitted a regression of predicted PM2.5 on monitored PM2.5 and calculated R2
for this regression model, which was total R2. We fitted a regression of annual mean of predicted
PM2.5 on annual mean of monitored PM2.5 and calculated R2 for this regression model, which
was spatial R2. We fitted a regression of Delta Predicted on Delta Monitored and computed R2
for this model, which was temporal R2. Delta Predicted was the difference between predicted
PM2.5 and annual mean of predicted PM2.5 at that location; Delta Monitor was defined in a
similar way, the difference between monitored PM2.5 and annual mean of monitored PM2.5 at that
location.
If restricting monitoring records to a time period, to a certain geographic area, or below certain
concentrations, we can compute R2 by season (Table S1-3), by region (Table S1-4) or at low
concentrations (Table S1-5).
8. Model Comparison
a.

Hybrid model

Model with full set of variables performed better than models with the subset. To illustrate that,
for each year, we fitted a model with GEOS-Chem, meteorological variables, and land-use terms
as input variables. This was the benchmark model. We fitted the following three hybrid models
by adding the following variables to the benchmark model: (1) convolution terms of land-use
variables (Hybrid Model 1); (2) convolution terms of land-use variables, Aqua-AOD, and OMI
AAI (Hybrid Model 2); (3) convolution terms of land-use variables, Aqua-AOD, Terra-AOD and
OMI AAI to the benchmark model (Hybrid Model 3). Compared with the Hybrid Model 3, the
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first two hybrid models were subset models. We calculated the cross-validated total R2. Figure
S1-6 visualizes the improvement of model performance and indicates those improvements are of
statistical significance. Hybrid Model 3, the one with full list of variables, improved the model
performance more than models with subsets of variables. Cross-validated total R2 were reported
to eliminate overfitting.
b.

Scaling factor

Previous study used GEOS-Chem output to calculate the percentage of ground aerosol
concentration in total column concentration as scaling factor and multiplied AOD by this scaling
factor for calibration.10 We argue that the potential relationship between AOD and a scaling
factor can be rather complex. We put the scaling factor input into neural network as a separate
layer and let the neural network simulate possible complex relationships. To justify which
approach is superior, we first fitted a benchmark model with Aqua/Terra-AOD, meteorological
variables and land-use terms for each year. Then we included scaling factor either by multiplying
with AOD (denoted as Model 1) or as a separate input layer (denoted as Model 2) and calculated
the cross-validated total R2s. Figure S1-7 indicates that including scaling factor as a separate
layer significantly improves model fit even more.
c.

Convolutional Layers

Convolutional layers account for temporal and spatial autocorrelation and improve model fit. To
demonstrate that, we fitted a benchmark model with GEOS-Chem outputs, AOD, OMI AAI,
meteorological variables and land-use terms. On the basis of that, we added either convolutional
layers of nearby monitored PM2.5 and improved model with statistical significance. If further
adding convolution terms of nearby predicted PM2.5, model fit can improve again with statistical
significance (Figure S1-8).
47

9. Model Diagnosis
We evaluated the model performance at low concentrations (daily average<35 µg/m3). Table
S1-5 presents the cross-validated results when monitored PM2.5 below 35 µg/m3. Compared with
Table 1-1, there was a slight increase in R2 and mean annual R2 increased 0.01 to 0.85, which
indicates good model performance at low concentrations at well. Figure S1-9 visualizes the
difference between long-term average of predicted PM2.5 and monitored PM2.5. The difference is
within ±1 µg/m3 for most areas of the United States. Marine, Colorado, and Wisconsin witnessed
slight overestimation of long-term averaged PM2.5 (<1 µg/m3); while Montana has slight
underestimation.
Besides, we also investigated the association between model performance with elevation and
average PM2.5 level (Figure S1-10). We computed the overall model performance from
2000~2012 for each site and its correlation with in situ elevation and average PM2.5 in the same
period. There is a negative correlation between model performance and elevation, with R2 = 0.2470 and p-value<0.0001. Average PM2.5 positively associates with model performance, with
R2 = 0.2697 and p-value<0.0001.
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Table S1-1. Census Bureau Division

Division

Name

States

Division 1

New England

Division 2

Middle Atlantic

New Jersey, New York, Pennsylvania

Division 3

East North Central

Indiana, Illinois, Michigan, Ohio, Wisconsin

Division 4

West North Central

Connecticut, Maine, Massachusetts, New
Hampshire, Rhode Island, Vermont

Iowa, Nebraska, Kansas, North Dakota, Minnesota,
South Dakota, Missouri
Delaware, District of Columbia, Florida, Georgia,

Division 5

South Atlantic

Maryland, North Carolina, South Carolina, Virginia,
West Virginia

Division 6

East South Central

Alabama, Kentucky, Mississippi, Tennessee

Division 7

West South Central

Arkansas, Louisiana, Oklahoma, Texas

Division 8

Mountain

Division 9

Pacific

Arizona, Colorado, Idaho, New Mexico, Montana,
Utah, Nevada, Wyoming
Alaska, California, Hawaii, Oregon, Washington

Note: contents are based on http://www2.census.gov/geo/pdfs/maps-data/maps
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Table S1-2. GEOS-Chem Outputs Used to Calculate Total PM2.5

Name

Full Name

g/mol

PAN

Peroxyacetyl Nitrate

121

PMN

Peroxymethacroyl Nitrate

147

PPN

Lumped Peroxypropionyl Nitrate

135

R4N2

Lumped Alkyl Nitrate

119

SO4

Sulfate

96

SO4s

Sulfate on surface of sea-salt aerosol

96

NH4

Ammonium

18

NIT

Inorganic nitrates

62

NITs

Inorganic nitrates on surface of sea-salt aerosol

62

BCPI

Hydrophilic black carbon aerosol

12

OCPI

Hydrophilic organic carbon aerosol

12

BCPO

Hydrophobic black carbon aerosol

12

OCPO

Hydrophobic organic carbon aerosol

12

DST1

Dust aerosol, Reff = 0.7 microns

29

DST2

Dust aerosol, Reff = 1.4 microns

29

DST3

Dust aerosol, Reff = 2.4 microns

29

SALA

Accumulation mode sea salt aerosol (Reff = 0.01 –

31.4

0.5 microns)
BrNO3

Bromine nitrate

142

MPN

Methyl peroxy nitrate

93

ISOPN

Isoprene nitrate

147

PROPNN Propanone nitrate

109

MMN

149

Nitrate from MACR + MVK
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Year

Spring R2

RMSE

Summer R2

RMSE

Autumn R2

RMSE

Winter R2

RMSE

Annual R2

RMSE

Table S1-3. Cross-validated R2 for Seasons

2000

0.85

2.60

0.89

2.81

0.88

3.48

0.79

4.62

0.86

3.35

2001

0.85

2.85

0.92

2.70

0.78

4.25

0.82

3.48

0.84

3.58

2002

0.87

2.12

0.90

3.22

0.89

2.79

0.83

3.50

0.88

2.99

2003

0.89

2.34

0.92

2.54

0.87

2.89

0.82

3.50

0.88

2.80

2004

0.87

2.30

0.93

2.18

0.89

2.64

0.83

3.48

0.88

2.69

2005

0.87

2.34

0.92

2.58

0.89

2.88

0.81

3.47

0.88

2.94

2006

0.88

2.17

0.91

2.46

0.86

2.58

0.80

3.72

0.86

2.77

2007

0.86

2.87

0.89

2.79

0.86

2.83

0.83

3.24

0.87

2.95

2008

0.83

2.13

0.88

2.68

0.85

2.54

0.80

3.45

0.85

2.64

2009

0.85

1.96

0.87

1.92

0.78

2.89

0.81

3.52

0.82

2.73

2010

0.80

2.60

0.83

2.50

0.78

2.72

0.80

3.53

0.81

2.85

2011

0.81

2.24

0.84

2.59

0.79

2.56

0.77

3.65

0.81

2.83

2012

0.72

2.60

0.72

2.93

0.75

3.70

0.74

3.29

0.74

3.15

Mean

0.84

2.39

0.88

2.61

0.84

2.98

0.80

3.57

0.84

2.94
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Year

New England

Middle Atlantic

East North Central

West North Central

South Atlantic

East South Central

West South Central

Mountain

Pacific

National

Table S1-4. Cross-validated R2 for Sub-regions

2000

0.82

0.87

0.89

0.88

0.85

0.83

0.86

0.75

0.84

0.86

2001

0.87

0.89

0.91

0.57

0.86

0.87

0.86

0.79

0.83

0.84

2002

0.90

0.91

0.92

0.92

0.90

0.88

0.87

0.79

0.82

0.88

2003

0.89

0.89

0.92

0.91

0.91

0.88

0.81

0.73

0.84

0.88

2004

0.90

0.90

0.92

0.91

0.91

0.85

0.88

0.80

0.83

0.88

2005

0.89

0.88

0.93

0.92

0.90

0.88

0.87

0.75

0.83

0.88

2006

0.92

0.89

0.90

0.88

0.90

0.88

0.78

0.69

0.79

0.86

2007

0.91

0.89

0.90

0.91

0.87

0.88

0.83

0.78

0.83

0.87

2008

0.88

0.88

0.89

0.90

0.87

0.87

0.83

0.75

0.80

0.85

2009

0.86

0.82

0.89

0.78

0.82

0.85

0.83

0.78

0.79

0.82

2010

0.88

0.83

0.87

0.85

0.81

0.80

0.77

0.76

0.70

0.81

2011

0.82

0.79

0.85

0.86

0.84

0.86

0.76

0.76

0.78

0.81

2012

0.78

0.75

0.80

0.79

0.78

0.81

0.73

0.70

0.71

0.74

Mean

0.87

0.86

0.89

0.85

0.86

0.86

0.82

0.76

0.80

0.84
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Year

Total R2

MSE

Spatial R2

MSE

Temporal R2

MSE

Bias

Slope

Table S1-5. Cross-validated R2 for PM2.5<35 µg/m3

2000

0.86

2.71

0.85

1.30

0.85

2.44

0.69

0.96

2001

0.87

2.59

0.87

1.17

0.86

2.37

0.66

0.96

2002

0.87

2.43

0.86

1.12

0.87

2.21

0.66

0.95

2003

0.87

2.36

0.86

1.12

0.88

2.14

0.58

0.96

2004

0.88

2.28

0.81

1.27

0.89

2.05

0.50

0.97

2005

0.88

2.49

0.83

1.32

0.88

2.23

0.56

0.97

2006

0.87

2.38

0.82

1.21

0.87

2.13

0.49

0.97

2007

0.87

2.44

0.84

1.16

0.87

2.21

0.57

0.96

2008

0.86

2.24

0.78

1.16

0.87

2.01

0.44

0.97

2009

0.84

2.22

0.81

1.01

0.84

2.04

0.42

0.97

2010

0.82

2.53

0.82

1.13

0.82

2.27

0.62

0.96

2011

0.82

2.50

0.81

1.06

0.82

2.27

0.61

0.96

2012

0.76

2.56

0.74

1.08

0.76

2.33

0.64

0.96

Mean

0.85

2.44

0.82

1.16

0.85

2.21

0.57

0.96
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Table S1-6. Model Performance Compared with Existing Regional Studies

Northeastern

Hybrid

Existing

Existing Southeastern Hybrid

Existing

United States

Model

Study a

Study b

Model

Study c

United
States

2000

0.82

0.73

2000

0.85

N/A

2001

0.87

0.84

2001

0.86

N/A

2002

0.90

0.85

2002

0.90

N/A

2003

0.89

0.85

0.89

2003

0.91

0.72~0.83

2004

0.90

0.85

0.89

2004

0.91

0.74~0.80

2005

0.89

0.84

0.88

2005

0.90

0.75~0.83

2006

0.92

0.86

0.89

2006

0.90

0.74~0.84

2007

0.91

0.90

0.90

2007

0.87

0.70~0.85

2008

0.88

0.81

0.88

2008

0.87

0.69~0.78

2009

0.86

N/A

0.86

2009

0.82

0.66~0.78

2010

0.88

N/A

0.90

2010

0.81

0.65~0.80

2011

0.82

N/A

0.82

2011

0.84

0.63~0.79

2012

0.78

N/A

2012

0.78

N/A

a. Results cited from Table 1, Kloog et al. (2011);9 b. Results cited from Table 1, Kloog et al.
(2014);11 c. Results cited from Table 2, Lee et al. (2015).12
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Figure S1-1. Map of the Study Area with PM2.5 Monitors
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Figure S1-2. U.S. Census Division

Hawaii, Alaska and other overseas territories are not included in the study area and not shown in
the figure.
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Figure S1-3. Regional Dummy from Major Climate Types

The original climate classification is presented in (Figure (a)). We aggregated minor climate
types to five major types: A (equatorial climates), B (arid climates), C (warm temperate
climates), D (snow climates) and E (Polar climates) in (Figure (b)).4 For each major climate type,
we created a regional dummy. Take major climate type C as an example, we assigned regional
dummy to be 1 for all grid cells covered by climate type C (blue areas in Figure (c)) and 0
otherwise (grey areas in Figure (c)). The same also held for climate type D (Figure (d)) and other
types.
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Figure S1-4. Conceptual Model of Neural Model
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Figure S1-5. Flowchart of Two-stage Modeling Approach

Note: We used Input Variables to stand for all input variables, which include AOD, OMI AAI,
CTM outputs, PM2.5 vertical profile, meteorological variables, land-use terms and their
convolutional layers, convolutional layers for nearby PM2.5 measurements, NDVI, surface
reflectance, and monthly/regional dummy variables.
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Figure S1-6. Improvement of Model Fit after Adding Extra Variables

After adding convolution terms of land-use variables to the benchmark model (Hybrid Model 1),
model fit improved (p<0.0001; one-sided paired Wilcoxon signed rank test, the same below). If
further adding Aqua-AOD and OMI AAI (Hybrid Model 2), model fit improved (p=0.0133).
Further adding Terra-AOD also improved model fit (p=0.0054).
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Figure S1-7. Improvement of Model Fit after Adding Scaling Factor

Input layers of benchmark model: AOD, meteorological variables and land-use terms; input
layers of Model 1: AOD*scaling factor, meteorological variables and land-use terms; input
layers of Model 2: AOD, scaling factor, meteorological variables and land-use terms. Y-axis is
the improvement of R2 compared with benchmark model. For Model 1, R2 increased by 0.0034
(p=0.0020, one-sided paired Wilcoxon signed rank test, the same below) and -0.0008 (p=0.6890)
for Aqua and Terra respectively; for Model 2, R2 increased by 0.0139 (p=0.0010) and 0.0149
(p=0.0021) for Aqua and Terra respectively. Model 2 demonstrated further improvement than
Model 1 (p=0.0020 for Aqua and p=0.0002 for Terra).
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Figure S1-8. Improvement of Model Fit after Adding Convolutional Layers

Input layers of benchmark model: GEOS-Chem outputs, Aqua-AOD, Terra-AOD, OMI AAI,
meteorological variables and land-use terms. After adding nearby monitoring data as a
convolutional layer into the model, R2 increased by 0.2043 (p=0.0001). If further adding
convolutional layer of predicted PM2.5, R2 increased by 0.0517 (p=0.0001).
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Figure S1-9. Difference between Predicted Long-Term Average and Monitored Long-Term
Average

Note: We took the difference between long-term average of predicted PM2.5 and long-term
average of monitored PM2.5 (from 2000 to 2012) at each monitoring site and interpolated it to
places without monitors. After visualization, red color means predicted PM2.5>monitored PM2.5
in the long-term (overestimation) and blue color means the opposite. Light yellow indicates
prediction and monitoring values are close. Unit in this map is µg/m3.
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Figure S1-10. Model Performance Versus Elevation and Annual Average PM2.5
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Abstract
Background Studies have shown that long-term exposure to air pollution increases mortality.
However, evidence is limited for air-pollution levels below the most recent National Ambient Air
Quality Standards. Previous studies involved predominantly urban populations and did not have
the statistical power to estimate the health effects in underrepresented groups.
Methods We constructed an open cohort of all Medicare beneficiaries (60,925,443 persons) in the
continental United States from the years 2000 through 2012, with 460,310,521 person-years of
follow-up. Annual averages of fine particulate matter (particles with a mass median aerodynamic
diameter of less than 2.5 μm [PM2.5]) and ozone were estimated according to the ZIP Code of
residence for each enrollee with the use of previously validated prediction models. We estimated
the risk of death associated with exposure to increases of 10 μg per cubic meter for PM2.5 and 10
parts per billion (ppb) for ozone using a two-pollutant Cox proportional hazards model that
controlled for demographic characteristics, Medicaid eligibility, and area-level covariates.
Results Increases of 10 μg per cubic meter in PM2.5 and of 10 ppb in ozone were associated with
increases in all-cause mortality of 7.3% (95% confidence interval [CI], 7.1 to 7.5) and 1.1% (95%
CI, 1.0 to 1.2), respectively. When the analysis was restricted to person-years with exposure to
PM2.5 of less than 12 μg per cubic meter and ozone of less than 50 ppb, the same increases in PM2.5
and ozone were associated with increases in the risk of death of 13.6% (95% CI, 13.1 to 14.1) and
1.0% (95% CI, 0.9 to 1.1), respectively. For PM2.5, the risk of death among men, blacks, and people
with Medicaid eligibility was higher than that in the rest of the population.
Conclusions In the entire Medicare population, there was significant evidence of adverse effects
related to exposure to PM2.5 and ozone at concentrations below current national standards. This
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effect was most pronounced among self-identified racial minorities and people with low income.
(Supported by the Health Effects Institute and others.)
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Introduction
The adverse health effects associated with long-term exposure to air pollution are well
documented.1,2 Studies suggest that fine particles (particles with a mass median aerodynamic
diameter of less than 2.5 μm [PM2.5]) are a public health concern,3 with exposure linked to
decreased life expectancy.4-6 Long-term exposure to ozone has also been associated with reduced
survival in several recent studies, although evidence is sparse.4,7-9
Studies with large cohorts have investigated the relationship between long-term exposures to PM2.5
and ozone and mortality;4,9-13 others have estimated the health effects of fine particles at low
concentrations (e.g., below 12 μg per cubic meter for PM2.5).14-18 However, most of these studies
have included populations whose socioeconomic status is higher than the national average and
who reside in well-monitored urban areas. Consequently, these studies provide limited information
on the health effects of long-term exposure to low levels of air pollution in smaller cities and rural
areas or among minorities or persons with low socioeconomic status.
To address these gaps in knowledge, we conducted a nationwide cohort study involving all
Medicare beneficiaries from 2000 through 2012, a population of 61 million, with 460 million
person-years of follow-up. We used a survival analysis to estimate the risk of death from any cause
associated with long-term exposure (yearly average) to PM2.5 concentrations lower than the current
annual National Ambient Air Quality Standard (NAAQS) of 12 μg per cubic meter and to ozone
concentrations below 50 parts per billion (ppb). Subgroup analyses were conducted to identify
populations with a higher or lower level of pollution-associated risk of death from any cause.
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Method
Mortality Data
We obtained the Medicare beneficiary denominator file from the Centers for Medicare and
Medicaid Services, which contains information on all persons in the United States covered by
Medicare and more than 96% of the population 65 years of age or older. We constructed an open
cohort consisting of all beneficiaries in this age group in the continental United States from 2000
through 2012, with all-cause mortality as the outcome. For each beneficiary, we extracted the date
of death (up to December 31, 2012), age at year of Medicare entry, year of entry, sex, race, ZIP
Code of residence, and Medicaid eligibility (a proxy for low socioeconomic status). Persons who
were alive on January 1 of the year following their enrollment in Medicare were entered into the
open cohort for the survival analysis. Follow-up periods were defined according to calendar years.
Assessment of Exposure to Air Pollution
Ambient levels of ozone and PM2.5 were estimated and validated on the basis of previously
published prediction models.19,20 Briefly, we used an artificial neural network that incorporated
satellite-based measurements, simulation outputs from a chemical transport model, land-use terms,
meteorological data, and other data to predict daily concentrations of PM2.5 and ozone at
unmonitored locations. We fit the neural network with monitoring data from the Environmental
Protection Agency (EPA) Air Quality System (AQS) (in which there are 1928 monitoring stations
for PM2.5 and 1877 monitoring stations for ozone). We then predicted daily PM2.5 and ozone
concentrations for nationwide grids that were 1 km by 1 km. Cross-validation indicated that
predictions were good across the entire study area. The coefficients of determination (R2) for PM2.5
and ozone were 0.83 and 0.80, respectively; the mean square errors between the target and
forecasting values for PM2.5 and ozone were 1.29 μg per cubic meter and 2.91 ppb, respectively.
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Data on daily air temperature and relative humidity were retrieved from North American Regional
Reanalysis with grids that were approximately 32 km by 32 km; data were averaged annually.21
For each calendar year during which a person was at risk of death, we assigned to that person a
value for the annual average PM2.5 concentration, a value for average ozone level during the warm
season (April 1 through September 30), and values for annual average temperature and humidity
according to the ZIP Code of the person’s residence. The warm-season ozone concentration was
used to compare our results with those of previous studies.10 In this study, “ozone concentration”
refers to the average concentration during the warm season, unless specified otherwise.
As part of a sensitivity analysis, we also obtained data on PM2.5 and ozone concentrations from
the EPA AQS and matched that data with each person in our study on the basis of the nearest
monitoring site within a distance of 50 km. (Details are provided in Section 1 in the Supplementary
Appendix, available with the full text of this article at NEJM.org.)
Statistical Analysis
We fit a two-pollutant Cox proportional-hazards model with a generalized estimating equation to
account for the correlation between ZIP Codes.22 In this way, the risk of death from any cause
associated with long-term exposure to PM2.5 was always adjusted for long-term exposure to ozone,
and the risk of death from any cause associated with long-term exposure to ozone was always
adjusted for long-term exposure to PM2.5, unless noted otherwise. We also conducted singlepollutant analyses for comparability. We allowed baseline mortality rates to differ according to
sex, race, Medicaid eligibility, and 5-year categories of age at study entry. To adjust for potential
confounding, we also obtained 15 ZIP-Code or county-level variables from various sources and a
regional dummy variable to account for compositional differences in PM2.5 across the United
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States (Table 2-1, and Section 1 in the Supplementary Appendix). We conducted this same
statistical analysis but restricted it to person-years with PM2.5 exposures lower than 12 μg per cubic
meter and ozone exposures lower than 50 ppb (low-exposure analysis) (Table 2-1, and Section 1
in the Supplementary Appendix).
To identify populations at a higher or lower pollution-associated risk of death from any cause, we
refit the same two-pollutant Cox model for some subgroups (e.g., male vs. female, white vs. black,
and Medicaid eligible vs. Medicaid ineligible). To estimate the concentration-response function of
air pollution and mortality, we fit a log-linear model with a thin-plate spline of both PM2.5 and
ozone and controlled for all the individual and ecologic variables used in our main analysis model
(Section 7 in the Supplementary Appendix). To examine the robustness of our results, we
conducted sensitivity analyses and compared the extent to which estimates of risk changed with
respect to differences in confounding adjustment and estimation approaches (Sections S2 through
S4 in the Supplementary Appendix).
Data on some important individual-level covariates were not available for the Medicare cohort,
including data on smoking status, body mass index (BMI), and income. We obtained data from the
Medicare Current Beneficiary Survey (MCBS), a representative subsample of Medicare enrollees
(133,964 records and 57,154 enrollees for the period 2000 through 2012), with individual-level
data on smoking, BMI, income, and many other variables collected by means of telephone survey.
Using MCBS data, we investigated how the lack of adjustment for these risk factors could have
affected our calculated risk estimates in the Medicare cohort (Section 5 in the Supplementary
Appendix). The computations in this article were run on the Odyssey cluster, which is supported
by the FAS Division of Science, Research Computing Group, and on the Research Computing
Environment, which is supported by the Institute for Quantitative Social Science in the Faculty of
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Arts and Sciences, both at Harvard University. We used R software, version 3.3.2 (R Project for
Statistical Computing), and SAS software, version 9.4 (SAS Institute).
Result
Cohort Analyses
The full cohort included 60,925,443 persons living in 39,716 different ZIP Codes with
460,310,521 person-years of follow-up. The median follow-up was 7 years. The total number of
deaths was 22,567,924. There were 11,908,888 deaths and 247,682,367 person-years of follow-up
when the PM2.5 concentration was below 12 μg per cubic meter and 17,470,128 deaths and
353,831,836 person-years of follow-up when the ozone concentration was below 50 ppb. These
data provided excellent power to estimate the risk of death at air-pollution levels below the current
annual NAAQS for PM2.5 and at low concentrations for ozone (Table 2-1).
Annual average PM2.5 concentrations across the continental United States during the study period
ranged from 6.21 to 15.64 μg per cubic meter (5th and 95th percentiles, respectively), and the
warm-season average ozone concentrations ranged from 36.27 to 55.86 ppb (5th and 95th
percentiles, respectively). The highest PM2.5 concentrations were in California and the eastern and
southeastern United States. The Mountain region and California had the highest ozone
concentrations; the eastern states had lower ozone concentrations (Figure 2-1).
In a two-pollutant analysis, each increase of 10 μg per cubic meter in annual exposure to PM2.5
(estimated independently of ozone) and each increase of 10 ppb in warm-season exposure to ozone
(estimated independently of PM2.5) was associated with an increase in all-cause mortality of 7.3%
(95% confidence interval [CI], 7.1 to 7.5) and 1.1% (95% CI, 1.0 to 1.2), respectively. Estimates
of risk based on predictive, ZIP Code-specific assessments of exposure were slightly higher than
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those provided by the nearest data-monitoring site (Table 2-2). When we restricted the PM2.5 and
ozone analyses to location years with low concentrations, we continued to see significant
associations between exposure and mortality (Table 2-2). Analysis of the MCBS subsample
provided strong evidence that smoking and income are not likely to be confounders because they
do not have a significant association with PM2.5 or ozone (Section 5 in the Supplementary
Appendix).
Subgroup Analyses
Subgroup analyses revealed that men; black, Asian, and Hispanic persons; and persons who were
eligible for Medicaid (i.e., those who had low socioeconomic status) had a higher estimated risk
of death from any cause in association with PM2.5 exposure than the general population. The risk
of death associated with ozone exposure was higher among white, Medicaid-eligible persons and
was significantly below 1 in some racial subgroups (Figure 2-2). Among black persons, the effect
estimate for PM2.5 was three times as high as that for the overall population (Table S2-3). Overall,
the risk of death associated with ozone exposure was smaller and somewhat less robust than that
associated with PM2.5 exposure. We also detected a small but significant interaction between ozone
exposure and PM2.5 exposure (Table S2-8). Our thin-plate-spline fit indicated a relationship
between PM2.5, ozone, and all-cause mortality that was almost linear, with no signal of threshold
down to 5 μg per cubic meter and 30 ppb, respectively (Figure 2-3 and Figure S2-8).
Discussion
This study involving an open cohort of all persons receiving Medicare, including those from small
cities and rural areas, showed that long-term exposures to PM2.5 and ozone were associated with
an increased risk of death, even at levels below the current annual NAAQS for PM2.5. Furthermore,
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the study showed that black men and persons eligible to receive Medicaid had a much higher risk
of death associated with exposure to air pollution than other subgroups. These findings suggest
that lowering the annual NAAQS may produce important public health benefits overall, especially
among self-identified racial minorities and people with low income.
The strengths of this study include the assessment of exposure with high spatial and temporal
resolution, the use of a cohort of almost 61 million Medicare beneficiaries across the entire
continental United States followed for up to 13 consecutive years, and the ability to perform
subgroup analyses of the health effects of air pollution on groups of disadvantaged persons.
However, Medicare claims do not include extensive individual-level data on behavioral risk factors,
such as smoking and income, which could be important confounders. Still, our analysis of the
MCBS subsample (Table S2-6) increased our level of confidence that the inability to adjust for
these individual-level risk factors in the Medicare cohort did not lead to biased results (Section 5
in the Supplementary Appendix). In another study, we analyzed a similar Medicare subsample
with detailed individual-level data on smoking, BMI, and many other potential confounders linked
to Medicare claims.23 In that analysis, we found that for mortality and hospitalization, the risks of
exposure to PM2.5 were not sensitive to the additional control of individual-level variables that
were not available in the whole Medicare population.
We also found that our results were robust when we excluded individual and ecologic covariates
from the main analysis (Figure S2-2 and Table S2-2), when we stratified age at entry into 3-year
and 4-year categories rather than the 5 years used in the main analysis (Figure S2-3), when we
varied the estimation procedure (by means of a generalized estimating equation as opposed to
mixed effects) (Table S2-3 and Table S2-4), and when we used different types of statistical
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software (R, version 3.3.2, vs. SAS, version 9.4). Finally, we found that our results were consistent
with others published in the literature (Section 6 in the Supplementary Appendix).5,17,24-28
There was a significant association between PM2.5 exposure and mortality when the analysis was
restricted to concentrations below 12 μg per cubic meter, with a steeper slope below that level.
This association indicated that the health benefit-per-unit decrease in the concentration of PM2.5 is
larger for PM2.5 concentrations that are below the current annual NAAQS than the health benefit
of decreases in PM2.5 concentrations that are above that level. Similar, steeper concentrationresponse curves at low concentrations have been observed in previous studies.29 Moreover, we
found no evidence of a threshold value — the concentration at which PM2.5 exposure does not
affect mortality — at concentrations as low as approximately 5 μg per cubic meter (Figure 2-3);
this finding is similar to those of other studies.18,30
The current ozone standard for daily exposure is 70 ppb; there is no annual or seasonal standard.
Our results strengthen the argument for establishing seasonal or annual standards. Moreover,
whereas time-series studies have shown the short-term effects of ozone exposure, our results
indicate that there are larger effect sizes for longer-term ozone exposure, including in locations
where ozone concentrations never exceed70 ppb. Unlike the American Cancer Society Cancer
Prevention Study II,9,10 our study reported a linear connection between ozone concentration and
mortality. This finding is probably the result of the interaction between PM2.5 and ozone (Section
7 in the Supplementary Appendix). The significant, linear relationship between seasonal ozone
levels and all-cause mortality indicates that current risk assessments,31-33 which incorporate only
the acute effects of ozone exposure on deaths each day from respiratory mortality, may be
substantially underestimating the contribution of ozone exposure to the total burden of disease.
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The enormous sample size in this study, which includes the entire Medicare cohort, allowed for
unprecedented accuracy in the estimation of risks among racial minorities and disadvantaged
subgroups. The estimate of effect size for PM2.5 exposure was greatest among male, black, and
Medicaid-eligible persons. We also estimated risks in subgroups of persons who were eligible for
Medicaid and in whites and blacks alone to ascertain whether the effect modifications according
to race and Medicaid status were independent. We found that black persons who were not eligible
for Medicaid (e.g., because of higher income) continued to have an increased risk of death from
exposure to PM2.5 (Figure S2-4). In addition, we found that there was a difference in the health
effects of PM2.5 exposure between urban and rural populations, a finding that may be due to
compositional differences in the particulates (Table S2-3).
Although the Medicare cohort includes only the population of persons 65 years of age or older,
two thirds of all deaths in the United States occur in people in that age group. Although our
exposure models had excellent out-of-sample predictive power on held-out monitors, they do have
limitations. Error in exposure assessment remains an issue in this type of analysis and could
attenuate effect estimates for air pollution.34
The overall association between air pollution and human health has been well documented since
the publication of the landmark Harvard Six Cities Study in 1993.25 With air pollution declining,
it is critical to estimate the health effects of low levels of air pollution — below the current NAAQS
— to determine whether these levels are adequate to minimize the risk of death. Since the Clean
Air Act requires the EPA to set air-quality standards that protect sensitive populations, it is also
important to focus more effort on estimating effect sizes in potentially sensitive populations in
order to inform regulatory policy going forward.
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Table 2-1. Baseline Characteristics of the Entire Cohort

Entire

Ozone Concentration

Cohort

≥50 ppb*

<50 ppb

≥12 µg/m3

<12µg/m3

Persons (no.)

60,925,443

14,405,094

46,520,349

28,145,493

32,779,950

Deaths (no.)

22,567,924

5,097,796

17,470,128

10,659,036

11,908,888

Total person-yr†

460,310,521

106,478,685

353,831,836

212,628,154

247,682,367

7

7

7

7

7

Variable

PM2.5 Concentration

Population

Median yr of followup

Average air-pollutant concentrations‡
Ozone (ppb)

46.3

52.8

44.4

48.0

45.3

PM2.5 (µg/m3)

11.0

10.9

11.0

13.3

9.6

44.0

44.3

43.8

43.1

44.7

White

85.4

86.6

85.1

82.0

88.4

Black

8.7

7.2

9.2

12.0

5.9

Asian

1.8

1.8

1.8

2.1

1.6

Hispanic

1.9

2.0

1.9

1.9

1.9

Native American

0.3

0.6

0.3

0.1

0.6

Individual Covariates‡
Male sex (%)
Race or ethnic group (%)§
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Table 2-1 (Continued)

Eligible for Medicaid

16.5

15.3

16.8

17.8

15.3

70.1

69.7

70.2

70.1

70.0

BMI

28.2

27.9

28.4

28.0

28.4

Ever smoker (%)

46.0

44.9

46.2

45.8

46.0

(%)
Average age at study
entry (yr)
Ecological Variables ‡

Population including all people 65 yr of age or older (%)
Hispanic

9.5

13.4

8.4

8.4

10.0

Black

8.8

7.2

9.3

13.3

6.3

47.4

51.0

46.4

47.3

47.4

160.5

175.8

156.3

161.7

159.8

12.2

11.4

12.4

12.5

12.0

32.3

30.7

32.7

35.3

30.6

71.5

71.3

71.6

68.6

73.2

Median household
income (1000s of $)
Median value of
housing (1000s of $)
Below poverty level
(%)
Did not complete
high school (%)
Owner-occupied
housing (%)
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Table 2-1 (Continued)

Population density
(persons/km2)

3.2

0.7

3.8

4.8

2.2

92.2

92.0

92.2

92.2

92.2

94.8

94.6

94.8

94.8

94.8

91.7

92.2

91.6

91.7

91.7

14.0

14.9

13.8

14.5

13.7

71.1

60.8

73.9

73.7

69.6

Low-density
lipoprotein level
measured (%)
Glycated hemoglobin
level measured (%)
≥1 Ambulatory visits
(%)¶
Meteorological Variables‡
Average temperature
(°C)
Relative humidity (%)

* Summary statistics were calculated separately for persons residing in ZIP Codes where average
ozone levels were below or above 50 ppb and where PM2.5 levels were below or above 12 μg per
cubic meter. The value 12 μg per cubic meter was chosen as the current annual National Ambient
Air Quality Standard (NAAQS) (e.g., the “safe” level) for PM2.5. BMI denotes body-mass index
(the weight in kilograms divided by the square of the height in meters) and ppb parts per billion.
† The number for total person-years of follow-up indicates the sum of individual units of time
that the persons in the study population were at risk of death from 2000 through 2012.
‡ The average values for air pollution levels and for ecologic and meteorological variables were
computed by averaging values over all ZIP Codes from 2000 through 2012.
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§ Data on race and ethnic group were obtained from Medicare beneficiary files.
¶ The variable for ambulatory visits refers to the average annual percentage of Medicare
enrollees who had at least one ambulatory visit to a primary care physician.
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Table 2-2. Risk of Death Associated with an Increase of 10 μg per Cubic Meter in PM2.5 or
an Increase of 10 ppb in Ozone Concentration*

Model

PM2.5

Ozone
hazard ratio (95% CI)

Two-pollutant analysis
(Main analysis)

1.073 (1.071, 1.075)

1.011 (1.010, 1.012)

(Low-exposure analysis)

1.136 (1.131, 1.141)

1.010 (1.009, 1.011)

Single-pollutant analysis†

1.084 (1.081, 1.086)

1.023 (1.022, 1.024)

1.061 (1.059, 1.063)

1.001 (1.000, 1.002)

Two-pollutant analysis at low exposure

Two-pollutant analysis using the nearest
monitoring site
(Nearest-monitor analysis)‡

* Hazard ratios and 95% confidence intervals were calculated on the basis of an increase of 10
μg per cubic meter in exposure to PM2.5 and an increase of 10 ppb in exposure to ozone.
† Daily average monitoring data on PM2.5 and ozone were obtained from the Environmental
Protection Agency Air Quality System. Daily ozone concentrations were averaged from April 1
through September 30 for the computation of warm-season averages. Data on PM2.5 and ozone
levels were obtained from the nearest monitoring site within 50 km. If there was more than one
monitoring site within 50 km, the nearest site was chosen. Persons who lived more than 50 km
from a monitoring site were excluded.
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‡ For the single-pollutant analysis, model specifications were the same as those used in the main
analysis, except that ozone was not included in the model when the main effect of PM2.5 was
estimated and PM2.5 was not included in the model when the main effect of ozone was estimated.
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Figure 2-1. Average PM2.5 and Ozone Concentrations in the Continental United States,
2000 through 2012.

Panel A shows the average concentrations of fine particulate matter (particles with a mass
median aerodynamic diameter of less than 2.5 μm [PM2.5]) in micrograms per cubic meter, as
estimated on the basis of all daily predictions during the study period. Panel B shows the
concentration of ozone levels in parts per billion as averaged from April 1 through September 30
throughout the study period.
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Figure 2-2. Risk of Death Associated with an Increase of 10 μg per Cubic Meter in PM2.5
Concentrations and an Increase of 10 ppb in Ozone Exposure, According to Study
Subgroups.

Hazard ratios and 95% confidence intervals are shown for an increase of 10 μg per cubic meter
in PM2.5 and an increase of 10 parts per billion (ppb) in ozone. Subgroup analyses were
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conducted by first restricting the population (e.g., considering only male enrollees). The same
two-pollutant analysis (the main analysis) was then applied to each subgroup. Numeric results
are presented in Table S2-3 and Table S2-4 in the Supplementary Appendix. Dashed lines
indicate the estimated hazard ratio for the overall population.
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Figure 2-3. Concentration–Response Function of the Joint Effects of Exposure to PM2.5 and
Ozone on All-Cause Mortality.

A log-linear model with a thin-plate spline was fit for both PM2.5 and ozone, and the shape of the
concentration-response surface was estimated (Fig. S8 in the Supplementary Appendix). The
concentration–response curve in Panel A was plotted for an ozone concentration equal to 45 ppb.
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The concentration–response curve in Panel B was plotted for a PM2.5 concentration equal to 10
μg per cubic meter. These estimated curves were plotted at the 5th and 95th percentiles of the
concentrations of PM2.5 and ozone, respectively. The complete concentration–response threedimensional surface is plotted in Fig. S8 in the Supplementary Appendix.
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Supplementary Material
1. Details Regarding Confounding Adjustment by Individual-level and Area-level
Covariates
In our main analysis, we adjusted for 20 covariates. These includes four individual level covariates;
two county-level variables from the Behavioral Risk Factor Surveillance System (BRFSS); eight
ZIP code-level variables from U.S. Census; three hospital service area-level variables from
Dartmouth Atlas of Health Care; two meteorological variables; and one dummy variable
indicating geographical regions. Except for the individual covariates, 16 area-level covariates
included in our main analysis were denoted as ecological variables. Details regarding the definition
of each of these variables, and how they were linked to the mortality data are described below.
Individual-level variables: We considered a 5-year category of age at entry (65 to 69, 70 to 74,
75 to 79, 80 to 84, 85 to 89, 90 to 94, 95 to 99, and above 100), race (White, Black, Asian, Hispanic,
Native American, and other), sex (male or female) and a dummy variable for eligibility for
Medicaid. Our sensitivity analyses of the Medicare Current Beneficiary Survey (MCBS) provided
strong evidence that Medicaid eligibility is an excellent proxy for individual-level income in our
population (see Section 4 for details).
ZIP code-level variables: We acquired data at the ZIP Code Tabulation Areas (ZCTA)-level from
the 2000 U.S. Census, the 2010 U.S. Census, and from the American Community Survey (ACS)
for each year from 2005 to 2012. Not all variables were available for all years, and we linearly
interpolated them between two available years. We matched data from ZCTA to ZIP code and
manually resolved some minor differences between ZCTA and ZIP codes. ZIP code-level variables
from the Census included: percentage Hispanic, percentage Black, median household income,
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median value of owner-occupied housing, percentage above age 65 living below the poverty level,
percentage above age of 65 with less than high school education, percentage of owner-occupied
housing units, and population density.
County-level variables: We acquired county-level body mass index (BMI) and percentage of ever
smokers from BRFSS, for each year from 2000 to 2012.1 We assigned the same values of these
county-level variables to all ZIP codes that fell within the county boundary.
Hospital service area-level variables: We acquired hospital service area-level variables from the
Dartmouth Atlas of Health Care, for all available years.2 We considered the following variables:
percentage of Medicare enrollees having: 1) a blood lipid (LDL-C) test, 2) a hemoglobin A1c test,
and 3) at least one ambulatory visit to a primary care clinician. We used existing crosswalk files
provided by the Dartmouth Atlas of Health Care to match data from hospital service area to ZIP
code.
Gridded weather and air pollution variables: We acquired daily 32 km × 32 km gridded
temperature and humidity data from the North American Regional Reanalysis data.3 We also
acquired daily 1 km × 1 km gridded air pollution levels (PM2.5 and ozone) from previously
developed and validated air pollution prediction models.4,5 We obtained ZIP code-level variables
by taking inverse-distance averages of the four nearest grid cells to the ZIP code’s centroid and
then computed the annual averages for temperature, humidity, and PM2.5, and the warm-season
(from April 1 to September 30) average for ozone.
Monitor level air pollution variables: We acquired air pollution monitoring data from the U.S.
EPA Air Quality System (1,928 monitors for PM2.5 and 1,877 monitors for ozone).6 We first
obtained PM2.5 annual average and daily 8-hour maximal ozone. We computed warm-season ozone
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for each monitoring site by averaging the daily ozone measurements from April 1 to September
30. To join monitoring data to each residential ZIP code, we identified the nearest monitoring site
within 50 km of the ZIP code (based on centroid point) and assigned air pollutant measurements
to that ZIP code. If there was more than one monitoring site, we chose the nearest one; if there
were no monitoring site within 50 km, we treated the monitored exposure level as missing and
excluded that ZIP code from the analysis.
Regional dummy variable: To categorize ZIP codes into regions, we first simulated
concentrations of five major chemical components of PM2.5: sulfate, nitrate, organic carbon,
elemental carbon, and ammonium, using GEOS-Chem, a 3D global chemical transport model.7
Long-term averaged concentrations of the five PM2.5 components were linearly interpolated to
each ZIP code. Then we calculated the percentage of each PM2.5 component with respect to the
total PM2.5 mass. We used k-mean clustering to classify all ZIP codes into 10 geographical regions
based on the percentage of these five PM2.5 components. ZIP codes that share a similar chemical
profile of PM2.5 were assigned to the same geographical region (Figure S2-1).
Table S2-1 summarizes the Pearson correlation coefficients between each pollutant and ecological
covariate.
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Figure S2-1. Regional Dummy Variable

ZIP codes with the same color belong to the same region and share the same value of the
regional dummy variable.
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Table S2-1. Pearson Correlation between Air Pollution, Ecological Variables, and
Meteorological Variables*

Variable

PM2.5

Ozone

PM2.5 (µg/m3)

1.000

0.239

Ozone (ppb)

0.239

1.000

BMI (kg/m2)

-0.149

0.022

Ever Smoker (%)

-0.055

-0.096

Air Pollutants

County-level variables --- from BRFSS

ZIP code-level variables --- from US Census
Hispanic Population (%)

-0.018

0.050

Black Population (%)

0.207

-0.042

Median household income (US dollars)

-0.049

-0.029

Median value of housing (US dollars)

-0.042

-0.099

% below poverty level

0.020

-0.010

% below high school education

0.219

0.089

% of owner occupied housing

-0.143

0.076

Population density (person/ km2)

0.007

-0.020

Hospital service area level variables --- from Dartmouth Atlas
of Health Care
% with LDL-C test

-0.085

-0.033

% with hemoglobin A1c test

-0.070

-0.045

% with ≥1 ambulatory visit

0.055

0.031

Temperature (°C)

0.131

0.110

Relative humidity (%)

0.286

-0.508

Meteorological variables

* Pearson correlation was computed for every pair of variables for each year (from 2000 to 2012)
across the 40,177 ZIP codes.
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2. Sensitivity Analysis with Respect to Variables Included in Confounding Adjustment
We conducted a sensitivity analysis to assess the robustness of our results to different sets of
variables included in the Cox proportional hazards model for the confounding adjustment. Starting
from the main analysis that included 20 variables, we considered several alternative models; each
of these models exclude a different set of variables (e.g., excluding individual covariates or
excluding meteorological variables, etc.). We compared models fit at various levels of adjustment
and the estimated hazard ratios. Various levels of adjustment allowed us to evaluate the impact of
ecological and individual covariates and judge the direction of potential biases of omitting
individual covariates.
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Table S2-2 the AIC and -2*log likelihood values corresponding to Cox models that exclude
different subsets of covariates. Both AIC values and likelihood ratio tests indicate that the main
analysis provides better fit to the data than all sensitivity analyses that exclude some of these
variables.
Figure S2-2 shows the estimated HR and 95% confidence intervals under the different model
specifications for confounding adjustment. Results are presented for both PM2.5 (also adjusted by
ozone) and ozone (also adjusted by PM2.5). The vertical line is placed at the estimated HR from
the main analysis (which includes all 20 variables). Risk estimates change moderately after
excluding regional dummy variables or U.S. Census ZIP code-level variables, but are very robust
to the omission of other sets of variables. This is expected as regional dummy variables explain a
large amount of spatial variation in the air pollution exposure and mortality rates.
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Table S2-2. -2* log Likelihood and AIC Values at Different Levels of Adjustment for
Confounding

†

-2*log

p‡

Name†

AIC

Main analysis

615404575

615404523 26

Main analysis excluding sex

645833387

645833335 26 N/A

Main analysis excluding Medicaid eligibility

639509036

639508984 26 N/A

Main analysis excluding race

637761029

637760977 26 N/A

Main analysis excluding regional dummy

615413233

615413199 17 <0.001

Main analysis excluding meteorological variables 615405208

615405160 24 <0.001

Main analysis excluding BRFSS

615409354

615409306 24 <0.001

Main analysis excluding Dartmouth

615406339

615406293 23 <0.001

Main analysis excluding U.S. Census

615480804

615480768 18 <0.001

likelihood

df

For different levels of adjustment, we started from our main analysis and omitted sex, Medicaid

eligibility, race, regional dummy variables, meteorological variables, BRFSS county-level
variables, ecological variables from Dartmouth Atlas of Health Care, or ZIP code-level variables
from the U.S. Census.
‡

p-values were based on likelihood ratio test.
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Figure S2-2. Estimated Risk of Death Associated with PM2.5 and Ozone Exposure at
Different Levels of Adjustment.

Vertical lines are placed at the estimated HR obtained from the main analysis.
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3. Sensitivity Analysis with Respect to the Categorization of Age at Entry
In our main analysis, we considered age at entry in the Medicare cohort categorized into 5-year
intervals: 65 to 69, 70 to 74, 75 to 79, 80 to 84, 85 to 89, 90 to 94, 95 to 99, and above 100. We
conducted a sensitivity analysis where we re-fit our models using 4-year and 3-year intervals. For
PM2.5, when we consider finer age groups at entry the mortality risk estimates were lower (1.07 to
1.05) but still significant. For ozone, this finer stratification had little impact on the risk estimate
(Figure S2-3).
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Figure S2-3. Risk of Death Associated with PM2.5 and Ozone Exposure at Different Age
Groups at Entry

The main analysis stratified by 5-year category of age at entry. As a sensitivity analysis
examining the impact of categorization of entry age, we modified the main analysis by
stratifying by 3-year and 4-year categories of entry age. Two figures visualize risk estimates
associated with each 10 µg/m3 increase in PM2.5 and 10 ppb increase in ozone. Running Cox
model with exceeding numbers of strata (e.g., stratifying by 1-year category of entry age) on the
whole data set was computationally infeasible.
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4. Sensitivity Analysis with Respect to the Estimation Approach and Statistical Software
We joined data and ran our main analysis using a Cox proportional hazard model with Generalized
Estimating Equation (GEE) to account for correlated measures. We fit this model in SAS 9.4 to
the whole data set (460.3 million records and 60.9 million subjects) as well to population
subgroups (Figure S2-4). To assess the robustness of our risk estimates to both the estimation
approach and statistical software, we repeated the main analysis by fitting a Cox proportional
hazards model with the same model specification as our main analysis (20 covariates), but with a
random intercept at the ZIP code level instead of accounting for correlation using GEE. We joined
data in R version 3.3.2 and implemented a mixed-effect Cox model with the coxme package
version 2.2-5.8 We compared the risk estimates from the mixed-effect Cox model with those from
GEE.
Running a mixed-effect Cox proportional hazards model on the whole study population was
computationally infeasible. Instead, we randomly divided all subjects into 50 groups with equal
probability. We conducted our analysis in each group separately and used meta-analysis to obtain
summary results. We pooled the point estimates (i.e., beta coefficients from Cox models) and
corresponding standard errors from the 50 groups using a fixed-effect meta-analysis.
Table S2-3 and Table S2-4 summarize risk estimates obtained under the two statistical approaches.
We found that the two sets of estimates are almost identical, thus increasing our level of confidence
regarding reproducibility of results with respect to the assumptions of correlations, statistical
estimation, and software. All of our computer programs are hosted on the GitHub social coding
platform and are accessible upon request.
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Figure S2-4. Risk of Death Associated with PM2.5 and Ozone Exposure in Subgroups.

Hazard ratios (HRs) are presented for each 10 µg/m3 increase in PM2.5 and 10 ppb increase in
ozone. Subgroup analyses were conducted by first restricting the population (e.g., considering
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only male enrollees) and then the same model specification as the main analysis was applied to
each subgroup. Numeric results are presented in Table S2-3 and Table S2-4. Dashed line
indicates the HR for the overall population.
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Table S2-3. Risk of Death Associated with 10 µg/m3 Increase in PM2.5

Analysis

PM2.5 (GEE)

PM2.5 (coxme)

Effect
Modification§

Main Analysis
Low-Exposure
Analysis*
Single-Pollutant
Analysis†
Nearest-Monitor
Analysis‡

1.073 (1.071,

1.081 (1.078,

1.075)

1.083)

1.136 (1.131,

1.134 (1.129,

1.141)

1.139)

1.084 (1.081,

1.089 (1.087,

1.086)

1.091)

1.061 (1.059,

1.072 (1.069,

1.063)

1.074)

1.087 (1.083,

1.089 (1.086,

1.090)

1.093)

1.060 (1.057,

1.062 (1.058,

1.063)

1.065)

1.075 (1.073,

1.079 (1.076,

1.078)

1.082)

1.080 (1.075,

1.089 (1.084,

1.085)

1.094)

1.063 (1.060,

1.068 (1.065,

1.065)

1.070)

1.208 (1.199,

1.216 (1.206,

1.217)

1.225)

1.096 (1.075,

1.140 (1.116,

1.117)

1.164)

By Sex
Male
Female

Ref
<0.001

By Medicaid Eligibility
Non-eligible
Eligible

Ref
0.092

By Race
White
Black
Asian
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Ref
<0.001
0.002

Table S2-3 (Continued)

Hispanic
Native Americans

1.116 (1.100,

1.127 (1.109,

1.133)

1.144)

1.100 (1.060,

1.145 (1.090,

1.140)

1.203)

1.147 (1.142,

1.187 (1.183,

1.152)

1.192)

1.029 (1.025,

1.071 (1.067,

1.032)

1.074)

0.998 (0.994,

1.024 (1.020,

1.002)

1.027)

1.067 (1.063,

1.065 (1.061,

1.072)

1.069)

1.105 (1.100,

1.131 (1.126,

1.111)

1.136)

1.098 (1.093,

1.117 (1.112,

1.104)

1.123)

1.080 (1.074,

1.144 (1.139,

1.085)

1.150)

1.075 (1.072,

1.077 (1.073,

1.079)

1.080)

1.051 (1.047,

1.051 (1.047,

1.054)

1.054)

<0.001
0.067

By Age Groups
<75
75 to 84
≥85

Ref
<0.001
<0.001

By Population Density
Population Density
(low)
Population Density
(medium-low)
Population Density
(medium-high)
Population Density
(high)

Ref
<0.001
<0.001
<0.001

Among White
By Sex
White Male
White Female
By Medicaid Eligibility
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Ref
<0.001

Table S2-3 (Continued)

Non-eligible White
Eligible White

1.067 (1.065,

1.070 (1.067,

1.070)

1.073)

1.060 (1.055,

1.063 (1.057,

1.065)

1.068)

1.246 (1.232,

1.249 (1.234,

1.261)

1.264)

1.173 (1.161,

1.178 (1.165,

1.185)

1.190)

1.221 (1.208,

1.226 (1.212,

1.234)

1.239)

1.176 (1.162,

1.182 (1.168,

1.189)

1.196)

1.097 (1.093,

1.096 (1.092,

1.101)

1.100)

1.076 (1.068,

1.080 (1.071,

1.084)

1.088)

1.052 (1.049,

1.054 (1.050,

1.056)

1.057)

Ref
0.015

Among Black
By Sex
Black Male
Black Female

Ref
<0.001

By Medicaid Eligibility
Non-eligible Black
Eligible Black

Ref
<0.001

Among Male
By Medicaid Eligibility
Non-eligible Male
Eligible Male

Ref
<0.001

Among Female
By Medicaid Eligibility
Non-eligible Female
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Ref

Table S2-3 (Continued)

Eligible Female
*

1.083 (1.077,

1.081 (1.075,

1.088)

1.087)

<0.001

Low-exposure analysis used the same model specifications as the main analysis, with PM2.5

concentrations constrained to below 12 µg/m3.
†

For the single-pollutant analysis, model specifications were the same as in the main analysis,

except that ozone was not included when assessing the main effect of PM2.5.
‡

Daily PM2.5 monitoring data were retrieved from the U.S. EPA Air Quality System (AQS) and

averaged for the whole year. Subjects were assigned to the PM2.5 levels from the nearest
monitoring site within 50 kilometers. If there was more than one monitoring site, the nearest one
was chosen. Subjects who lived more than 50 kilometers away from any monitoring site were
excluded.
§

To determine the risk estimates of PM2.5, for example in male vs. females, are statistically

different (𝐻0 : 𝛽𝑚𝑎𝑙𝑒 = 𝛽𝑓𝑒𝑚𝑎𝑙𝑒 ), we have: 𝑍 =

𝛽𝑚𝑎𝑙𝑒 −𝛽𝑓𝑒𝑚𝑎𝑙𝑒
√𝑠𝑒(𝛽𝑚𝑎𝑙𝑒 )2 +𝑠𝑒(𝛽𝑓𝑒𝑚𝑎𝑙𝑒 )
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Table S2-4. Risk of Death Associated with 10 ppb Increase in Ozone

Effect

Analysis
Main Analysis
Low-Exposure
Analysis*
Single-Pollutant
Analysis†
Nearest-Monitor
Analysis‡

Ozone (GEE)

Ozone (coxme)

1.011 (1.010,

1.009 (1.008,

1.012)

1.010)

1.010 (1.009,

1.008 (1.006,

1.011)

1.009)

1.023 (1.022,

1.022 (1.021,

1.024)

1.023)

1.001 (1.000,

1.000 (0.999,

1.002)

1.001)

1.010 (1.009,

1.008 (1.007,

1.012)

1.010)

1.011 (1.010,

1.010 (1.008,

1.013)

1.011)

1.005 (1.004,

1.004 (1.003,

1.006)

1.005)

1.022 (1.020,

1.019 (1.017,

1.024)

1.021)

1.013 (1.012,

1.011 (1.010,

1.014)

1.012)

1.009 (1.005,

1.006 (1.003,

1.012)

1.009)

0.980 (0.972,

0.967 (0.958,

0.988)

0.976)

Modification§

By Sex
Male
Female

Ref
0.181

By Medicaid
Eligibility
Non-eligible White
Eligible White

Ref
<0.001

By Race
White
Black
Asian
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Ref
0.026
<0.001

Table S2-4 (Continued)

Hispanic
Native Americans

0.975 (0.968,

0.971 (0.964,

0.981)

0.977)

0.961 (0.944,

0.951 (0.928,

0.978)

0.975)

1.012 (1.010,

1.007 (1.005,

1.014)

1.009)

1.004 (1.002,

1.017 (1.016,

1.005)

1.019)

1.015 (1.013,

1.024 (1.023,

1.016)

1.026)

1.029 (1.027,

1.038 (1.036,

1.031)

1.040)

1.006 (1.004,

1.007 (1.004,

1.008)

1.009)

0.997 (0.995,

1.001 (0.999,

0.999)

1.003)

0.983 (0.981,

0.986 (0.984,

0.985)

0.988)

1.012 (1.011,

1.011 (1.009,

1.014)

1.013)

1.013 (1.011,

1.011 (1.010,

1.014)

1.013)

<0.001
<0.001

By Age Groups
<75
75 to 84
≥85

Ref
<0.001
0.061

By population Density
Population Density
(low)
Population Density
(medium-low)
Population Density
(medium-high)
Population Density
(high)

Ref
<0.001
<0.001
<0.001

Among White
By Sex
White Male
White Female
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Ref
0.795

Table S2-4 (Continued)

By Medicaid
Eligibility
Non-eligible White
Eligible White

1.007 (1.006,

1.006 (1.005,

1.008)

1.007)

1.029 (1.026,

1.026 (1.024,

1.031)

1.029)

1.010 (1.005,

1.007 (1.002,

1.015)

1.012)

1.008 (1.003,

1.006 (1.002,

1.012)

1.011)

0.978 (0.974,

0.977 (0.973,

0.982)

0.981)

1.053 (1.048,

1.049 (1.044,

1.059)

1.054)

1.006 (1.004,

1.005 (1.003,

1.007)

1.006)

1.018 (1.015,

1.016 (1.012,

1.021)

1.019)

Ref
<0.001

Among Black
By Sex
Black Male
Black Female

Ref
0.443

By Medicaid
Eligibility
Non-eligible Black
Eligible Black

Ref
<0.001

Among Male
By Medicaid
Eligibility
Non-eligible Male
Eligible Male
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Ref
<0.001

Table S2-4 (Continued)

Among Female
By Medicaid
Eligibility
Non-eligible Female
Eligible Female
*

1.004 (1.002,

1.003 (1.002,

1.005)

1.005)

1.024 (1.021,

1.021 (1.018,

1.026)

1.023)

Ref
<0.001

Low-exposure analysis used the same model specifications as the main analysis, with ozone

concentrations constrained to below 50 ppb.
†

For the single-pollutant analysis, model specifications were the same as the main analysis,

except that PM2.5 was not included when assessing the main effect of ozone.
‡

Daily ozone monitoring data were retrieved from the U.S. EPA Air Quality System (AQS).

Daily ozone concentrations were averaged from April 1 to September 30 to compute the warmseason average. Subjects were assigned to ozone levels from the nearest monitoring site within
50 kilometers. If there was more than one monitoring site, the nearest one was chosen. Subjects
who lived more than 50 kilometers away from any monitoring site were excluded.
§

The method to assess effect modification is the same as Table S2-3.
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5. Sensitivity Analysis with Respect to Lack of Adjustment for Individual-Level
Behavioral Risk Factors
Individual-level behavioral risk factors such as Body Mass Index (BMI), smoking, and income
level could confound the association between long-term exposure to air pollution and mortality.
A potential limitation of our study is that claims from the Medicare cohort do not provide this
information. To assess whether our results could be affected by confounding bias due to the
omission of these variables from the main analysis, we gathered and analyzed an additional data
source called the Medicare Current Beneficiary Survey (MCBS). MCBS is a phone survey of a
nationally representative sample of Medicare beneficiaries for the whole continental U.S. MCBS
data provides very extensive information on behavioral risk factors (e.g., smoking, BMI, and
income) and more than 150 individual confounders. The number of annual surveyed MCBS
enrollees ranges from 9,224 to 11,227 (mean annual enrollees: 10305, with a total of 133,964
records and 57,154 enrollees) for the period 2000 to 2012. Among 57,154 enrollees, 10,346 were
surveyed for two consecutive years and 33,232 were surveyed for three consecutive years. Table
S2-5 summarizes descriptive statistics of the key individual-level behavioral risk factors for the
MCBS population (N=57,154 MCBS enrollees who live in 6,690 ZIP codes). Figure S2-5
displays the geographic distribution of the ZIP codes of residence of the MCBS enrollees.
We have demonstrated, repeatedly and in peer reviewed publications, that in order for an
individual-level variable Z (e.g., smoking) to confound the relationship between X (e.g., air
pollution) and Y (e.g., mortality), the variable Z must be a strong predictor of X conditional to all
the other covariates that are included in the survival model.9-11 Therefore, we fit a mixed-effect
model to the MCBS data, with the dependent variable the exposure to air pollution (PM2.5 or
ozone, averaged across time and assessed at the residential ZIP code for each individual) and
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with the independent variables: individual-level smoking, individual-level BMI, and individuallevel income plus all 20 individual- and area-level variables included in the main analysis. We
used sampling weight provided by the MCBS. We included random intercept by person and by
ZIP code to account for between-person variation and geographic difference.
Table S2-6 displays the results of this analysis. Except for BMI, all the other individual-level risk
factors were not strong predictors of air pollution exposure conditionally to the other variables
included in the main analysis. For BMI, we detected a significant association (p values = 0.002
and 0.026 for PM2.5 and ozone, respectively). However, the beta coefficients were very small,
indicating that BMI and the other variables have negligible effects on air pollution. For example,
for an interquartile change in BMI (from 23.39 to 29.99), the expected PM2.5 exposure decreased
negligibly, by only (29.99-23.39)*2.43E-03 = 0.016 µg/m3.
In a second analysis, we acquired another data set, called MCBS-Medicare. In this data set, the
health interviews from MCBS were linked at the individual level to claims data from Medicare. In
previous work under review at Epidemiology,12 we constructed a new cohort of 32,119 Medicare
beneficiaries residing in 5,138 ZIP codes that were interviewed as part of the MCBS between 2002
and 2010 with the same air pollution exposure as considered here. We considered four outcomes:
death, all-cause hospitalizations, hospitalizations for circulatory diseases, and hospitalizations for
respiratory diseases. We fit survival models with 123 potential confounders (from Medicare claims,
MCBS, census) and assessed the sensitivity of the estimated air pollution health effects to the
exclusion of 73 individual level risk factors (including smoking, BMI, and income). We found that
our results were robust to the lack of adjustment for these variables.
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Note that in our main analysis, we included in the model an individual-level variable called
“eligibility to Medicaid”. We found that this variable is an excellent surrogate for individual-level
income. Using MCBS, which has information on both individual-level Medicaid eligibility and
individual-level income, we found that the area under the ROC curve was 0.91. Results were
adjusted by age, sex, and race. Therefore, we feel confident that our main analysis allows an
adequate adjustment by individual level income via Medicaid eligibility.
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Table S2-5. Descriptive Information of MCBS Subjects (N=57,154 MCBS enrollees who
live in 6,690 ZIP codes)

25%

Mean

75%

percentile

percentile

Age (years)

68.0

72.3

82.0

Ozone (ppb)*

41.9

46.0

50.4

PM2.5 (µg/m3)*

9.5

11.5

13.4

11.0

15.2

18.5

Relative Humidity (%)

70.05

71.7

78.6

Income (U.S. dollars)

12000

30874

36000

BMI (kg/m2)

23.39

27.03

29.99

Temperature (°C)

Percentage
% with Smoking History

58.91%

% Current Smokers

13.67%

* PM2.5 and ozone concentrations were estimated from the prediction model. PM2.5 values were
averaged across the whole year. Ozone values were averaged from April 1 to September 30.
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Figure S2-5. Geographic Distribution of MCBS Enrollees

The map shows the residential ZIP codes of MCBS enrollees. The diameter of each circle is
proportional to the number of MCBS enrollees that have a place of residence in that ZIP code.
The 57,154 MCBS enrollees live in 6,690 ZIP codes. Each ZIP code has from 1 to 374 MCBS
enrollees (median: 2; mean: 9) and from 1 to 860 MCBS records (median: 4; mean: 20).
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Table S2-6. Sensitivity Analysis: Association Between Individual-Level Behavioral Risk
Factors in MCBS and Exposure to Air Pollution*

PM2.5 (µg/m3)
Individual covariates

Beta

Ozone (ppb)
p-value

Beta

pvalue

BMI (kg/m2)

-2.43E-03

0.002

3.32E-03

0.026

1.25E-02

0.384

-3.89E-02

0.162

Indicator for history of smoking

6.23E-03

0.522

-1.89E-02

0.298

Income (dollars)

-9.56E-08

0.119

-1.39E-07

0.276

Indicator for being current
smoker

* We fit mixed-effect models with annual PM2.5 (or ozone) as dependent variables. The
independent variables were BMI (or indicator for being current smoker, indicator for history of
smoking, or income) plus all 20 covariates included in the main analysis. For models with PM2.5
as the response variable, we controlled for ozone, and vice versa. This model had random
intercepts by person and by ZIP code.
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6. Comparison of Our Results with Others in the Literature
To systematically compare our results with others in the existing literature, we gathered risk
estimates of PM2.5 and standard errors from recent studies. We pooled the existing results across
studies using random-effect models for meta-analysis. The risk estimate of PM2.5 from our main
analysis (HR = 1.073 (1.071, 1.075)) is very close to the pooled estimate (HR = 1.11 (1.08,
1.15), random-effect model) (Figure S2-6).
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Figure S2-6. Forest Plot of Recent Studies on PM2.5

The dotted line is placed at the summary HR from the random-effect model. I-square indicates
that risk estimates from previous studies demonstrates a high degree of heterogeneity.
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7. Concentration-Response Function
Previous studies found an almost linear concentration-response relationship between PM2.5 and
mortality,13 and a unconfirmed threshold effect for ozone.14,15 We examined the potential
nonlinear effects of both ozone and PM2.5 on mortality by fitting a Cox proportional hazards
model with separate penalized splines for PM2.5 and ozone. We adjusted for the same variables
as in the main analysis.
Due to computational issues, running a Cox model with two separate penalized splines on the
whole data set was not possible. Alternatively, we randomly divided all subjects into 50 groups
with equal probability and obtained concentration-response functions separately for each of the
50 groups. To combine concentration-response curves across groups, we applied the metasmoothing approach that has been used and modified in previous studies.16-18 In each group, the
estimated HR and its point-wise standard error were computed for each 1 µg/m3 increment in
PM2.5 or 1 ppb increment in ozone. These group-level effect estimates (𝛽̂𝑖𝑗 =log HR) in each
group i and for exposure level j, and corresponding standard error 𝑠𝑒(𝛽̂𝑖𝑗 ) were combined by
regressing the 𝛽̂𝑖𝑗 against indicator variables for each exposure level, with inverse variance
weights. We assumed:
𝛽̂𝑖𝑗 ~𝑁(𝛽1 𝑑1 + 𝛽2 𝑑2 + ⋯ + 𝛽𝑗 𝑑𝑗 , 𝑉𝑖𝑗 )
where 𝑑𝑗 is indicator variable for exposure level j and 𝑉𝑖𝑗 is the estimated variance in group i at
exposure level j.
Figure S2-7 shows the estimated concentration-response relationships. The narrow confidence
interval in most of the range reflects the large sample size in this study. The concentration-response
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curve for PM2.5 is roughly linear. The concentration-response curve for ozone seems to indicate a
threshold around 40 ppb, which is consistent with previous studies.14
Threshold Analysis
To assess as whether there is evidence of a threshold for the concentration response for ozone, we
conducted a threshold analysis. The threshold model is the same as that of our main analysis except
that it sets the ozone concentration to zero below the threshold value and the concentration minus
the threshold value otherwise.
For ozone, we found a threshold estimate of 40 ppb based on minimizing the AIC values (Table
S2-7). This result is consistent with visual interpretation of the concentration-response curves
(Figure S2-7). The beta coefficient for the linear component of the threshold model is larger than
the beta coefficient from the linear model.
Concentration-Response Three-Dimensional Surface
We found significant evidence for an interaction between PM2.5 and ozone (Table S2-8). To further
investigate the potential non-linear effect and interaction between PM2.5 and ozone, we fit a loglinear model with a thin plate spline on both PM2.5 and ozone and controlling for the same 20
covariates as we did in the main analysis. We incorporated a dummy variable for follow-up year
to allow the baseline hazard rate to change for each follow-up year. Running a log-linear model
on the whole data set also raised computational issues. Similar to obtaining concentration-response
curves, we randomly divided the data into 50 splits, plotted concentration-response surfaces
separately, and combined them together (Figure S2-8, Figure 2-3).
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Unlike the ozone concentration-response curve, the concentration-response surface displays no
threshold effect (Figure S2-8, Figure 2-3). Higher ozone is linearly associated with increased
mortality at all PM2.5 concentrations. This distinction may be due to interaction between PM2.5 and
ozone, which may change how ozone affects mortality below 40 ppb. The interaction between
PM2.5 and ozone deserves more attention and further investigation.
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Figure S2-7. Concentration-Response Curves of PM2.5 and Ozone on Mortality

We fit a Cox proportional hazards model with two penalized splines on PM2.5 and ozone
respectively, and adjusted for individual covariates (sex, race, Medicaid eligibility, age group at
entry); meteorological variables (temperature and humidity), a dummy variable for region, and
ecological variables (BMI, percentage of ever smoker, percentage of Hispanic population,
percentage of Black population, median household income, median value of housing, percentage
above age 65 living below the poverty level, percentage above age of 65 with less than high
school education, percentage of owner-occupied housing units, population density, percentage of
Medicare enrollees having a blood lipid (LDL-C) test, a hemoglobin A1c test, and at least one
ambulatory visit to a primary care clinician).
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Figure S2-8. Concentration-Response Surface of PM2.5 and Ozone on Mortality

We fit a log-linear model with a thin plate spline on both PM2.5 and ozone, and adjusted for
individual covariates (sex, race, Medicaid eligibility, and age group at entry); meteorological
variables (temperature and humidity); a dummy variable for region; and ecological variables
(BMI, percentage of ever smoker, percentage of Hispanic population, percentage of Black
population, median household income, median value of housing, percentage above age 65 living
below the poverty level, percentage above age of 65 with less than high school education,
percentage of owner-occupied housing units, population density, percentage of Medicare
enrollees having a blood lipid (LDL-C) test, percentage of Medicare enrollees having a
hemoglobin A1c test, and percentage of Medicare enrollees having at least one ambulatory visit
to a primary care clinician). Then, we exported the dose-response surface.
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Table S2-7. Threshold Analysis on Ozone

Threshold value

-2*log likelihood

AIC

beta

se

0

615404523

615404575

0.001071 0.000048

30

615404562

615404614

0.001047 0.000049

35

615404577

615404629

0.001075 0.000051

36

615404563

615404615

0.001107 0.000052

37

615404542

615404594

0.001151 0.000053

38

615404515

615404567

0.001206 0.000054

39

615404490

615404542

0.001265 0.000055

40†

615404475

615404527

0.001318 0.000057

41

615404481

615404533

0.001354 0.000059

42

615404501

615404553

0.001378 0.000061

43

615404532

615404584

0.001394 0.000063

44

615404579

615404631

0.001390 0.000067

45

615404637

615404689

0.001367 0.000070

50

615404932

615404984

0.000924 0.000101

(ppb)

†Threshold

analysis with threshold value at 40 ppb yields lower AIC values than threshold

analyses with other threshold values.
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Table S2-8. Interaction between PM2.5 and Ozone

Variable

Beta

se

p

PM2.5 (µg/m3) 2.263E-02

4.770E-04

<0.0001

Ozone (ppb)

5.033E-03

1.262E-04

<0.0001

PM2.5*ozone

-3.233E-04

9.640E-06

<0.0001

Starting from the two-pollutant main analysis, we added the interaction term with PM2.5 and
ozone to it and fit the model on the whole data set. Beta coefficient for PM2.5 stands for its
hypothetical risk estimate when ozone level is 0 ppb; beta coefficient for ozone stands for its
hypothetical risk estimate when PM2.5 level is 0 µg/m3.
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Key Points
Question
What is the association between short-term exposure to air pollution below current air quality
standards and all-cause mortality?
Finding
In a case-crossover study of more than 22 million deaths, each 10-μg/m3 daily increase in fine
particulate matter and 10-parts-per-billion daily increase in warm-season ozone exposures were
associated with a statistically significant increase of 1.42 and 0.66 deaths per 1 million persons at
risk per day, respectively.
Meaning
Day-to-day changes in fine particulate matter and ozone exposures were significantly associated
with higher risk of all-cause mortality at levels below current air quality standards, suggesting
that those standards may need to be reevaluated.
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Abstract
Importance The US Environmental Protection Agency is required to reexamine its National
Ambient Air Quality Standards (NAAQS) every 5 years, but evidence of mortality risk is lacking
at air pollution levels below the current daily NAAQS in unmonitored areas and for sensitive
subgroups.
Objective To estimate the association between short-term exposures to ambient fine particulate
matter (PM2.5) and ozone, and at levels below the current daily NAAQS, and mortality in the
continental United States.
Design, Setting, and Participants Case-crossover design and conditional logistic regression to
estimate the association between short-term exposures to PM2.5 and ozone (mean of daily
exposure on the same day of death and 1 day prior) and mortality in 2-pollutant models. The
study included the entire Medicare population from January 1, 2000, to December 31, 2012,
residing in 39 182 zip codes.
Exposures Daily PM2.5 and ozone levels in a 1-km × 1-km grid were estimated using published
and validated air pollution prediction models based on land use, chemical transport modeling,
and satellite remote sensing data. From these gridded exposures, daily exposures were calculated
for every zip code in the United States. Warm-season ozone was defined as ozone levels for the
months April to September of each year.
Main Outcomes and Measures All-cause mortality in the entire Medicare population from
2000 to 2012.
Results During the study period, there were 22,433,862 case days and 76,143,209 control days.
Of all case and control days, 93.6%had PM2.5 levels below 25 μg/m3, during which 95.2%of
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deaths occurred (21,353,817 of 22,433,862), and 91.1% of days had ozone levels below 60 parts
per billion, during which 93.4%of deaths occurred (20,955,387 of 22,433,862). The baseline
daily mortality rates were 137.33 and 129.44 (per 1 million persons at risk per day) for the entire
year and for the warm season, respectively. Each short-term increase of 10 μg/m3 in PM2.5
(adjusted by ozone) and 10 parts per billion (10−9) in warm-season ozone (adjusted by PM2.5)
were statistically significantly associated with a relative increase of 1.05% (95%CI, 0.95%1.15%) and 0.51%(95%CI, 0.41%-0.61%) in daily mortality rate, respectively. Absolute risk
differences in daily mortality rate were 1.42 (95%CI, 1.29-1.56) and 0.66 (95%CI, 0.53-0.78) per
1 million persons at risk per day. There was no evidence of a threshold in the exposure-response
relationship.
Conclusions and Relevance In the US Medicare population from 2000 to 2012, short-term
exposures to PM2.5 and warm-season ozone were significantly associated with increased risk of
mortality. This risk occurred at levels below current national air quality standards, suggesting
that these standards may need to be reevaluated.
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Introduction
In the United States, the Clean Air Act1 requires a review of National Ambient Air Quality
Standards (NAAQS) for fine particulate matter (PM2.5) and ozone every 5 years.2 In 2012, the
annual and 24-hour NAAQS for PM2.5 were set to 12 μg/m3 and 35 μg/m3, respectively. With no
annual standard for ozone, the 8-hour NAAQS for ozone was set to 70 parts per billion (ppb).
Currently, the review of these standards is ongoing, with public comments expected in the fall of
2017.3
Several studies have provided evidence that short-term exposures to PM2.5 and ozone were
associated with mortality,4-8 but these studies primarily included large and well monitored
metropolitan areas. While the US Environmental Protection Agency (EPA) is considering more
stringent NAAQS, evidence is needed to clarify the association between mortality risk and
exposure levels below the daily NAAQS and in rural and unmonitored areas.
The Clean Air Act1 also requires the US EPA to set standards to protect “sensitive subgroups.”
To estimate the health risk of short-term exposure to air pollution for specific subgroups (e.g.,
underrepresented minorities and those with low socioeconomic status, such as persons eligible
for Medicaid), a large population is necessary to achieve maximum accuracy and adequate
statistical power.
A case-crossover study was conducted to examine all deaths of Medicare participants in the
continental United States from 2000 throughout 2012 and estimate the mortality risk associated
with short-term exposures to PM2.5 and ozone in the general population as well as in subgroups.
The study was designed to estimate the association between daily mortality and air pollution at
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levels below current daily NAAQS to evaluate the adequacy of the current air quality standards
for PM2.5 and ozone.
Methods
This study was approved by the institutional review board at the Harvard T.H. Chan School of
Public Health. As a study of previously collected administrative data, it was exempt from
informed consent requirements.
Study Population
Using claims data from the Centers for Medicare & Medicaid Services, all deaths among all
Medicare beneficiaries were identified during the period 2000 to 2012, providing enough power
to analyze the risk of mortality associated with PM2.5 and ozone concentrations much lower than
the current standards (Table 3-1). For each beneficiary, information was extracted on the date of
death, age, sex, race, ethnicity, zip code of residence, and eligibility for Medicaid (a proxy for
low income) to assess the associations of mortality with PM2.5 and ozone concentrations in
potentially vulnerable subgroups. Self-reported information on race and ethnicity was obtained
from Medicare beneficiary files.
Outcome
The study outcome was all-cause mortality. Individuals with a verified date of death between
January 1, 2000, and December 31, 2012, were included. Individuals with an unverified date of
death, or still living after December 31, 2012, were excluded.
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Study Design
We estimated the association between short-term exposure to PM2.5 (adjusted by ozone) and
short-term exposure to ozone (adjusted by PM2.5) and all-cause mortality using a case-crossover
design.9 Specifically, “case day” was defined as the date of death. For the same person, we
compared daily air pollution exposure on the case day vs daily air pollution exposure on “control
days.” Control days were chosen (1) on the same day of the week as the case day to control for
potential confounding effect by day of week; (2) before and after the case day (bidirectional
sampling) to control for time trend10,11; and (3) only in the same month as the case day to control
for seasonal and subseasonal patterns.10,12 Individual-level covariates and zip code–level
covariates that did not vary day to day (e.g., age, sex, race/ethnicity, socioeconomic status,
smoking, and other behavioral risk factors) were not considered to be confounders as they
remain constant when comparing case days vs control days.
Environmental Data
Daily ambient levels of PM2.5 and ozone were estimated from published and validated air
pollution prediction models.13,14 Combining monitoring data from the EPA, satellite-based
measurements, and other data sets, neural networks were used to predict 24-hour PM2.5 and 8hour maximum ozone concentrations at each 1-km ×1-km grid in the continental United States,
including locations with no monitoring sites. Cross-validation indicated good agreement between
predicted values and monitoring values (R2 = 0.84 for PM2.5 and R2 = 0.76 for ozone) and at low
concentrations (R2 = 0.85 when constraining to 24-hour PM2.5<25 μg/m3 and R2 = 0.75 when
constraining to daily 8-hour maximum ozone <60 ppb). Details have been published
elsewhere.13,14 Warm season was defined to be from April 1 to September 30, which is the
specific time window to examine the association between ozone and mortality. Meteorological
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variables, including air and dew point temperatures, were retrieved from North American
Regional Reanalysis data and estimated daily mean values were determined for each 32-km ×
32-km grid in the continental United States.15
For each case day (date of death) and its control days, the daily 24-hour PM2.5, 8-hour maximum
ozone, and daily air and dew point temperatures were assigned based on zip code of residence of
the individual (Appendix 1 in the Supplement). Because we estimated air pollution levels
everywhere in the continental United States, the number of zip codes included in this study was
39,182, resulting in a 33% increase compared with the number of zip codes with a centroid less
than 50 km from a monitor (n = 26,115).
Statistical Analysis
The relative risk (RR) of all-cause mortality associated with short-term exposures to PM2.5
(adjusted by ozone) and warm-season ozone (adjusted by PM2.5) was estimated by fitting a
conditional logistic regression to all pairs of case days and matched control days (Appendix 2 in
the Supplement).9 The regression model included both pollutants as main effects and natural
splines of air and dew point temperatures with 3 df to control for potential residual confounding
by weather. For each case day, daily exposure to air pollution was defined as the mean of the
same day of death (lag 0-day) and 1 day prior (lag 1-day), denoted as lag 01-day.5,16,17 Relative
risk increase (RRI) was defined as RR − 1. The absolute risk difference (ARD) of all-cause
mortality associated with air pollution was defined as ARD = α × (RR − 1)/RR, where α denotes
the baseline daily mortality rate (Appendix 3 in the Supplement).
The robustness of the analysis results was assessed with respect to (1) choosing the df used for
the confounding adjustment for temperature, (2) using lag 01-day exposure as the exposure
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metric, (3) the definition of warm season, and (4) using only air pollution measurements from the
nearest EPA monitoring sites. Splines on meteorological variables with 6 and 9 df yielded results
with a difference of less than 5% of the standard error (Figure S3-1). The main analysis, which
used the lag 01-day exposure, yielded the lowest values of the Akaike Information Criteria
values, indicating better fit to the data (Table S3-1). Different definitions of warm season yielded
similar risk estimates (Appendix 4 in the Supplement), and using exposure measurements from
the nearest monitors resulted in attenuated, but still significant, risk estimates (Table 3-2).
The subgroup analyses were conducted by sex (male and female), race/ethnicity (white,
nonwhite, and others), age (≤69, 70-74, 75-84, and ≥85 years), eligibility for Medicaid, and
population density (quartiles). We fitted separate conditional logistic regressions to the data for
each subgroup and obtained subgroup-specific estimates of RR and ARD. We implemented a 2sample test for assessing statistically significant differences in the estimated RR and ARD
between categories within each subgroup (e.g., female vs male), based on the point estimate and
standard error (se) (Appendix 5 in the Supplement):

𝑍=

𝑅𝑅𝑚𝑎𝑙𝑒 − 𝑅𝑅𝑓𝑎𝑚𝑙𝑒
√𝑠𝑒(𝑅𝑅𝑚𝑎𝑙𝑒 )2 + 𝑠𝑒(𝑅𝑅𝑓𝑒𝑚𝑎𝑙𝑒 )

2

The goal was to estimate mortality rate increases (both RRI and ARD) at air pollution levels well
below the current daily NAAQS. The analysis was restricted to days with daily air pollution
concentrations below25 μg/m3 for PM2.5 and 60 ppb for ozone. We chose 25 μg/m3 and 60 ppb
instead of the current daily NAAQS (35 μg/m3 for daily PM2.5 and 70 ppb for 8-hour maximum
ozone) because levels of PM2.5 and ozone on most of the days included in the analysis were
already below the current safety standards.
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Exposure-response curves were estimated betweenPM2.5 or ozone and mortality by replacing
linear terms for the 2 pollutants with penalized splines for both PM2.5 and ozone.
All analyses were performed in R software version 3.3.2 (R Foundation). Computations were run
on (1) the Odyssey cluster supported by the Faculty of Arts and Sciences Division of Science,
Research Computing Group at Harvard University and (2) the Research Computing Environment
supported by the Institute for Quantitative Social Science in the Faculty of Arts and Sciences at
Harvard University.
Results
During the study period, there were more than 22 million case days (deaths) and more than 76
million control days (Table 3-1). Of all case and control days, 93.6% had PM2.5 levels below 25
μg/m3, during which 95.2% of deaths occurred (21,353,817 of 22,433,862), and 91.1% of days
had ozone levels below 60 ppb, during which 93.4% of deaths occurred (20,955,387 of
22,433,862). The baseline daily mortality rates were 137.33 and 129.44 (per 1 million persons at
risk per day [per 1M per day]) for the entire year and for the warm season, respectively. The
mean time between case and control days was 12.55 days (range 7-28 days), with minimal
differences in air and dew point temperatures between case and control days (0.003°C and
0.01°C, respectively). During the study period, the mean concentrations of PM2.5 and ozone were
11.6 μg/m3 and 37.8 ppb, respectively. Figure 3-1 and Figure 3-2 show the daily PM2.5 and ozone
time series by state, respectively.
Each 10-μg/m3 and 10-ppb increase in the lag 01-day exposure for PM2.5 and warm-season ozone
was associated with an RRI of 1.05% (95% CI, 0.95%-1.15%) and 0.51% (95% CI, 0.41%0.61%) in the daily mortality rate. The ARDs were 1.42 (95% CI, 1.29-1.56) and 0.66 (95% CI,
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0.53-0.78) per 1M per day. These associations remained significant when examining days below
25 μg/m3 for PM2.5 and below 60 ppb for ozone, with larger effect size estimates for both PM2.5
and ozone (RRI: 1.61% [95%CI, 1.48%-1.74%] and 0.58% [95%CI,0.46%-0.70%]; ARD: 2.17
[95% CI, 2.00-2.34] and 0.74 [95% CI, 0.59-0.90] per 1M per day, respectively) (Table 3-2).
PM2.5 was associated with higher mortality rate in some subgroups, including Medicaid eligible
individuals (RRI: 1.49% [95%CI, 1.29%-1.70%]; ARD: 3.59 [95%CI, 3.11-4.08] per 1M per
day; interaction: P < .001), individuals older than 70 years (e.g., for ≥85 years, RRI: 1.38% [95%
CI, 1.23%-1.54%]; ARD: 5.35 [95% CI, 4.75-5.95] per 1M per day; interaction: P < .001), and
females (RRI: 1.20% [95% CI, 1.07%-1.33%]; ARD: 1.56 [95%CI, 1.39-1.72] per1Mper day;
interaction: P = .02) (Figure 3-3 and Figure 3-4). The effect estimates for PM2.5 increased with
age. The effect estimate for black individuals was higher than that for white individuals (P
= .001; Figure S3-2 in the Supplement). For ozone, similar patterns were observed, but with less
contrast between groups. No significant differences were found in the short-term associations
between air pollution exposure (PM2.5 and ozone) and mortality across areas with different
population density levels (Figure 3-3 and Figure 3-4). Effect estimates using different lags of
exposure are shown in Figure S3-3 in the Supplement.
Figure 3-5 shows the estimated exposure-response curves for PM2.5 and ozone. The slope was
steeper at PM2.5 levels below 25 μg/m3 (P < .001), consistent with the low-exposure analysis
(Table 3-2). Both PM2.5 and ozone exposure-responses were almost linear, with no indication of
a mortality risk threshold at very low concentrations. Figure S3-4 in the Supplement shows the
exposure-response curves for PM2.5 when restricted to just the warm season and for ozone when
not restricted to the warm season; results were similar.
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Discussion
In this large case-crossover study of all Medicare deaths in the continental United States from
2000 to 2012, a 10-μg/m3 daily increase in PM2.5 and a 10-ppb daily increase in warm-season
ozone exposures were associated with a statistically significant increase of 1.42 and 0.66 deaths
per 1M per day, respectively. The risk of mortality remained statistically significant when
restricting the analysis to days with PM2.5 and ozone levels much lower than the current daily
NAAQS.18 This study included individuals living in smaller cities, towns, and rural areas that
were unmonitored and thus excluded from previous time series studies. There were no significant
differences in the mortality risk associated with air pollution among individuals living in urban
vs rural areas. Taken together, these results provide evidence that short-term exposures to PM2.5
and ozone, even at levels much lower than the current daily standards, are associated with
increased mortality, particularly for susceptible populations.
The Clean Air Act1 requires the administrator of the US EPA to set NAAQS at levels that
provide “protection for at-risk populations, with an adequate margin of safety.”19 In this study,
Medicaid-eligible individuals, females, and elderly individuals had higher mortality rate
increases associated with PM2.5 than other groups. Previous studies have found similar results in
some subgroups.20,21 Poverty, unhealthy lifestyle, poor access to health care, and other factors
may make some subgroups more vulnerable to air pollution. The exact mechanism is worth
exploring in future studies.
The current NAAQS for daily PM2.5 is 35 μg/m3. When restricting the analysis to daily PM2.5
levels below 25 μg/m3, the association between short-term PM2.5 exposure and mortality
remained but was elevated. The current daily NAAQS for ozone is 70 ppb; when restricting the
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analysis to daily warm-season ozone concentrations below 60 ppb, the effect size also increased
slightly. The exposure-response curves revealed a similar pattern. These results indicate that air
pollution is associated with an increase in daily mortality rates, even at levels well below the
current standards.
The exposure-response relationship between PM2.5 exposure and mortality was consistent with
findings of previous studies. One study combined exposure-response curves from 22 European
cities and reported an almost linear relationship between PM2.5 and mortality.22 Another
multicity study reported a linear relationship down to 2-μg/m3 PM2.5.23 The present study found a
similarly linear exposure-response relationship below 15-μg/m3 PM2.5 and a less steep slope
above this level.
For ozone, the linear exposure-response curve with no threshold described in this study is
consistent with earlier research. An almost linear exposure-response curve for ozone was
previously reported with no threshold or a threshold at very low concentrations.24 A study from
the Netherlands also concluded that if an ozone threshold exists, it does so at very low levels.25
Findings from this study are also consistent with the literature regarding the observed effect sizes
of both PM2.5 5,8,16,26-28 and ozone.7,20,29,30 This study further demonstrates that in more recent
years, during which air pollution concentrations have fallen, statistically significant associations
between mortality and exposures to PM2.5 and ozone persisted.
The association of mortality and PM2.5 exposure is supported by a large number of published
experimental studies in animals31-33 and in humans exposed to traffic air pollution,34,35 diesel
particles,36 and unfiltered urban air.37 Similarly, a review of toxicological studies and a recent
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panel study found that ozone exposure was associated with multiple adverse health
outcomes.38,39
Strengths
This study has several strengths. First, to our knowledge, this is the largest analysis of daily air
pollution exposure and mortality to date, with approximately 4 times the number of deaths
included in a previous large study.5 Second, this study assessed daily exposures using air
pollution prediction models that provide accurate estimates of daily levels of PM2.5 and ozone for
most of the United States, including previously unmonitored areas. An analysis that relied only
on exposure data from monitoring stations was found to result in a downward bias in estimates
(Table 3-2). Third, the inclusion of more than 22 million deaths from 2000 to 2012 from the
entire Medicare population provided large statistical power to detect differences in mortality
rates in potentially vulnerable populations and to estimate mortality rates at very low PM2.5 and
ozone concentrations. Fourth, this study estimated the air pollution–mortality association well
below the current daily NAAQS and in unmonitored areas, and it did not identify significant
differences in the mortality rate increase between urban and rural areas. Fifth, this study used a
case-crossover design that individually matched potential confounding factors by month, year,
and other time-invariant variables and controlled for time-varying patterns, as demonstrated by
the minimal differences in meteorological variables between case and control days.
Limitations
This study also has several limitations. First, the case-crossover design does not allow estimation
of mortality rate increase associated with long-term exposure to air pollution. Long-term risks in
the same study population have been estimated elsewhere.40 Second, because this study used
residential zip code to ascertain exposure level rather than exact home address or place of death,
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some measurement error is expected. Third, the Medicare population primarily consists of
individuals older than 65 years, which limits the generalizability of findings to younger
populations. However, because more than two-thirds of deaths in the United States occur in
people older than 65 years of age, and air pollution–related health risk rises with age, the
Medicare population in this study includes most cases of air pollution–induced mortality. Fourth,
Medicare files do not report cause-specific mortality. Fifth, the most recent data used in this
study are nearly 5 years old, and it is uncertain whether exposures and outcomes would be the
same with more current data.
Conclusions
In the US Medicare population from 2000 to 2012, short-term exposures toPM2.5 and warmseason ozone were significantly associated with increased risk of mortality. This risk occurred at
levels below current national air quality standards, suggesting that these standards may need to
be reevaluated.
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Table 3-1. Baseline Characteristics of Study Population (2000-2012)

Baseline Characteristics
Case days (No.)

22,433,862

Control days (No.)

76,143,209

Among All Cases (n = 22 433
862), %
Age at death
≤69 years

10.38%

70 to 74 years

13.37%

75 to 84 years

38.48%

≥85 years

37.78%

Sex
Male

44.73%

Female

55.27%

Race/ethnicity
White

87.34%

Black

8.87%

Asian

1.03%

Hispanic

1.51%
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Table 3-1 (Continued)

Native American

0.31%

Medicaid eligibility (n = 22 433 862), %
Ineligible

77.36%

Eligible

22.64%
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Table 3-2. Relative Risk and Absolute Risk Difference of Daily Mortality Associated with
Each 10-µg/m3 Increase in PM2.5 and Each 10-ppb Increase in Ozone

Relative Risk Increase, % (95%

Absolute Risk Difference

CI)

in Daily Mortality Rates,
No. Per 1 Million Persons
at Risk Per Day (95%
CI)a

PM2.5

Ozoneb

PM2.5

Ozoneb

1.05% (0.95%,

0.51% (0.41%,

1.42 (1.29,

0.66 (0.53,

1.15%)

0.61%)

1.56)

0.78)

Low-exposure

1.61% (1.48%,

0.58% (0.46%,

2.17 (2.00,

0.74 (0.59,

Analysisd

1.74%)

0.70%)

2.34)

0.90)

Single-pollutant

1.18% (1.09%,

0.55% (0.48%,

1.61 (1.48,

0.71 (0.62,

Analysise

1.28%)

0.62%)

1.73)

0.79)

Nearest Monitors

0.83% (0.73%,

0.35% (0.28%,

1.13 (0.99,

0.45 (0.37,

Analysisf

0.93%)

0.41%)

1.26)

0.53)

Air Pollutant
Analysis
Main Analysisc

Abbreviations: PM2.5, fine particulate matter; ppb, parts per billion.
a

The daily baseline mortality rate was 137.33 per 1 million persons at risk per day; the warm-

season daily baseline mortality rate was 129.44 per 1 million persons at risk per day.
b

Ozone analyses included days from the warm season only (April 1 to September 30).

c

The main analysis used the mean of daily exposure on the same day of death and 1 day prior

(lag 01-day) as the exposure metric for both PM2.5 and ozone, and controlled for natural splines
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of air and dew point temperatures with 3 df. The main analysis considered the 2 pollutants jointly
included into the regression model and estimated the percentage increase in the daily mortality
rate associated with a 10-μg/m3 increase in PM2.5 exposure adjusted for ozone and the percentage
increase in daily mortality rate associated with a 10-ppb increase in warm-season ozone exposure
adjusted for PM2.5.
d

The low-exposure analysis had the same model specifications as the 2-pollutant analysis and

was constrained for days when PM2.5 was below 25 μg/m3 or ozone below 60 ppb.
e

The single-pollutant analysis estimated the percentage increase in the daily mortality rate

associated with a 10-μg/m3 increase in PM2.5 exposure without adjusting for ozone and the
percentage increase in the daily mortality rate associated with a 10-ppb increase in ozone
exposure without adjusting for PM2.5.
f

PM2.5 and ozone monitoring data were retrieved from the US Environmental Protection Agency

Air Quality System, which provides the daily mean of PM2.5 and daily 8-hour maximum ozone
levels at each monitoring site. Daily ozone concentrations were averaged from April 1 to
September 30. Individuals were assigned to the PM2.5 and ozone levels from the nearest monitor
site within 50 km. Those living 50 km from any monitoring site were excluded.
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Figure 3-1. Daily Mean PM2.5 Concentrations in the Continental United States, 2000-2012

Daily mean fine particulate matter (PM2.5) concentrations were calculated and plotted by state.
The time-series plot at the bottom indicates the national daily mean values across all locations.
Boxplots show the distribution of daily PM2.5 levels for each state. The blue dashed line indicates
the daily National Ambient Air Quality Standards (NAAQS) for PM2.5 (35 μg/m3). The line
across the box, upper hinge, and lower hinge represent the median value, 75th percentile (Q3),
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and 25th percentile (Q1), respectively. The upper whisker is located at the smaller of the
maximal value and Q3 + 1.5 × interquartile range; the lower whisker is located at the larger of
the minimal value and Q1 – 1.5 × interquartile range. Any values that lie beyond the upper and
lower whiskers are outliers.
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Figure 3-2. Daily 8-Hour Maximum Ozone Concentrations in the Continental United
States, 2000-2012

Daily mean 8-hour maximum ozone concentrations were calculated and plotted by state. The
time-series plot at the bottom indicates the national daily mean values across all locations.
Boxplots show the distribution of daily ozone levels for each state. The blue dashed line
indicates the daily National Ambient Air Quality Standards (NAAQS) for ozone (70 parts per
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billion [ppb]). The line across the box, upper hinge, and lower hinge represent the median value,
75th percentile (Q3), and 25th percentile (Q1), respectively. The upper whisker is located at the
smaller of the maximal value and Q3 + 1.5 × interquartile range; the lower whisker is located at
the larger of the minimal value and Q1 – 1.5 × interquartile range. Any values that lie beyond the
upper and lower whiskers are outliers.
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Figure 3-3. Relative Risk Increase and Absolute Risk Difference of Daily Mortality
Associated With 10-μg/m3 Increase in Fine Particulate Matter (PM2.5)

For the main analysis, subgroup analyses used a 2-pollutant analysis (with both PM2.5 and
ozone), based on the mean of daily exposure on the same day of death and 1 day prior (lag 01day) as the exposure metric for PM2.5, and controlled for natural splines of air and dew point
temperatures (each with 3 df). Vertical lines indicate effects for the entire study population.
Subgroup analyses were conducted for each subgroup (e.g., male or female, white or nonwhite,
Medicare eligible or Medicare ineligible, age groups, and quartiles of population density). For
the main analysis and each subgroup, conditional logistic regressions were run to obtain relative
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risk increases and calculated absolute risk difference based on baseline mortality rates (Appendix
2 in the Supplement). Numbers in the figure represent point estimates, 95% CIs, and P values for
effect modifications. The reference groups were used when assessing effect modification.
a

Statistically significant effect estimate (at 5% level) compared with the reference group.
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Figure 3-4. Relative Risk Increase and Absolute Risk Difference of Daily Mortality
Associated With 10-Parts-per-Billion (ppb) Increase in Ozone

For the main analysis, subgroup analyses used a 2-pollutant analysis (with both PM2.5 and
ozone), based on the mean of daily exposure on the same day of death and 1 day prior (lag 01day) as the exposure metric for ozone, and controlled for natural splines of air and dew point
temperatures (each with 3 df). Vertical lines indicate effects for the entire study population.
Subgroup analyses were conducted for each subgroup (e.g., male or female, white or nonwhite,
Medicare eligible or Medicare ineligible, age groups, and quartiles of population density). For
the main analysis and each subgroup, conditional logistic regressions were run to obtain relative
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risk increases, and calculated absolute risk difference based on baseline mortality rates
(Appendix 2 in the Supplement). For ozone, analyses were restricted to the warm season (April
to September). Numbers in the figure represent point estimates, 95% CIs, and P values for effect
modifications. The reference groups were used when assessing effect modification.
a

Statistically significant effect estimate (at 5%level) compared with the reference group.
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A Exposure-response curve for PM2.5

B Exposure-response curve for ozone

Figure 3-5. Estimated Exposure-Response Curves for Short-term Exposures to Fine
Particulate Matter (PM2.5) and Ozone

A 2-pollutant analysis with separate penalized splines on PM2.5 (A) and ozone (B) was conducted
to assess the percentage increase in daily mortality at various pollution levels. Dashed lines
indicate 95% CIs. The mean of daily exposure on the same day of death and 1 day prior (lag 01day) was used as metrics of exposure to PM2.5 and ozone. Analysis for ozone was restricted to
the warm season (April to September). Ppb indicates parts per billion.
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Supplementary Material
Appendix 1. Covariates and Spatial Join
In the subgroup analysis, we used 5 variables to define subgroups, including sex (male or
female), race (White, non-White, and other groups), age at death (≤69, 70~74, 75~84, and ≥85),
Medicaid eligibility (as a proxy for low socioeconomic status [SES]), and quartiles of population
density. Sex, race, age at death, and Medicaid eligibility were either retrieved or calculated from
Medicare data. Population density was obtained from the 2000 US Census and the 2010 US
Census.
Daily air and dew point temperatures data were retrieved from the North American Regional
Reanalysis data in approximate 32 km × 32 km grids. We acquired daily 1 km × 1 km gridded air
pollution levels (PM2.5 and ozone) from previously developed and validated air pollution
prediction models.1,2 The prediction models predict the daily mean of PM2.5 and 8-hour
maximum ozone. For each individual, we extracted the residential zip code at death and obtained
air temperature, dew point temperature, PM2.5, and ozone levels by taking the inverse-distance
mean of the 4 nearest grid cells to the zip code’s centroid.
We used air pollution monitoring data from the United States Environmental Protection
Agency’s Air Quality System for the Nearest Monitor Analysis.3 We obtained the daily mean of
PM2.5 and daily 8-hour maximum ozone. To join monitoring data to each residential zip code, we
identified the nearest monitoring site within 50 km of the zip code (based on centroid point) and
assigned air pollutant measurements to that zip code. If there was more than one monitoring site,
we chose the nearest one; if there were no monitoring sites within 50 km, we treated the
monitored exposure level as missing and excluded that zip code from the analysis.
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Appendix 2. Pooled Analysis
We estimated the exposure-response curves between both air pollutants and mortality using
penalized splines. Due to computational limitations, running a conditional logistic regression
with penalized splines on the whole data set was not possible. Instead, we randomly divided the
entire data set into 50 groups with equal probability and estimated exposure-response curves for
each group separately. To combine exposure-response curves from group-level analyses, we
applied the meta-smoothing approach that was used and modified in previous studies.5-7 In each
group, the predicted relative risk (RR) and its point-wise standard error were computed for each
1 µg/m3 increment in PM2.5 or 1 ppb increment in ozone. These group-level effect estimates
(𝛽̂𝑖𝑗 =log RR) in each group i and for exposure level j, and corresponding standard error 𝑠𝑒(𝛽̂𝑖𝑗 )
were combined by regressing 𝛽̂𝑖𝑗 against indicator variables for each exposure level, with inverse
variance weights. We assumed:
𝛽̂𝑖𝑗 ~𝑁(𝛽1 𝑑1 + 𝛽2 𝑑2 + ⋯ + 𝛽𝑗 𝑑𝑗 , 𝑉𝑖𝑗 )
where 𝑑𝑗 is the indicator variable for exposure level j, and 𝑉𝑖𝑗 is the estimated variance in group i
at exposure level j.
The meta-analysis was implemented with R package mvmeta.8
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Appendix 3. Statistical Model
Statistical Model
Conditional logistic regression takes stratification into consideration.4 The analysis included 1
case day and 3 or 4 control days in each stratum; we assumed 3 control days here for illustration
purposes. The contribution of likelihood of a stratum was:
𝑃(𝑌𝑖1 = 1, 𝑌𝑖2 = 0, 𝑌𝑖3 = 0, 𝑌𝑖4 = 0|𝑿𝑖1 , 𝑿𝑖2 , 𝑿𝑖3 , 𝑿𝑖4 )

=

exp(𝛼𝑖 + 𝜷𝑇 𝑿𝑖1 )
exp(𝛼𝑖 + 𝜷𝑇 𝑿𝑖1 ) + exp(𝛼𝑖 + 𝜷𝑇 𝑿𝑖2 ) + exp(𝛼𝑖 + 𝜷𝑇 𝑿𝑖3 ) + exp(𝛼𝑖 + 𝜷𝑇 𝑿𝑖4 )

where Yil ∈ {0,1} is the death indicator of the 𝑙th observation in the 𝑖th stratum; 𝑿𝑖𝑙 are the
predictors, and included PM2.5, ozone, splines of air temperature and dew point temperature; 𝜷
are regression coefficients; 𝛼𝑖 is stratum-specific intercepts, which cancels out.
We implemented conditional logistical regression in R software, version 3.3.2.
Estimation of Related Risk
The relative risk increase (RRI) of all-cause mortality for 10-µg/m3 increase in PM2.5 and 10-ppb
increase in ozone was given by the conditional logistic regression: 𝑅𝑅𝑃𝑀2.5 = 𝑒𝑥𝑝(10 ∗ 𝛽𝑃𝑀2.5 )
and 𝑅𝑅𝑜𝑧𝑜𝑛𝑒 = 𝑒𝑥𝑝(10 ∗ 𝛽𝑜𝑧𝑜𝑛𝑒 ). We also calculated absolute risk difference (ARD), that is,
the difference in the daily mortality rate associated with 10 µg/m3 increase in short-term
exposures to PM2.5 as following. First, we calculated the baseline daily mortality rate as the daily
death rate in the Medicare population during our study period, which we denoted as 𝛼. We then
calculated the ARD associated with 10 µg/m3 increase in PM2.5 as 𝐴𝑅𝐷𝑃𝑀2.5 = 𝛼 ∗
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𝑅𝑅𝑃𝑀2.5 −1
RRPM2.5

and its standard error as 𝑠𝑒(𝐴𝑅𝐷𝑃𝑀2.5 ) = 𝛼 ∗ 𝑒𝑥𝑝(−𝛽𝑃𝑀2.5 ∗ 10) ∗ 𝑠𝑒(10 ∗ 𝛽𝑃𝑀2.5 ) according to
the delta method. For ozone, the ARD estimate was calculated in a similar way, but using
baseline daily mortality rate only for the warm season (from April to September). We calculated
subgroup-specific ARD by using subgroup-specific daily mortality rate.
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Appendix 4. Sensitivity Analysis of Warm-Season Results
We restricted our analysis to the warm season (April 1 to September 30) when estimating the
effect size of ozone in the main analysis. In a sensitivity analysis, we defined the warm season as
May 1 to October 30 and restricted the analysis within this period. Results indicated that every
10-ppb increase in ozone was associated with a 0.59% (95% CI: 0.49%, 0.68%) increase in
mortality, compared with a 0.51% (95% CI: 0.41%, 0.61%) increase in the main analysis (Table
3-2).
We reported the exposure-response relationship for PM2.5 in Figure 3-5; here, we also reported
the exposure-response relationship for PM2.5 restricted to the warm season (April 1 to September
30) (Figure S3-4). We reported the exposure-response relationship for ozone during the warm
season (April 1 to September 30) only in Figure 3-5; here, we also reported the exposureresponse relationship for the entire year (Figure S3-4).
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Appendix 5. Test for Interaction
To test for statistically significant difference in RR estimates across categories within subgroups,
for example, in males vs females (𝐻0 : 𝑅𝑅𝑚𝑎𝑙𝑒 = 𝑅𝑅𝑓𝑒𝑚𝑎𝑙𝑒 ), we calculated: 𝑍 =
𝑅𝑅𝑚𝑎𝑙𝑒 −𝑅𝑅𝑓𝑒𝑚𝑎𝑙𝑒
√𝑠𝑒(𝑅𝑅𝑚𝑎𝑙𝑒 )2 +𝑠𝑒(𝑅𝑅𝑓𝑒𝑚𝑎𝑙𝑒 )

2

. We tested whether ARD is significantly different in a similar way,

using point estimate and standard error of ARD.
We also tested whether RR estimates are significantly different below and above a certain air
pollution threshold. Subgroups were defined in which one category of individuals died with
exposure levels above the threshold and the second category died below the threshold. We
repeated the above calculation to test whether RR estimates are significantly different.
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Table S3-1. Sensitivity Analysis Using the Same Day Exposure (lag 0 day) and Previous
Day Exposure (lag 1 day) and Mean of Daily Exposure on the Same Day of Death and One
Day Prior (lag 01 day) of PM2.5 and Ozone

a

PM2.5a

Ozonea

Relative Risk Increase AICb

Relative Risk Increase

Estimate (95% CI)

Estimate (95% CI)

AICb

Lag 01 Dayc

1.05% (0.95%, 1.15%)

64,646,725

0.51% (0.41%, 0.61%)

30,635,577

Lag 1 Dayd

0.83% (0.67%, 1.00%)

64,646,901

0.55% (0.38%, 0.72%)

30,635,801

Lag 0 Dayd

0.79% (0.62%, 0.95%)

64,646,854

0.35% (0.19%, 0.51%)

30,635,663

The analysis estimated PM2.5 effect based on case days and control days from the entire year,

while the ozone analysis used case days and control days from the warm season only (April 1 to
September 30).
b

Akaike information criterion

c

The main analysis; results identical to Table 3-2.

d

To conduct the sensitivity analysis, we repeated the main analysis, but used the same day

exposure (lag 0 day) and previous day exposure (lag 1 day). This model also controlled for
natural splines of air and dew point temperatures with 3 degrees of freedom. The 2-pollutant
analysis estimated the percentage increase in daily mortality rate associated with each 10 μg/m3
increase in PM2.5 exposure adjusted for ozone and the percentage increase in the daily mortality
rate associated with each 10 ppb increase in ozone exposure adjusted for PM2.5.
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Figure S3-1. Sensitivity Analysis Using Splines on Meteorological Variables with More
Degrees of Freedom.
We repeated the main analysis, but changed the natural splines on air temperature and dew point
temperature to 6 degrees of freedom and 9 degrees of freedom. The sensitivity analysis estimated
the percentage increase of mortality associated with each 10-μg/m3 increase in PM2.5 exposure
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adjusted for ozone and the percentage increase of mortality associated with each 10 ppb increase
in ozone exposure adjusted for PM2.5. The error bar indicates 95% confidence interval.
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6

Figure S3-2. Relative Risk Increase and Absolute Risk Difference of Daily Mortality
Associated with Each 10 µg/m3 Increase in PM2.5 and 10 ppb Increase in Ozone among
Non-Whites

Figure S3-2 was created using the same method as that described in Figure 3-2. The vertical lines
were placed at the effect estimate for White individuals.
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Figure S3-3. Relative Risk Increase Associated with Each 10 µg/m3 Increase in PM2.5 and
10 ppb Increase in Ozone for Single-lag Models.
As a sensitivity analysis of the exposure time window, we used single-lag 2-pollutant models and
compared them to our main models that used the mean of daily exposure on the same day of
death and one day prior (Lag 01 Day). For example, in the Lag 0 Day Model, we included ozone
and PM2.5 levels at day 0 (on the same day of death), temperature, and dew point temperature; in
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the Lag 1 Day Model, we included ozone and PM2.5 levels at day 1 (1 day before the date of
death), temperature, and dew point temperature. We fit the single-lag models separately and
obtained risk estimates. We considered air pollution from the same day (lag 0 day) to up to 4
days (lag 4 day). Figure S3-3 illustrates that lag 0 day and lag 1 day are most relevant to daily
mortality. Air pollution concentrations 2 days prior to the date of death were less relevant to
daily mortality. Based on the sensitivity analysis results (Table S3-1), we used the mean of daily
exposure on the same day of death and one day prior (lag 01 day) as the exposure metric for both
PM2.5 and ozone.
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Figure S3-4. Estimated Exposure-response Curves for Short-term Exposures to PM2.5 and
Ozone for the Entire Year and Restricted to the Warm Season.
A 2-pollutant analysis with separate penalized splines on PM2.5 (left panels) and ozone (right
panels) was conducted to assess the percentage increase in daily mortality at various pollution
levels. Dashed lines indicate 95% confidence intervals. The mean of daily exposure on the same
day of death and one day prior (lag 01 day) were used as metrics of PM2.5 and ozone. We plotted
the exposure-response relationships for the entire year (upper panels). Analysis for both air
pollutants were repeated and restricted to the warm season (April to September) (lower panels).
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Conclusion Remarks
Air pollution is a serious public health concern, and a major cause of death and multiple adverse
health outcomes. My colleagues and I investigated the association between all-cause mortality and
exposures to air pollution in the long-term and short-term, particularly at places with air pollution
levels below the current air quality standards. We identified subgroups that are more vulnerable to
air pollution than the rest of the population. Our studies provide strong evidence to reevaluate the
current air quality standards.
We found that together with neural network, satellite data, meteorological variables, land-use
variables, and some other data sets are good predictors of ground-level PM2.5 concentration. This
air pollution model predicted daily PM2.5 concentrations from 2000 to 2012 for every square
kilometer in the continental United States with high accuracy. Model prediction and monitored
PM2.5 have a good agreement (R2 = 0.84). Model performance for ozone was also good (R2 = 0.76).
In the survival analysis on the long-term effect of air pollution, we found that increases of 10 μg/m3
in annual PM2.5 and of 10 ppb in warm-season ozone were associated with increases in all-cause
mortality of 7.3% (95% confidence interval [CI], 7.1 - 7.5) and 1.1% (95% CI, 1.0 - 1.2),
respectively. When restricting analyses to PM2.5 below 12 μg/m3 (the current annual air quality
standard) and ozone below 50 ppb, the same increase in PM2.5 and ozone were associated with allcause mortality increase of 13.6% (95% CI, 13.1 - 14.1) and 1.0% (95% CI, 0.9 - 1.1), respectively.
This low-exposure analysis provides strong evidence that the association between air pollution and
mortality remains below the current air quality standards. The current air quality standards need to
be reevaluated. Moreover, males, African Americans, Asian, Hispanic persons; and people with
low socioeconomic status had higher risk of mortality associated with air pollution. These groups
are more vulnerable to air pollution than the rest of the population.
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In the case-crossover analysis on the short-term effect of air pollution, we found that each 10 μg/m3
and 10 ppb increase in PM2.5 and ozone (the mean exposure level on the same day of death and
one day prior) was associated with increases in daily all-cause mortality of 1.05% (95% CI, 0.95%1.15%) and 0.51% (95% CI, 0.41%-0.61%). When restricting analyses to days with PM2.5 below
25 μg/m3 and ozone below 60 ppb, much lower than the current daily air quality standards, the
same increases in PM2.5 and ozone were associated with daily mortality increase of 1.61% (95%
CI, 1.48 – 1.74) and 0.58% (95% CI, 0.46 – 0.70), respectively. Again, this low-exposure analysis
indicate that the current daily air quality standards need to be reevaluated. In subgroup analysis,
we found that people of low socioeconomic status, older than 70 years, females, and African
Americans had higher risk of mortality associated with air pollution.
Both the long-term and short-term analyses did not find any threshold level, at which level air
pollution is safe and imposes no health effect. In other words, any levels of air pollution, no matter
how low it is, is associated with increased risk of mortality.
In conclusion, air pollution is associated with increased risk of mortality. Moreover, long-term and
short-term exposures to low levels of air pollution are associated with increased risk of mortality,
providing strong evidence that the current air quality standards need to be reevaluated.
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