
 
SUPPLEMENTARY MATERIALS 
 
 
Table S1:  Daily hospitalization rates for 1999Ñ 2005 for each cardiovascular and 
respiratory sub-outcome. Median (IQR) per 100,000 people across 108 US counties, 
stratified by geographical region and by high and low percent urbanicity. High and low 
percent urbanicity are defined as below or above the median percent urbanicity for the 
108 counties included in the data set, which is equal to 95%. 
 
 National Low urbanicity High urbanicity 
Number of Counties 108 54 54 
CVD 19.7 (16.2 to 22.2) 19.8 (17.3 to 22) 19.2 (15.7 to 22.5) 
ischemic heart disease 5.9 (5 to 6.8) 6.2 (5.3 to 6.8) 5.5 (4.9 to 6.9) 
heart rhythm 3.1 (2.6 to 3.5) 3.1 (2.7 to 3.5) 2.9 (2.6 to 3.6) 
heart failure 5.2 (4.2 to 6.3) 5.2 (4.5 to 6.2) 5.2 (4.1 to 6.6) 
cerebrovascular disease 4.3 (3.7 to 4.8) 4.3 (3.7 to 4.8) 4.2 (3.6 to 4.8) 
peripheral vascular disease 0.7 (0.6 to 0.9) 0.8 (0.6 to 0.9) 0.7 (0.6 to 0.9) 
RESP 7.3 (6.6 to 8.8) 7.9 (6.8 to 9.1) 7.1 (6.3 to 8.5) 
respiratory infection 5.2 (4.4 to 6.1) 5.4 (4.6 to 6.1) 5 (4.4 to 6) 
COPD 2.4 (1.8 to 2.8) 2.5 (2 to 2.8) 2.2 (1.8 to 2.7) 
injury 4.5 (4.2 to 4.9) 4.6 (4.2 to 4.9) 4.4 (4.1 to 4.8) 
    
    
 East Low urbanicity High urbanicity 
Number of Counties 77 37 40 
CVD 20.7 (18.9 to 23.5) 20.4 (18.9 to 22.8) 21.2 (18.9 to 24.3) 
ischemic heart disease 6.2 (5.6 to 7.2) 6.3 (5.8 to 7) 6.2 (5.3 to 7.3) 
heart rhythm 3.3 (2.9 to 3.7) 3.2 (3 to 3.6) 3.3 (2.8 to 3.9) 
heart failure 5.7 (5 to 7.1) 5.5 (4.7 to 7) 5.9 (5.1 to 7.5) 
cerebrovascular disease 4.6 (4.1 to 5) 4.6 (4 to 4.9) 4.7 (4.2 to 5.1) 
peripheral vascular disease 0.8 (0.7 to 1) 0.8 (0.7 to 0.9) 0.8 (0.7 to 1.1) 
RESP 8.1 (7 to 9.3) 8.1 (7 to 9.2) 8.1 (6.9 to 9.5) 
respiratory infection 5.5 (4.7 to 6.2) 5.5 (4.7 to 6.1) 5.4 (4.9 to 6.3) 
COPD 2.6 (2.2 to 3.1) 2.6 (2.4 to 3) 2.4 (2.1 to 3.1) 
injury 4.7 (4.2 to 5) 4.8 (4.4 to 5) 4.5 (4.2 to 4.8) 
    
    
 West Low urbanicity High urbanicity 
Number of Counties 31 17 14 
CVD 15.5 (13.6 to 16.6) 15.6 (13.6 to 18.7) 15.5 (13.9 to 15.8) 
ischemic heart disease 4.8 (4.1 to 5.4) 5.1 (4.2 to 6.4) 4.8 (4 to 5) 
heart rhythm 2.4 (2.3 to 2.6) 2.5 (2.3 to 2.8) 2.3 (2.2 to 2.6) 
heart failure 3.8 (3.4 to 4.3) 3.7 (3.3 to 4.9) 3.8 (3.6 to 4.2) 
cerebrovascular disease 3.6 (3.3 to 3.8) 3.6 (3.2 to 4.1) 3.6 (3.3 to 3.7) 
peripheral vascular disease 0.6 (0.5 to 0.7) 0.5 (0.5 to 0.7) 0.6 (0.5 to 0.6) 
RESP 6.5 (5.7 to 7.5) 6.7 (5.7 to 8.5) 6.3 (5.4 to 6.9) 
respiratory infection 4.7 (4.2 to 5.4) 4.8 (4.1 to 6.2) 4.5 (4.2 to 5) 
COPD 1.8 (1.5 to 2.2) 1.9 (1.7 to 2.6) 1.8 (1.3 to 2) 
injury 4.2 (4 to 4.4) 4.2 (4.1 to 4.4) 4.2 (4 to 4.4) 

 



Figure S1:  Percentage Change in Hospitalization Rate per 10 

! 

µg/m3 increase in PM10-

2.5, unadjusted (solid circle) and adjusted (open circle) for PM2.5 on average across 108 
counties at lag 0. Results are reported for the following cause-specific cardiovascular and 
respiratory outcomes: chronic obstructive pulmonary disease (COPD) (490-492); 
respiratory infections (464-466 and 480-487); peripheral vascular disease (440-448); 
cerebrovascular events (430-438); heart failure (428), heart rhythm disturbances (426-
427); ischemic heart disease (410-414, 429). 
 

  



Figure S2:  Percentage change in hospitalization rate by cause per 10 

!  

µg/m3 increase in 
PM2.5, unadjusted (solid circle) and adjusted (open circle) for PM10-2.5 on average across 
108 US counties. Estimates shown for All Resp, respiratory infection, and ischemic heart 
disease are for a two-day lag exposure to PM2.5.  All other estimates are for same-day lag 
exposure. 
 

 
 



Figure S3a:  Sensitivity analysis of the percentage change in hospitalization rates for 
cardiovascular, respiratory, and injury hospitalization rates (ICD: 800-849) per 10 

! 

µg/m3 
increase in lag 0 PM10-2.5 with respect to the degrees of freedom used in the smooth 
function of time. 
 

 
 



Section S3b: Sensitivity analysis of the percentage change in hospitalization rates for 
cardiovascular, respiratory, and injury hospitalization rates (ICD: 800-849) per 10 

!  

µg /m3 
increase in lag 0 PM2.5 (for cardiovascular and injury) and lag 2 (for respiratory) with 
respect to the degrees of freedom used in the smooth function of time. 
 

 
 



Section A:  Power Considerations 
 
A key feature of our approach is that we used the full suite of evidence available 
nationally; however, power is inherently and inescapably limited, particularly for 
testing hypotheses related to effect modification.  For estimating the acute effects of 
PM10-2.5  using the county as a geographical unit, we used a subset of the study population 
used in the national analysis of PM2.5 on cardiovascular and respiratory hospital 
admissions and therefore we expected similar power as in (1). To increase the 
statistical power, we aggregated the hospitalization counts across the 5 and 2 
cardiovascular and respiratory outcomes considered in the previous study.  
 
For example, with data from 1999-2005 and cardiovascular hospital admissions, we 
would have the power (80%) to detect a national average relative risk as small as 0.45% 
per 10 !g/m3 and a change in the county-specific risk as small as 0.07% for every 1% 
change in a countyÕs percent urban.   
 

Specifically, let 
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!  be the RR for county c and ! the national average relative risk. 
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In estimating effect modification of a city-specific covariate cx , the marginal distribution 

of c!ˆ  follows ),,( 2!"# ++ cc vxN where !  is the parameter of interest. By weighted 
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Table S2 summarizes the power for estimating the national average relative risk for 
cardiovascular and respiratory admissions.  Table S3 summarizes the power for 
estimating the effect modification of county-specific percent urban on the national 
average relative risk for cardiovascular and respiratory diseases. 
 



Table S2: Power analysis for national average effect of lag 0 exposure to PM10-2.5. 
 
Outcome  Effect Size  Power  
CVD 0.25 0.35 
 0.35 0.59 
 0.45 0.80 
 0.55 0.93 
 0.65 0.98 
 0.75 1.00 
 0.85 1.00 
RESP 0.20 0.10 
 0.40 0.28 
 0.60 0.54 
 0.80 0.80 
 1.00 0.93 
 1.20 0.99 
 1.40 1.00 

 
 
Table S3:  Power analysis for the interaction between county-specific percent urban and 
the effect of lag 0 exposure to PM10-2.5 on cardiovascular admissions.  The effect size is 
presented as a change in the county-specific risk per 1% increase in a countyÕs percent 
urban. 
 
Outcome  Effec t Size Power  
CVD 0.01 0.06 
 0.03 0.22 
 0.05 0.50 
 0.07 0.78 
 0.09 0.94 
 0.11 0.99 
RESP 0.04 0.15 
 0.06 0.27 
 0.08 0.44 
 0.10 0.62 
 0.12 0.77 
 0.14 0.89 
 0.16 0.95 
 0.18 0.98 

 



Section B:  Details of Regression Calibration Analysis for PM10-2.5 
 
In the original analyses, daily county-level exposure indicators for PM2.5 and PM10-2.5 
were defined as the trimmed mean of all available PM10-2.5 observations from collocated 
monitors on a particular day. Our regression calibration approach viewed measurements 
from multiple monitors as error-prone repeated measurements of the unobserved true 
exposure. Here true exposure is defined as the average exposure experienced by the at-
risk population over the county's geographic area. Within each county, we modeled PM2.5 
and PM10-2.5 separately under the classical measurement error model. We assumed the 
observed monitor-specific measurements on a particular day were generated from the true 
exposure plus an independent Normal random error with mean zero. We restricted the 
measurement error variances to be time-invariant but allowed them to differ across 
counties. To estimate county-specific relative risks, we replaced the true county-average 
exposure with its best linear unbiased predictor estimated from the measurement error 
model. 
 
Denote 

! 

Wtm
c  as the observed measurement of PM10-2.5 on day t at monitor m in county c 

and denote 

! 

X
t

c  as the corresponding true unobserved county-level exposure.  The 
classical measurement error model assumes 

!  

W
tm

c  = 
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X
t

c  + 

!  

U
tm

c , where 

!  

Utm
c  represents a 

mean zero measurement error with constant variance.   Additionally, we assume that the 
true county-level PM10-2.5 measurement 

!  

Xt
c depends on covariates 

!  

Zt
c, which includes 

predictors such as the day of the week as well as smooth functions of time and 
temperature.  Conditional on 

! 

Xt
c and 

!  

Zt
c we assume that 

!  

U
tm

c  has a Normal distribution 
with mean zero and variance 

! 

"
uu

c .  This variance can be estimated in counties that have 
multiple collocated monitors from which PM10-2.5 can be calculated. 
 
Following closely the development of Chapter 4 of Carroll, et al (2), we can estimate 
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Here, 

!  

W t
c
 is the average of the observed PM10-2.5 values across monitors for a given day t, 

!  

µw
c  is the overall mean of the observed PM10-2.5 across all monitors and all days, and 

!  

µ
z

c is 
the overall mean of the predictors in 

!  

Z
t

c.  We use 

! 

"ab to denote the covariance between 
two variables a and b.  In the above equation, 

!  

Mt
c indicates the number of monitor 

measurements on day t. 
 
Among the 108 counties used in this study, only 60 had more than one collocated 
monitor.  Across the 60 counties, the square root of the measurement error variance for 
PM10-2.5 ranged from 1.3 to 11.1 and the correlation between the regression calibrated 
version of PM10-2.5 and the version used for the main findings was high, ranging from 
0.93 to 0.99 across the 60 counties.  Figure S4 summarizes the national average relative 



risk estimates for cardiovascular and respiratory diseases using our original model and 
the regression calibration approach. 
 



Figure S4:  Percent change in hospital admission rates for cardiovascular and respiratory 
diseases per 10-µg/m3 increase in PM10-2.5, adjusted for PM2.5. Each panel shows for each 
lag the original reported estimate (solid circle), the estimate using a subset of 60 counties 
(open circle), and the regression-calibrated estimate using 60 counties (triangle). 
 

 



Section C:  Details of Pollutant Processing 
 
This section describes how the pollutant (PM10-2.5 and PM2.5) data were constructed from 
the monitor data. 
 
First, each county has associated with it a number of monitors for a given a pollutant 
(either PM10-2.5 and PM2.5).  For PM10-2.5 we refer to a pair of collocated PM10 and PM2.5 
monitors.  If a county has only one monitor (or only one pair of collocated monitors), 
then nothing is done and the series for that monitor is used for the county.  For counties 
with more than one monitor, let 

! 

X jt
c  be the raw pollutant value for monitor j in county c 

on day t.  The detrended value 

! 

R jt

c  is defined as

! 

Rjt
c  = 

! 

X jt

c  - 

!  

M jt

c , where 

! 

M jt
c  is a 365 day 

two-sided running mean of 

! 

X jt

c .  The values of 

!  

Rjt
c  are the detrended ÒresidualsÓ from the 

original pollutant series.  If a county has 2 monitors, then 

!  

Rjt
c

 is computed for each day t 

as 

!  

Rt

c

 = 0.5 (

! 

R1t
c  + 

! 

R
2t

c ).  If a county has more than 2 monitors, then a 10% trimmed mean 
of the 

!  

Rjt
c Õs is taken for each day.  That is, if there are J monitors in a county, then for 

each day t, 

!  

Rt
c
 = TrimmedMean10%[

!  

R1t
c , É, 

! 

R
Jt

c ].  If there are fewer than 10 monitors, 
then the lowest and highest values for each day are still discarded and mean is taken over 
the remaining values.  The median of the 365-day running means is also computed as 

!  

Mt

c

= Median[M1,t
c ,...,M

Jt

c ] .  Then the series 

!  

X t

c

= Rt

c

+ Mt

c

 is used as the pollutant 
measurement for county c on day t. 
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