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Overall, the ISA is a generally thorough, balanced, and well-written summary of the
existing PM health literature. However, we do have some significant concerns as follows:

1. The discussion of the accumulated evidence for specific PM components and
health impacts is limited in the ISA compared with previous Criteria Documents
for PM, despite the significant recent literature on this issue. Much more
emphasis should be placed on this topic in the ISA. As PM composition clearly
influences resultant toxicity, it would behoove the Agency to evaluate the
feasibility of a regulatory paradigm that emphasizes those components that are of
most concern from a health perspective. The first step in such an activity is to
compile all available information and review it to evaluate weight-of-evidence;
the result of such an evaluation should be included in the ISA. This is particularly
true given the Agency’s application of causality criteria for PM size metrics in the
ISA,; this application should be extended to PM components.

2. In particular, Section 2.3.3 inaccurately characterizes the literature related to PM
composition and health effects. The section is termed “PM, s Constituents or
Sources Linked to Health Outcomes”; however, the table only includes studies
that use factor analytical approaches in the context of the complex PM mixture.
The numerous epidemiological and toxicological studies that have examined
specific components in the absence of such analyses are not mentioned and should
be included (e.g., Klemm et al., 2004; Metzger et al., 2004; Peel et al., 2005; Peel
et al., 2007; Sinclair and Tolsma, 2004; Tolbert et al., 2000; Ostro et al., 2009;
citations provided at end of comments). We also note that the results of Laden et
al.. (2000) are incorrectly cited here and elsewhere in the ISA. In the reanalysis
(Schwartz, 2003), the association between mortality and the coal combustion
source factor was no longer statistically significant.

3. We note that in many cases, human or animal exposures to complex mixtures
(e.g., DE, woodsmoke) are included as evidence of PM-related effects. In some
cases, filtration was conducted to allow attribution of observed effects to either
PM or gas-phase materials; however, in most cases this was not done. It is
therefore difficult to characterize PM as the sole causative agent in these studies.
Furthermore, and along the lines of our comment 1 above, although many of the
studies cited in the ISA used traffic or diesel exhaust as estimates of exposure, no
attempt was made to integrate the results for these metrics.

4. The issue of co-pollutants is rarely addressed comprehensively in the ISA, and
there is a need to consider all potential co-pollutants systematically. There is also
the possibility that measured pollutants may be serving as surrogates for
substances that are not routinely measured. For example, a paper in press (Lipfert
et al., 2009; attached to these comments) reports that several non-criteria air
pollutants appear to be more highly associated with premature mortality than the
NAAQS pollutants.



Selected Specific Comments:

Chapter 5
p. 5-13: The involvement of trigeminal nerve-mediated responses (sensory irritation) in

the upper airways should be included here as these responses affect both respiratory
pattern as well as cardiovascular function. There is a large literature on this well-studied
response, including the following:

Alarie, Y. 1973. Sensory irritation by airborne chemicals. CRC Crit Rev Toxicol 2:299-363.

Nielsen, G.D. 1991. Mechanisms of activation of the sensory irritant receptor by airborne chemicals. Crit.
Rev. Toxicol. 21:183-208.

Chapter 6:

Note: Seagrave et al. (2008) should be included in the relevant sections of Chapter 6
(both respiratory and cardiovascular endpoints).

Seagrave, J.C., Campen, M.J., McDonald, J.D., Mauderly, J.L., and Rohr, A.C. 2008. Oxidative stress,
inflammation, and pulmonary function assessment in rats exposed to laboratory-generated pollutant
mixtures. J. Toxicol. Environ. Health, Part A 71:1352-1362.

p. 6-17, 2" full paragraph: Routledge et al. (2006) exposed human volunteers to ultrafine
elemental carbon/carbon black. This should be reflected in the discussion, and the generic
term “carbon” modified. Certainly there was no organic carbon involved in the
exposures. Moreover, the conclusion of the study, as stated by the authors, was that “The
adverse effects of vehicle derived particulates are likely to be caused by more reactive
species found on the particle surface”, which is rather different from that expressed in
lines 27-30 of the ISA.

p. 6-30, 1° full paragraph: The comparison of the work of Anselme et al. (2007) with
Wellenius et al. is invalid and inappropriate given that each investigated a different PM
source (Anselme DE, Wellenius ROFA).

p. 6-31, lines 18-19: Not sure how this statement is relevant, given that DE-filtered
atmospheres (with virtually zero PM) induced effects.

p. 6-37: The Dales et al. and Rundell et al. studies both implicate traffic, and there could
be other dimensions of this exposure besides PM that explain the result.

p. 6-40, lines 5-7: There are numerous gas-phase and SV organic compounds as well in
DE.

p. 6-61: The Reidiker et al. study examined specific components of PM; this should be
noted.

p. 6-65, 1° full paragraph: In addition to the factors stated at the end of the paragraph, PM
composition is likely to strongly influence results.



p. 6-69: Again, the section organization is inconsistent. “PM Components” is included as
a separate subsection for toxicological studies of oxidative stress, but is not consistently
presented for other endpoints (or other study approaches, i.e., epidemiology, clinical
studies).

p. 6-76: Metzger et al. (2004) also analyzed PM and its components jointly with CO and
NO;, both of which appeared to be stronger predictors of ED visits. It should be noted
that Sarnat et al. (2008) used a different set of lags than did Metzger et al.

p. 6-82, lines 19-20: There is inconsistent presentation of results in the document. Here,
the ISA states that positive associations were observed but did not reach statistical
significance; however, other studies’ findings are not consistently described in this
manner.

p. 6-88, lines 12-17: Metzger et al. (2007) should be included in this section.
p. 6.89, lines 1-4: See above comments for Metzger et al. (2004).

p. 6-126, Section 6.3.2.3: This section needs to consider and discuss trigeminal nerve
stimulation, i.e., sensory irritation (see comment above).

p. 6-141, 1% paragraph: The greater toxicologic potency of urban particles in Schaumann
et al. (2004) could also be due to a greater contribution of organic material, not only to
greater concentration of transition metals.

p. 6-145, 1% paragraph: The ISA should discuss the limitations and caveats of the
monocrotaline model and its representiveness to human disease.

p. 6-151: Because collected coal fly ash (e.g., from an electrostatic precipitator) is by its
nature material that has been retained and does not enter the atmosphere, its relevance to
human exposure is unclear. Moreover, emissions generated from lab-scale combustors
differ significantly from full-scale plant emissions due to (a) difference in time-
temperature histories; and (b) the lack of pollution control equipment such as ESPs,
SCRs, and FGD systems.

p. 6-154, lines 15-18: Besides a greater proportion of UF particles near roadways, there
are also elevated concentrations of traffic-related pollutants in general, including gas-
phase compounds and other PM size fractions.

p. 6-159, “Summary”: Virtually all the studies presented in the ISA in the section on
allergic sensitization were conducted with diesel emissions; therefore, stating that “PM
can modulate immune reactivity” may potentially be overstating the effect. Clearly DE
can induce this effect; however, the evidence for ambient PM, or, for that matter, diesel
PM, eliciting this response is less certain. Diesel emissions contain a plethora of non-PM
pollutants.



p. 6-160: Again, for host defense, the bulk of the studies were conducted with DEP.

p. 6-168, Il. 16-26: It should be noted that Peel et al. (2005) and Sarnat et al. (2008) used
different lags. A detailed examination of results by lag in Peel at al. shows no conflict
with the Sarnat et al. results.

p. 6-174 and follows: Sinclair and Tolsma (2004) also examined physician visits for adult
asthmatics and found no significant positive associations.

p. 6-180: Sinclair and Tolsma (2004) also examined physician visits for upper and lower
respiratory diseases.

p. 6-182, lines 4-17: Peel et al. (2005) needs to be considered in this regard.
p. 6-229 (Section 6.5.2.5): This section is missing the results of Klemm et al. (2004).

p. 6-236: Those findings that are statistically significant should be noted and
distinguished from those that are not. It is also important to indicate that the factor
loading are for the “source factors”; the names of these factors can be misleading.
Ideally, a comparison of epidemiological analyses using source apportioned data and
analyses using single component data will help to evaluate consistency.

p. 6-242 and following: This section needs also to consider other metrics that have been
considered in the ISA; e.g., traffic, diesel particles, etc.

p. 6-245, line 16: It should be noted that the Laden et al. (2000) findings changed with the
Schwartz (2003) reanalysis.

p. 6-246, lines 7-8: A comparison of the results of this study with those of Peel et al.
(2005) demonstrates that the choice of lag was key. Significant results of opposite signs
were reported for sulfate by Peel et al.

p. 6-246, line 23: Metzger et al. (2004) also considered PM components.

p. 6-246, lines 27-30: These studies are discussed in Chapter 7 of the ISA, and, as long-
term studies, should not be included here.

p. 6-247 and follows: Several studies are missing — e.g., Peel et al (2005); Metzger et al
(2004); Sinclair and Tolsma (2004); Klemm et al. (2004).

p. 6-247: Again, the Laden et al. (2000) reference is incorrectly stated. The Schwartz
(2003) reanalysis found that the coal source factor was no longer significant.



Chapter 7:

p. 7-38, lines 19-20: Brown Norway rats are only an allergic model if they are sensitized,
typically using an ovalbumin protocol; this should be stated.

p. 93, lines 8-9: Again, care should be taken to adequately characterize the risk posed by
diesel PM vs. other non-PM materials present in diesel emissions/exhaust.

p. 7-100, Summary: It should be noted that many of the exposures conducted were to
mixtures of PM and gas-phase compounds. In particular, the ISA states that studies were
conducted of DEP, but in fact most of those studies were of DE.

p. 7-100, line 20: What is meant by “broadly representative”? No cohort is completely
representative. The Six Cities Study, for example, looked at only a quadrant of the US,
and the ACS cohort was above-average socioeconomically.

p. 7-102, Table 7-8: Additional studies should be added to this table and accompanying
discussion:

Enstrom, J.E. 2005. Fine particulate air pollution and total mortality among elderly Californians, 1973-
2002. Inhal Toxicol. 17:803-16.

Jerrett, M., Newbold. K.B., Burnett, R.T., Thurston, G., Lall, R., Pope, C.A. lll, Ma, R., De Luca, P., Thun,
M., Calle, J., Krewski, D. 2007. Geographies of uncertainty in the health benefits of air quality
improvements; Stoch Environ Res Risk Assess . 21:511-522.

Lipfert, F.W., Baty, J.D., Miller, J.P., Wyzga, R.E.. 2006. PM, 5 constituents and related air quality
variables as predictors of survival in a cohort of U.S. military veterans; Inhal Toxicol. 18:645-657 (should
be included under PM, 5 results).

Lipfert, F.W., Wyzga, R.E., Baty, J.D., Miller, J.P. 2006. Traffic density as a surrogate measure of
environmental exposures in studies of air pollution health effects: Long-term mortality in a cohort of US
veterans. Atmos Environ. 40:154-169 (also presents results for PM,5s).

Several of the above also address the issue of components, which could be summarized
here as well.

p. 7-103, Figure 7-7: This table should also include Jerrett et al. (2007), provided above.

p. 7-110, line 15-16: This phrasing is not consistent throughout the document. If positive
but nonsignificant results are highlighted, this should be done for all pollutants in all
studies. This paragraph should take note of the recently accepted paper by Lipfert et al.
(attached and referenced in comments for p 7-108.)

p. 7-115: In this discussion of the expert judgment study (Roman et al., 2008), the
European expert judgment should also be included (Cooke et al., 2007).



Cooke, R.M., Wilson, A.M., Tuomisto, J.T., Morales, O., Tainio, M., and Evans, J.S. 2007. A probabilistic
characterization of the relationship between fine particulate matter and mortality: elicitation of European
experts. Environ. Sci. Technol. 41:6598-6605.

Chapter 8:

p. 8-15, Section 8.2.1.10: Toxicological studies using the JCR (prediabetic) rat model
should be included here, e.g., Proctor et al., 2006.

Proctor, S.D., Dreher, K.L., Kelly, S.E., and Russell, J.C. 2006. Hypersensitivity of prediabetic JCR:LA-cp
rats to fine airborne combustion particle-induced direct and nonadrenergic-mediated vascular contraction.
Toxicol. Sci. 90:385-391.
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ABSTRACT

We considered relationships between mortality, vehicular traffic density, and ambient
levels of twelve hazardous air pollutants, elemental carbon, NOy, SO, and SO,*. These
pollutant species were selected as markers for specific types of emission sources,
including vehicular traffic, coal combustion, smelters, and metal-working industries.
Pollutant exposures were estimated using emissions inventories and atmospheric
dispersion models. We analyzed associations between county ambient levels of these
pollutants and survival patterns among ~70,000 US male veterans, by mortality period
(1976-2001 and subsets), type of exposure model, and traffic density level. We found
significant associations between all-cause mortality and traffic-related air quality
indicators and with traffic density per se, with stronger associations for benzene,
formaldehyde, diesel particulate, oxides of nitrogen, and elemental carbon. The
maximum effect on mortality for all cohort subjects during the 26-y follow-up period is
about 10%, but most of the pollution-related deaths in this cohort occurred in the higher-
traffic counties, where excess risks approach 20%. However, mortality associations with
diesel particulates are similar in high- and low-traffic counties. Sensitivity analyses show
risks decreasing slightly over time and minor differences between linear and logarithmic
exposure models. Two-pollutant models show stronger risks associated with specific
traffic-related pollutants than with traffic density per se, although traffic density retains
statistical significance in most cases. We conclude that tailpipe emissions of both gases
and particles are among the most significant and robust predictors of mortality in this
cohort and that most of those associations have weakened over time. However, we have
not evaluated possible contributions from road dust or traffic noise. Stratification by
traffic density level suggests the presence of response thresholds, especially for gaseous

pollutants. Because of their wider distributions of estimated exposures, risk estimates



based on emissions and atmospheric dispersion models tend to be more precise than those

based on local ambient measurements.

IMPLICATIONS

This research confirms the importance of residence in high-traffic counties on long-term
survival within this cohort of male military veterans. It shows robust risk estimates based
on spatially-averaged gas and particle concentrations estimated from emissions and
atmospheric dispersion modeling, rather than from ambient measurements. There are
important differences in the risks attributed to these pollutants that indicate the
importance of hazardous and non-criteria species in explaining associations between air
quality and survival. Mortality risks also differ by mortality follow-up period and level
of traffic density. For most pollutants, stronger risk coefficients occur in the high-traffic

density counties, suggesting exposure thresholds.



INTRODUCTION

Prospective cohort studies have become the “gold standard” for epidemiological studies
of long-term health effects of air pollution. Most of these studies are limited by the
availability of the ambient air quality data required to estimate subjects’ exposures to the
pollutants of interest. Exposure estimates for most cohorts have been based on outdoor
ambient conditions where subjects resided at entry to the study. Limitations include the
numbers and locations of air monitoring sites, their periods of operation, and the species
monitored. For example, the American Cancer Society (ACS) study, which played an
important role in establishing the National Ambient Air Quality Standard (NAAQS) for
PM; s, used PM, s monitoring data from only 51 locations and assigned each of them to a
multi-county metropolitan statistical area. This reduced the population under study by
about 75%. Subsequent reanalysis of these results® found SO, to be a more robust
predictor of mortality in this cohort than either PM,s or SO4%, even though SO, is known
to exhibit strong local concentration gradients and its implied health effects are
problematic at these low concentration levels. Analysis of more localized PM, 5 levels in
Southern California and New York City metropolitan areas, obtained by spatial
interpolation of the available measurements, showed much stronger within-city mortality

effects,*” suggesting local rather than regional effects.

In previous papers, the Washington University-EPRI Veterans Cohort Mortality Study
considered a wide range of measured ambient air quality data at the (single) county level,
including various PMy constituents from the Speciation Trends Network (STN)®’
initiated by the U.S. Environmental Protection Agency (EPA) in 1999. We also
considered county-level vehicular traffic density, computed as annual vehicle-distance
traveled per unit of county land area; we found this parameter to be the most robust
predictor of survival for this cohort.”® However, traffic density may represent a wide
range of potentially causal agents, including emissions of combustion products,
degradation products from vehicle or roadway wear, traffic noise, stress, and
socioeconomic effects associated with preferred residential locations, but it is not specific
to any of them. A previous paper® considered sensitivity to the mathematical form of the

exposure variable (linear, logarithmic, or categorical) and concluded that the results were



not sensitive to the choice of continuous measure (linear vs. logarithmic). However,
larger risks are seen in the more urban counties, as characterized by traffic density levels.
Also, estimating and accumulating effects over several sub-periods of mortality follow-
up yields larger mortality risks than analyzing the entire follow-up period in a single

regression.

This paper considers the unresolved question: does the success of traffic density as a
predictor of survival in this cohort derive from the availability of data for each county in
the contiguous United States? An additional rationale could be that this surrogate
exposure metric represents a county average rather than a point estimate and thus is not
subject to the vagaries of site selection for ambient air quality monitoring stations. We
draw upon two sources of national annual-average county-level ambient air quality data

to consider these questions:

1. County-average ambient levels of selected hazardous air pollutants, from EPA’s
National Air Toxics Assessment (NATA).** These data are referred to here as
“HAPS” values, and we selected 12 of them for detailed analyses of their
associations with the veterans’ survival, based on their likely associations with
different types of emission sources, including vehicular traffic, coal combustion

sources, smelters, and metal-working industries.

2. Estimates from the plume-in-grid model of Atmospheric and Environmental
Research, Inc.*** for SO,, NO,, sulfate aerosol (as (NH4)>SO4), and elemental
carbon (EC). These data are referred to as “AER” values. These species were
selected because they have been found to be important in other cohort studies™” and

relate to both traffic and stationary combustion sources.

We use Cox proportional hazards regression modeling to estimate the relationships
between survival within the Veterans Cohort and each of these air pollutants, as well as
various joint regressions with the traffic density measure used in previous analyses of this
cohort.”® The objective is to screen and compare plausible relationships.



DATA AND METHODS

Data
The Veterans Cohort Database. An earlier paper® presented initial Cox proportional
hazard modeling results from a prospective study of all-cause mortality in this national
cohort, initially comprising about 70,000 U.S. male military veterans who were
diagnosed as hypertensive in the mid-1970s. This cohort had an average age at
recruitment (in 1976) of 51 +/- 12 y; 35% are African-American and 81% had been
smokers at some time. Non-pollution predictor variables in the baseline model include
age, race, height, smoking (ever or at recruitment), age, systolic and diastolic blood
pressure (BP), and body mass index (BMI). Interactions of BP and BMI with age are also
considered. The study controls for socioeconomic status essentially by design because of
the relative homogeneity of the cohort, but selected contextual variables on race, income,
education, and climate, some of which were found to be significant predictors of survival,

are also considered at the zip-code and county levels.

The database also includes county-level estimates of various indicators of ambient air
quality, as well as of vehicular traffic density (VMTA), which is defined as annual
vehicle-miles traveled per square mile of land area, in millions, based on data on vehicle-
miles traveled (VMT) from EPA. Since the distribution of VMTA is approximately log-
normal, we elected to use IN(VMTA) in Cox proportional hazards models of survival in
some of the previous papers.”® In this paper we consider both VMTA per se and its
logarithm, as a means of examining the linearity of responses. All exposure data are
considered at the county level, based on each subject’s address at enroliment in the study
(1975-6). Using county-level air quality data allows for exposures at other than the
immediate residential location of the subject and admits the possibility of within-county
residential relocation during the 26-y period of follow-up. However, these county-level
estimates are based on simple averages of all fixed-point monitoring data in the county at
various times and thus may not always be representative. We base subjects’ implied
exposures on estimated average conditions in their counties of residence at entry to the
study.



Table 1 presents the descriptive statistics for the Veterans Cohort by mortality period and
level of vehicular traffic density for 1985. As expected, the crude annual death rates
increase over time as the cohort ages; there are only very minor differences in these rates
between the full cohort and the subset restricted to higher levels of traffic density. Crude
death rates are slightly lower in the more rural counties. About 66% of the cohort died
through 2001. However, there are substantial differences in the VMTA data (about an
order of magnitude); stratifying the cohort by traffic density and hence urbanicity also
results in reduced ranges of the pollution variables (Table 2). We would expect such

reductions to decrease statistical power in regression models.*

Vehicular Traffic Density. Data on annual vehicle-miles traveled (VMT) by county were
obtained from the U.S. EPA for 1985, 1990, and 1997, for gasoline- and diesel-powered
vehicles. Each was divided by the county land area, resulting in six measures of traffic
density (VMTA). These six datasets are highly inter-correlated (R>0.99) and thus
essentially interchangeable. The 1997 VMT data for gasoline-powered vehicles were
used in previous analyses that emphasized the most recent mortality experience.””
Because this paper focuses on the entire mortality follow-up period (1976-2001), we
emphasize the 1985 traffic density data, which are about 30% smaller than the 1997 data.
We also consider selected comparisons between analyses based on the 1985 or 1997
VMT data.

Stratification by Traffic Density. We consider all cohort subjects and two subsets,
stratified by the county level of traffic density, cut at 7.39 x 10° veh-mi/mi®. This
arbitrary cut point is consistent with previous analyses of this cohort® and is the
approximate mean of the 1997 distribution. Here we consider both 1985 and 1997 traffic
density data. The risk estimates for all subjects portray the overall relationships, while
comparing the results for high vs. low traffic densities is intended to test for thresholds in

these relationships.



HAPS Data. The U.S. EPA has designated 188 substances as “hazardous” air pollutants
(HAPS) under Section 112 of the Clean Air Act, for which sources are required to report
their emissions as part of the “Toxics Release Inventory” (TRI). To provide national
level risk assessments, ' EPA used atmospheric dispersion modeling to estimate annual
average ambient concentrations at county and census tract levels. This dispersion
modeling is based on the frequency distributions of selected meteorological conditions.**
Using 50™ and 95™ percentiles to represent county averages and hot-spot levels,
respectively, we downloaded these ambient concentration estimates for 12 selected
HAPS species:

1. Metals: arsenic, lead, manganese, mercury, nickel.

2. Traffic-related compounds: benzene, diesel particulate matter (DPM), formaldehyde,
polycyclic organic materials (POM).

3. Others: chlorine, hydrochloric acid, polypropylene.

4. Coal combustion products include arsenic, mercury, and hydrochloric acid, in

addition to the more traditional air pollutants discussed below.

Diesel particulate matter is not defined chemically and was designated as a “toxic air
contaminant” in California in 1998, according to Sexton et al.'” According to an
informal definition, DPM comprises elemental and organic carbon and trace amounts of
sulfate, metals, and similar elements or compounds.*® As discussed in on-line

supplemental Appendix D, the ratio of DPM to elemental carbon is approximately 2.0

Descriptive statistics for the HAPS and traffic density variables are given in Table 2 (in
ng/m*). New York County (Manhattan), New York, has the highest vehicular traffic
density in the United States; it also has the highest estimated concentrations of benzene,
DPM, and formaldehyde (but not PM5); the second highest levels of mercury, and the
third highest level of polycyclic organic material. By contrast, the highest estimated
levels of the selected metals, chlorine, and hydrochloric acid occur in rural counties and

in West Virginia metropolitan areas.



AER National Estimates of Ambient Air Quality. These national estimates were
produced by Atmospheric and Environmental Research, Inc., using the Community
Multiscale Air Quality (CMAQ) modeling system with the MADRID aerosol algorithms
and Advanced Plume Treatment (CMAQ-MADRID-APT). This state-of-the-science
plume-in-grid air quality model was developed to provide a more realistic representation
of the behavior of reactive plumes in the atmosphere within an Eulerian grid model
framework.’>*® This plume-in-grid model consists of a reactive plume model embedded
into a three-dimensional grid-based model, CMAQ-MADRID, referred to as the host

model. Annual average concentrations are based on hourly calculations at ground level.

Table 3 presents descriptive statistics of the ambient air quality estimates derived from
the AER plume-in-grid air quality model.***° They are based on EPA’s 1999 inventory
of the relevant emissions from both point and area sources; the model accounts for
atmospheric chemical reactions and for long-term patterns in atmospheric dispersion.
Annual estimates are obtained by summing hourly estimates. For these computations,
AER uses a national grid of 36x36 km grid squares, which are generally smaller than
most U.S. counties. Only the 48 contiguous states are included. To transform these
outputs to the county level, we identified the latitude and longitude of the largest city
within each county and the AER grid square that includes each of those locations. We
then assigned the AER output concentration estimate at that location to the entire county.
This provides estimates for 3065 counties that were then merged with the Veterans
Cohort database, by subjects’ county of residence at enrollment. Although assigning the
county average to the largest city may entail exposure error in the less populous counties,
it is unlikely that such errors would add substantially to the other exposure uncertainties,
including the lack of personal exposure data and the existence of unquantified temporal

trends.

The subject-weighted descriptive statistics are included in Table 2, along with
unweighted statistics for all 3065 counties. The air quality indicators selected for this
task include one species associated with large coal or oil combustion point sources
(SO4?), one associated with traffic (EC), and two associated with both area and point



sources (SO, and NOy). Table 3 indicates that SO,, NOy, and EC are much more
spatially variable than SO4* and also shows that the initial distribution of subjects in this

cohort captures the full range of national variation in the AER air quality data.

Appendix A in the On-Line Supplement identifies the counties with the highest levels of
these four pollutants. New York City, Chicago, and some Louisiana locations have high
levels of all four species. Most of the high-pollution counties are in the eastern half of

the nation, where population and traffic densities are also higher.

Summary of Pollution Variables. This analysis considers 12 HAPS species, four AER
variables, and either one or two traffic density variables (totaling either 17 or 18 pollution
variables). 1985 VMT data comprise our base case, but we include 1997 VMT data for
selected comparisons, especially when stratifying the cohort by traffic-density level.
While we interpret the modeled ambient concentration data in this study as estimated
exposures, they also represent indicators of residential proximity to emission sources.
Pollutants with standard deviations greatly exceeding the mean (such as As or HCI) are
sparsely distributed, resulting in lower probabilities of actual exposure. By contrast, our
exposure paradigm is more reasonable for pollutants with more uniform spatial

distributions like benzene or NOy.

Bivariate Correlation Analysis. Table 4 presents the subject-weighted bivariate Pearson
correlation coefficients among the pollutant variables used in this analysis. These
correlations indicate the degree of independence of each species, which vary from
essentially interchangeable (EC and NO,) to moderately anti-correlated (Cl with SO4 in
high-density counties). Values above the unity diagonal in the matrix are for cohort
subjects who resided in counties with lower than average 1985 traffic density; values
below this diagonal are for subjects in the “high traffic-density” counties. Since most of
these coefficients are statistically significant (p < 0.05) because of the large numbers of
subjects involved, correlation coefficients of 0.7 or more are shown in boldface, as an
arbitrary indicator of the stronger relationships. There are ten coefficients of 0.7 or larger
for the low-density counties (above the diagonal) and eight for the high-density counties



(below the diagonal). The correlation matrix for all subjects is presented in the On-Line
Supplement (Appendix A); these values tend to be stronger, because of the larger range
of traffic-related pollutants, and there are 23 correlation coefficients of 0.70 or larger.
Table 4 also shows the averages of between-pollutant correlations (excluding the unity
values) at the bottom of the table. As expected, traffic-related pollutants are the most
intercorrelated, especially in low-density counties. The least intercorrelated species are
As, Cl, HCI, polypropylene, and sulfate (high-density counties). Correlation matrices

based on the logarithms of pollutant concentrations are also presented in Appendix A.

The HAPS traffic indicators benzene, formaldehyde, and DPM and traffic density are
more strongly correlated with EC and NO, (0.56 <R < 0.77) in low-density counties
than in high-density counties (0.26 < R < 0.75), perhaps because space-heating and
industrial sources are relatively more important in dense urban areas. These traffic-
related pollutants are only moderately correlated with SO, (0.18 < R < 0.54 in both high-
and low-traffic counties, but SO, is more strongly correlated with EC and NOy (0.65 <R
< 0.81), regardless of traffic density, thus suggesting other common combustion sources
such as space heating. Some studies of measured ambient air quality have noted summer
morning peaks in SO2,%° local source effects stronger than.regional contributions,”* and
higher ambient concentrations near the ground, % all of which suggest SO, contributions

from traffic, popular perceptions to the contrary not withstanding.

Bivariate correlations between pollutants may not always correspond with differences in
their effects on mortality, as estimated by Cox proportional hazard regression. These
Cox models include other contextual variables (like heating degree-days, for example)
that are also correlated with air quality, but in ways that differ by pollutant. Such
interactions between pollutants and contextual variables may result in differences

between the bivariate relationships between pollutants and their mortality risk estimates.

Comparisons of these computed air quality estimates with measured values are presented
and discussed in the On-Line Supplement (Appendix D). There are essentially two types

of such comparisons: differences in mean values, and spatial correlations. In this
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instance, spatial correlations are more relevant, because differences in mean values are
accounted for in the effect estimates (discussed below). Correlations between predicted
and measured air quality range from excellent for sulfates (0.82 < R < 0.85) to moderate
for SO, and EC (0.26 < R < 0.42). This is consistent with the regional nature of sulfates
and the local distributions of SO, and EC. NO, correlations are intermediate (0.57 <R <
0.66). The readily available comparisons for HAPS pollutants are those for metals in
PM., s Speciation Trends Network (STN)’ and those presented by EPA.*? EPA found
good agreement between measured and modeled benzene, but the agreement between
HAPS county-average model estimates and local STN metal measurements is poor. This
could be due to temporal gradients (the STN data are for 2002) or because HAPS metal
emissions are not necessarily in the particulate phase. However, there is reasonable
agreement between the mean values for STN EC and HAPS DPM, taking into account
the conversion factor of 2.0.2* Overall, we find satisfactory agreement between key
measured and modeled estimates of air quality parameters associate with vehicle

emissions.

Methods
Regression Models. We consider five mortality follow-up periods (1976-81, 1982-88,
1989-96, 1997-2001, and 1976-2001) and three different subject selection criteria:
unrestricted (all subjects), or restricted to those subjects who initially resided in counties
for which 1985 traffic density was either greater or less than 7.39 x 10°veh-mi/mi?. For
convenience, these Cox proportional hazard models were run without the interaction
variables that were used in earlier papers,®® since these variables were seen to have little
effect on the pollution-survival relationships.® We consider each of the 18 pollutants
separately, and we consider the HAPS and AER variables in two-pollutant models with
1985 traffic density.

We combined the results of the four sub-period analyses to provide alternative estimates
of the mortality risks for each pollutant over the entire period. This was accomplished by
computing a cumulative mortality risk (CMR) based on the risks estimated for each sub-
period (i):
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In(CMR) = % In(RR;)Di/ZD; 1)

where RR; is the risk for each sub-period and D; is the number of cohort deaths during
this period. There are four mortality sub-periods, as shown in Table 1. The standard error
of each CMR was estimated by summing the variances of the relative risks for each

sub-period, weighted by the deaths in each sub-period.

We also consider both the “raw” pollutant concentrations in these models and their
logarithms, in part to examine the robustness of alternative specifications and also to
consider whether the implied relationships might extend to very low concentration levels.
This analysis is facilitated by the fact that the estimated minimal exposure levels are not

limited by the minimum detection levels of typical ambient monitoring methods.

Measures of Effect. Making valid comparisons among disparate exposure measures
requires dimensionless measures of effect, such as the elasticity (¢) metric often used by
econometricians, in contrast to risks per unit of pollutant mass (such as per 10 ppb or 10
ng/m). Elasticity is defined as the percentage change in output resulting from a given
percentage change in input.”® It may also be thought of as the total percentage change in
an effect attributed to a predictor variable, i.e., the attributable risk or “mean effect”.
When ¢ = 1.0, the relationship is directly proportional, when & = 0.10, a 10% change in
the predictor variable yields a 1% change in the endpoint, which is a more typical result
for air pollution health effects. The regression coefficient of a log-log relationship is
equivalent to the elasticity®®; for a semi-log relationship, i.e., the log of health effects as a
linear function of air quality levels, the elasticity or mean effect is obtained by
multiplying the regression coefficient by the mean value of the pollutant.>® The
corresponding relative risks (RRs) are given by exp(g). All relative risks in this paper are
based on mean concentrations for relationships with linear exposures and elasticities for
logarithmic relationships. This measure of effect is insensitive to uncertainties in the
mean value of an independent variable; understating the mean will correspondingly

inflate the regression coefficient, with no change in the elasticity.?® The risks reported for
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the logarithm of traffic density in previous papers”® had different exposure bases, thus
leading to higher risk estimates in some instances. We consider these effect estimates to
be appropriate measures of puiblic health importance, within their 95% confidence

intervals.

Timing of Exposures. Since traffic density is highly correlated over time among
counties,® we used a common set of VMTA data for all mortality periods, as in previous
analyses. We followed this protocol for all other pollutant variables as well. This is
based on the hypothesis that the mean effect or elasticity will be less sensitive than the
corresponding regression coefficient to changes in the mean value of the independent
variable. This may be seen by comparing “effects” with “coefficients” in Tables 6 and 7

of the first Veterans Cohort paper.°

Measures of Model Fit. We use the Akaike Information Criterion (AIC) as a measure of
overall model fit. Since AIC is proportional to the sample size, which varies by mortality
follow-up period and dataset restriction, we use AlC/deaths (AICD) to compare fits
among cohort subsets. We also compare the relative magnitudes of the standard errors of
mean effects or elasticities among the various pollutants and subsets.

Sensitivity Analysis. The Cox proportional hazards analysis described above comprises
272 single-pollutant risk estimates and 128 two-pollutant risk estimates. As a sensitivity
analysis and to consider possible effect modification, we used ordinary least squares
regression to examine the variability within these sets of estimates, by timing of deaths,
type of exposure model (linear vs. logarithmic), stratification by level of high-density,
and pollutant species. This protocol provides more precise overall estimates of the

differences among species and the effects of cohort subset parameters.
We also tested the hypothesis that the bivariate correlations among pollutants predict

their relative rankings of risks,* after assigning one of them as the “true” predictor
variable (P; with risk RRy):
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In(RR)) = Ry; IN(RR, ) )

where Rjis the subject-weighted correlation between pollutants j and t. This procedure
is tested for several alternative choices of Pt and then ordinary least-squares

regression is used to determine which of them appears to best fit the ensemble of RRs.

RESULTS

Single-Pollutant Regression Results
Proportional Hazards Models. We began the survival analysis by running proportional
hazards models for each pollutant, one at a time, for each mortality sub-period and the
overall mortality follow-up period (1976-2001). We compared linear and logarithmic
(Appendix B) pollutant specifications and the effect of restricting the dataset by county
traffic density level, cut at 7.39 x 10° veh-mi/mi®. We computed relative mortality risks
for each pollutant, model, and mortality follow-up sub-period; more than 700 Cox
regression models were run in the course of this project. For brevity, we present only the
aggregated cumulative risks based on linear exposures (Table 5). Risk estimates for each
period and for logarithmic exposures (which are very similar to their linear counterparts)
are available in Appendix B of the On-Line Supplement. The pollutants are listed in
Table 5 in decreasing order of risk for all subjects.

Almost all of the CMR estimates in Table 5 indicate adverse effects (RR > 1), and 35 of
the 54 risk estimates are statistically significant. The table also shows that the traffic-
related pollutants benzene, formaldehyde, DPM, nitrogen oxides, and elemental carbon
(EC) exhibit the highest CMR estimates for all subjects. However, DPM ranks further
down the list when high-exposure counties are considered but is the most important
pollutant in low-traffic counties. All pollutants are show statistically significant (p<0.05)
mortality risks in the high-traffic subset, but the effects of manganese and sulfates are
negative. Sulfate aerosol shows statistically significant negative risks in all counties
considered. Comparing mortality risks between high and low traffic density subsets
shows significant differences for benzene, formaldehyde, NOx, EC, and nickel,

suggesting the presence of thresholds for these species.
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The smaller risks attributed to known toxic agents like arsenic, chlorine, mercury, lead, or
manganese, are also of interest. There are several possible reasons for these outcomes,
including exposure errors associated with relatively sparsely distributed sources:
1. The “known” toxicity may relate to a relatively uncommon cause of death.
2. Toxicity may relate to a specific form of the agent, such as As(l11) rather than
As(V), or As particles rather than As vapor.
3. Toxicity may be dominated by a pathway other than inhalation, such as
ingestion.
4. Thresholds may be involved, such that only a subset of cohort subjects were
exposed to harmful levels. Such thresholds might become evident by stratifying

the cohort by each of these pollutants separately instead of by traffic density.

Sensitivity Analyses. Linear regression analyses of the risk estimates that were used to
construct Tables 5 and B-1 show the following, using dummy variables for each species
to estimate overall differences in their risks (RRs) for all subjects and by level of 1985
traffic density (these results are similar to but do not exactly mirror those given in Table
5):

Mortality risks are significantly higher in counties with higher traffic densities

(overall RR=1.07, for high-density relative to low-density).

For all subjects and exposure models, benzene, DPM, and formaldehyde have the
highest mortality risks; NOy and EC are next, and the risks for all other pollutants

are significantly lower.

In the high-density counties, benzene has the highest risks; formaldehyde, NOy,
and EC are next; and all other pollutants (including DPM) have significantly
lower risks.

Only DPM shows similar risks in both high and low traffic density counties.
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There are only minor differences between the results based on linear exposure
models shown in Table 5 and those based on logarithmic exposure models, shown

in the on-line supplement (Table B-1).

The overall temporal trend in mortality risk is downward, at about one risk

percentage point per decade (RR for 10 years = 0.99).

We also determined that mortality risks in the high-density counties account for the bulk
of the risks in all counties, implying threshold effects. However, DPM and traffic density

were exceptions, with significant mortality risks in the low-density counties as well.

To determine the role of (bivariate) correlations between pollutants in determining their
relative mortality risks, we regressed mortality risks against pollutant inter-correlation
coefficients. We assumed alternatively that either benzene, formaldehyde, EC, or NOy is
the true causal agent (P; in Eq. 2) and that the risks attributed to all other pollutants are
due to their correlations (Ry.;) with this “true” agent P;. We used OLS regression forced
through the origin for this purpose. Most of these alternative results are very similar;
thus, no significant differences could be discerned between benzene, formaldehyde, or
NOy as the most likely “true” agent. Figure 1 shows these relationships for benzene and
NOx.

In Figure 1(a), no pollutant has a mean effect higher than what might be expected from
its correlation with benzene, while in Figure 1(b), benzene, formaldehyde, and DPM
appear to show mean effects independent from NOy. This suggests that benzene is the
most important pollutant when all counties are considered together. However, when the
high-density counties are considered separately, NOy, benzene, EC, and formaldehyde
(but not DPM) show at least some degree of independent effects. Pollutants not
commonly associated with traffic, including SO,, Ni, Hg, do not appear to exhibit
independent effects in any of these cross-plots. However, SO,* shows anomalously (and
significantly) lower risks in Figures 1 (a, b, d), relative to what might have been expected
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from its bivariate correlations. Each of the data points on Figures 1(c,d) is statistically
significant, which indicates the wide range in precision of these risk estimates.

The data presentations of Figure 1 are also useful for making qualitative judgments about
the relative importance of specific pollutants. Pollutant risks falling above the diagonal
lines may be considered as “better” predictors than those below the line. Pollutant risks
falling on the diagonal line may be considered as showing mainly surrogate relationships

defined by their correlations with either benzene or NOx.

Considerations of Model Fit. With respect to overall model fit, we found only minor
variations in the Akaike Information Criteria (AIC) statistics according to the pollutant
that was entered into a proportional hazards model with a given dataset. Because of the
relatively large numbers of subjects, AICs typically comprise five or six digits, while
differences in AICs among pollutants comprise only one or two digits. Among the
various pollutants, there is little correspondence between the AICs and either pollutant
effects or statistical significance, and only single-digit differences between AICs obtained

with linear vs. logarithmic exposure models.

However, based on AICD values, we find substantially larger and systematic differences
in model fits of up to 10% among mortality follow-up periods and subsets. The

restricted datasets consistently fit better (lower AICDs) than their non-restricted
counterparts, and there is a trend towards better fits with the most recent mortality
follow-up periods. These findings lead to the conclusions that reducing the number of
subjects considered may improve the overall model fit, and that overall model fit may not

provide reliable guidance as to the most important pollutants.

As expected,’ we also found a strong inverse log-log relationship between the standard
errors of elasticities or of risk coefficients (based on mean concentrations) and the
coefficients of variation (CV) of the pollutants (Figure 2). In this situation, statistical
significance per se is not a measure of toxicity, since the p-level is affected by the large
range in standard errors (more than an order of magnitude). This range is much larger
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than the differences in standard errors between 26-yr and 4-yr follow-up periods, for
example. Thus, statistical significance is necessary for a pollutant to be considered as an
important predictor of survival, but significance level should not be used to rank relative

importance to public health.

Two-Pollutant Models Including Traffic Density
Proportional Hazard Models. We used similar procedures with two-pollutant Cox
models, comprising 1985 traffic density and each of the 16 other pollutants, one at a time
(Table 6 and Figure 3). In each case, we computed the risk coefficient for the pollutant
(mean effects or elasticities) and for traffic density, and then added them to provide an
estimate of the combined effect of the pair (the “total” column in Table 6). For traffic-
related pollutants, the combined effects are very similar to the single-pollutant effects,
with traffic density making only minor contributions to the total effect. However, when
combined with non-traffic related pollutants, the apparent relative risk of traffic density is
about 1.03, which is similar to the results for traffic density alone and considerably less
than Table 5 indicates for other traffic-related pollutants (RRs from 1.07 to 1.10). All of
the “total” risk estimates are statistically significant, as are 14 of the 16 estimates of the
traffic contribution, notwithstanding the modest levels in some cases. Similar results
were obtained using logarithmic exposures (On-line Supplement Table B-2).
Considering both linear and logarithmic exposures, the highest mortality risks are
associated with benzene, DPM, NOy,and formaldehyde, in combination with traffic
density. The combination of sulfate aerosol and traffic density indicates the lowest
mortality risks.

The right-hand section of Table 6 presents relative risks for the most recent mortality
follow-up period (1997-2001), which is appropriate for estimating future mortality risks
in this cohort. (A complete list of time-stratified risk estimates is presented in the On-
Line Supplement, Table B-3.) Only three of these estimates are statistically significant,
but benzene, formaldehyde, and DPM continue to be associated with the highest

mortality risks. Lack of significance may have resulted in part from variance inflation
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created by jointly regressing correlated pollutants, in addition to the reduced number of
deaths during 1997-2001.

DISCUSSION

Summary of Findings
Much of the extant air pollution epidemiology literature focuses on specific “criteria”
pollutants and the consideration of appropriate ambient air quality standards. This
objective may be severely constrained by correlations among pollutants and by the
realization that some of them may be serving mainly as markers for other, more toxic,
agents. Uncertainty as to the true toxic agent(s) makes it more difficult to identify
thresholds for use in setting ambient standards.?® In this paper, we consider a suite of
pollutants, including non-criteria species, in an attempt to focus more on source
characteristics than on the individual pollutants or indicators used to regulate ambient air
quality. Finding similar risks among groups of pollutants associated with a common
emission source can add strength to the overall conclusions and provides a rational basis
for pollution abatement. Risks associated with absolute concentration levels of specific

pollutants may thus be less useful than identification of the most important sources.

We find that residence in counties with higher levels of traffic-related air pollutants
shows stronger mortality risk estimates than those based on vehicular traffic density per
se, and that each of these pollutants comprises the bulk of the risk in a joint regression
with traffic density. These pollutants include gaseous species, some of which are
indicated to pose larger mortality risks than most of the particulate species considered in
this study. Mortality associations with benzene are among the strongest of these
pollutants; our results indicate that benzene may be associated with about 10% of all-
cause mortality in this cohort and 20% when limited to the counties with above-average
traffic densities. This suggests that tailpipe or refueling emissions may be the most
important environmental health aspects of vehicular traffic. In our previous studies of
traffic density in combination with measured air quality,®® we found that traffic density
dominated, which suggests that the additional pollutant variables investigated here are
also better predictors of cohort survival than locally measured ambient air quality
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concentrations for criteria air pollutants. However, we have not evaluated possible

contributions from brake or tire wear, road dust, or noise.

The finding of strong mortality risks associated with DPM in counties with lower traffic
density (1985 mean = 2.7 x 10° veh-mi/mi?) suggests that off-road diesel sources may
also be important, assuming that off-road applications may be relatively more common in
rural areas. It is not entirely clear how diesel ship emissions are handled in the NATA,
but emissions of criteria pollutants from ships in port are considered as off-road mobile

sources.

Tabulated national emissions inventory data (tons/yr) by source category®” may help
identify the important types of mobile sources. In the transport sector, volatile organic
compounds (hydrocarbons) are emitted primarily from gasoline-powered vehicles. Total
on-road NOy emissions are almost double the off-road NO, emissions. However, for
diesel engines, on-road vehicles emit about 25% less total PM than off-road vehicles.
This supports our finding of equivalent risks associated with DPM in both high- and low-
traffic density counties and higher risks associated with NOy and VVOCs such as benzene
in urban counties, because of the contributions of gasoline-powered vehicles and other

urban sources.

This is the first American cohort mortality study to base estimated exposures of
individual subjects on computed rather than measured ambient air quality levels. This
protocol involves a trade-off between the reduced sample sizes and uncertainties imposed
by relying on routine air quality monitoring networks and the larger sample sizes and
implied combined uncertainties of estimated emission rates and complex atmospheric
dispersion models. Because (non-differential) exposure error tends to bias regression

26,28

results towards the null and to attenuate statistical significance,” " our findings of

substantial, precise, and internally consistent risk estimates were somewhat unexpected.

Potentially Critical Issues
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Validity of Exposure Estimates. An important critical issue concerns the use of
theoretical estimates of county-level exposures based on emissions rather than local
ambient air quality measurements. We find that our exposure estimates are largely
consistent with the ambient mobile-source HAPS data recently reported by the Health
Effects Institute” and others.**** NATA data have been used or cited in other
analyses®>* and evaluated by EPA,* as discussed in on-line supplement Appendix D.
However, mobile source emissions may be underestimated because of the difficulty in
accounting for high-emitting vehicles that do not conform to regulatory models,

especially in more recent years.?

In addition, comparisons of county averages with spot measurements are likely to be
affected by local variability within counties.?®3%3" The success of these regressions
across a wide range of exposure levels derives in part from the fact that between-city
variations in HAPS concentrations tend to be larger than within-city variations.**

Also, any errors stemming from differences between personal exposures and county-wide
averages will tend to be less important for pollutants exhibiting large ranges in outdoor
exposures. For example, a personal exposure uncertainty of say, 50% of the mean, would
be more important for a pollutant like PM, s, having a range of a factor of 7,” than for
pollutants such as DPM with a range of three orders of magnitude (Table 2), because of
the much larger baseline variance of the latter. (Random error tends to attenuate a
regression slope by a factor Ry.s?, where Ry is the correlation between the true exposure
and the surrogate measure.?®)  This highlights the statistical advantage of working with
source-specific pollutants that tend to produce wider ranges of estimated exposures than
measured ambient concentrations that reflect the combined impacts of many types of

sources.

However, there are also local “hot-spots” to consider, such as on-road exposures to

vehicle exhaust®*3®

and benzene exposures from refueling operations.*® The HAPS
estimates are based on census tracts, which may reflect some of these hot-spots; we used

the median concentration level for each county in the analysis, and we also downloaded
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the 95" percentile levels. Hot-spot exposures may be an order of magnitude higher than
the county averages considered here, but the relative rankings of urban vs. rural counties
appear to be preserved, since the median and 95" percentiles of the HAPS data we used
tend to be highly spatially correlated. Census tracts usually contain between 2500 and
8000 persons, so that their land areas vary inversely with population density and thus
urbanicity. As a result, the more urban areas may have more precise concentration
estimates than their rural counterparts in percentage terms, but not necessarily in absolute

terms.

Notwithstanding these uncertainties in exposure estimates, we find consistent results
using two different sets of emissions data and two very different dispersion models. This
is shown, for example, by the strong correlation (R=0.75) between estimated DPM
concentrations from NATA and estimated EC concentrations from AER (Tables A-2),
notwithstanding non-traffic sources of EC. In addition, there are eight correlation
coefficients of 0.8 or higher in Table A-2, indicating self-consistent spatial patterns in
both NATA and AER data sets and between them. Our new risk estimates are also
reasonably consistent with our previous estimates’® based on measured air quality and

with traffic density data that comprise a third independent database.

Timing Issues. The exposure data used here have been applied to various mortality
periods, regardless of relative timing. This protocol may be problematic for exposures
prior to the Clean Air Act of 1970 and does not accommodate subsequent vehicular
emission reductions. For this cohort, we have no information on specific diseases
involved in these deaths or their likely latency periods, and thus any associations with
induction of new cases of chronic disease cannot be proven or disproven by this analysis.
However, it is likely that at least some of the pollution-related deaths implied here may
have also been affected by the much higher exposures that were likely experienced
during previous decades.?®*3"*° This reinforces the need to consider trends in the
mortality-pollution relationships during the 26-y period of follow-up (see Appendix
Table B-3 in the On-Line Supplement). Such trends may also be affected by aging of

41
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thocohort and by differential survival of the hardiest subjects. Cook et al.”* estimated
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future levels of mobile-source air toxics and concluded that, while levels are projected to

continue to decline, health concerns will likely remain.

Population Mobility.

All of our exposure estimates are based on the county of residence at enrollment in the
study (1975-76). Although we also have the zip-codes of residence, we used counties in
order to allow for non-residential (but reasonably local) exposures and the likelihood of
within-county residential relocation during the follow-up period. As a means of
assessing the potential consequences of residential mobility, we consulted U.S. Census
data on migration (http://www.census/gov/population/www/cen2000/migration.html),

based on a population sample of persons aged 65 and over. For the nation, 77.2% of the
elderly population remained in the same residence from 1995 to 2000, and residential
stability was slightly greater in the more urban states. During this period, 4.8% of the
sample moved out-of-state (~1%/y), which leads to an estimate of 25% out-of-state
movers over the 26-y period and the conclusion that population mobility is not likely to
be a major issue with respect to our exposure estimates. Krewski et al.* reported a similar
figure (18.5% movers) for the Six Cities study, which is based on much smaller
residential areas. They also reported only minor effects of mobility on their mortality
risk estimates.

Issues with Specific Pollutants and Mixtures.

Mobile source pollutants tend to be highly inter-correlated, such that their individual
effects are difficult to separate. Nitrogen oxides have often been used as a marker for the
mobile source mixture,** which provides no guidance as to which specific constituent(s)
of the mixture should be regulated. For example, ultrafine particles are not monitored
routinely and are not included in this analysis, but they tend to be correlated with NOy in
on-road exposures.® This quandary leads to the conclusion that epidemiology might be
better served by considering all of the impacts from a source as a totality, rather than
trying to develop dose-response relationships for each of the individual pollutants
emitted. Noise and brake/tire/road dust effects are not specifically addressed in this
analysis and thus cannot be ruled out as part of the overall traffic-related impact.
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This analysis considers inhalation as the sole mode of exposure, while some of the HAPS
we consider may have other modes, including ingestion and dermal absorption. Benzene,
chlorine, arsenic, and lead are examples. If these modes of exposure are indeed
important, the effects of inhalation presented here may be inflated, but to the extent that
other exposure pathways are affected by local pollutant deposition, source proximity

could still be a factor.

There are also indoor and personal inhalation exposures to consider for traffic-related
pollutants, especially for benzene (cigarette smoking and cooking) and formaldehyde
(building materials). Coke ovens are another important source of benzene. Charcoal
cigarette filters tend to absorb benzene and other gases,* but a study of benzene
biomarkers (e.g., muconic acid) showed that benzene uptake was related to smoking,
occupation, time spent outdoors in urban areas, and time spent in vehicles.** Less
information is available on formaldehyde biomarkers, but formaldehyde from mobile
sources may be considered as just another component of the source-related mixture.
Thus, for some pollutants, sources other than traffic may have contributed to the
mortality risks estimated from these analyses.

While our results tend to emphasize mobile sources, there may also be concerns about
mercury, arsenic, or nickel, which have been associated with large stationary sources
burning residual fuel oil, coal, or municipal solid waste. Municipal incinerators are an

important source of mercury emissions,**°

and urban excesses in wet deposition of
mercury have been reported in Connecticut*® and in the Chicago-Gary area.*” Other
studies have shown higher concentrations of Hg in gasoline than in diesel fuel***° and
still higher levels in liquefied petroleum gas (LPG).>® Thus, the relatively strong
correlations between airborne mercury and traffic pollutants seen in Table 4 may relate to
both common sources and common urban locations of different types of sources. Nickel
and arsenic have been identified in residual oil and coal fly ashes, respectively, but their
relative toxicities and bioavailabilities (solubilities) vary according to the specific

compounds involved.®® Lipmann et al.* did not discuss specific nickel compounds and
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noted that nickel was not always correlated with vanadium, as might be expected if the
source were residual fuel oil.>® Finally, although coal-fired power plants emit small
quantities of metals in fly ash, they do not emit EC or polycyclic aromatic

hydrocarbons.>*

Our findings for sulfur compounds deserve special mention here, since we find consistent
significant positive effects for sulfur dioxide (RR = 1.04 [1.02-1.05]) and statistically
significant negative effects for sulfates (RR = 0.95 [0.92-0.97]), in spite of the relatively
strong bivariate correlations between the two sulfur species. This is counter-intuitive
from a toxicological perspective, since SO; is a reactive gas likely to be adsorbed in the
upper airways or onto indoor structural surfaces, while sulfate particles are likely to enter
the lower respiratory tract.” Such an assessment is also complicated by considering that
sulfate particles tend to be water-soluble but that SO, may be adsorbed onto small
insoluble particles that could be retained in the lung.”> Our results indicate that the
adverse effects indicated for SO, derive from its spatial correlations with traffic-related
pollutants in the high-density counties, while the “beneficial” effects indicated for SO~
stand alone in their own right, independently from other pollutants and regardless of
traffic density (as shown in Figure 1). Several assessments®>® have determined that
(NH4)2S04, the most likely ambient sulfate compound, is not a health hazard at current
ambient levels, which is consistent with opinions reported by European experts.>® Our
negative findings for sulfates for this cohort are supported by previous negative results
based on ambient measurements,®” indicating that the previous negative findings were
not the result of anomalous measurements. Survival plots of the raw data for high and
low sulfate portions of the cohort also show an advantage for higher sulfate exposure,
consistent with the proportional hazard model results that consider confounders. As seen
in the On-Line Supplement (Table B-3), the risks for both sulfur oxide pollutants show
negative trends over time, and neither is statistically significant for the 1997-2001 sub-

period.

We did not include PM in this analysis, in part because of the lack of appropriate data

for all U.S. counties, and in part because PM, 5 serves as an air quality indicator and is
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not specific to any single emission source.?” An analysis of hourly PM, s concentrations
at 20 monitoring stations around the New York City metropolitan area from 2000 to 2002
showed very smooth spatial and temporal distributions, because of the combined effects
of local traffic and regional levels of secondary pollutants.® The overall average PM. s
level was about 12.5 pg/m®, which meets the current annual NAAQS, even though
portions of the New York area have the highest HAPS levels in the nation (Appendix A).
The diurnal PM; s data showed a sharp peak during morning rush hour, and mean levels
were about 2 ug/m?® higher on Thursdays than on Sundays, indicating relatively modest
effects of traffic, on average. Our negative findings for sulfates would imply that the
overall toxicity of PM mixtures containing sulfate should increase as the sulfate content

declines over time, which has been reported by Jerrett et al.2.

Measures of Effect. The risk estimates reported here are based on the mean
concentrations of the pollutants in question, and thus could be interpreted as the public
health benefit that would accrue if the pollutant in question were completely eliminated
from the environment. However, putative irreducible background levels may be
appreciable for some pollutants (25-30% of mean levels for benzene or formaldehyde, for
example), but not for DPM. Thus, practical pollution abatement strategies may only be
able to realize risk reductions comprising modest fractions of the estimates reported here.
We also computed some risk estimates based on the 95" percentiles of the pollutant
distributions, which resulted in only minor alterations of the rank orders in Table 5.

It is also important to realize that while statistical significance levels provide useful
information on the reliability of a finding, significance level per se is not an appropriate
indicator of the relative importance or toxicity of a pollutant. Thirty-five of the 54 risk
estimates in Table 5 are significant, and there is no relationship between confidence
interval width and level of risk. For example, chlorine is highly significant, not
withstanding an excess risk level only about 10% of that of benzene, which is also
statistically significant. This arises from differences in the spatial distributions of these
pollutants, as seen from Figure 2 and by comparing standard deviations and mean values

in Table 3. Chlorine is distributed very heterogeneously, with a spatial standard
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deviation about five times its mean. By contrast, benzene is more homogeneous, with a
standard deviation less than half its mean. This translates to an order of magnitude range
in the coefficients of variation and thus in the standard errors of elasticities or mean
effects’ (Figure 2). There may indeed be an appreciable mortality risk associated with
chlorine at its maximum concentration level (RR = ~1.16), but our analysis indicates that
benzene effects reach this level of risk at many more locations than chlorine. Our
analysis also suggests that the apparent national chlorine mortality risk may partly be due

to its (spatial) correlation with traffic-related pollutants.

Analyses of Subsets. A previous paper® noted that mortality effects of traffic density
summed over subsets of the follow-up period tend to exceed the effects estimated for the
entire period. This is also the case with the pollutants under study here. We propose that
this outcome results from temporal changes in the non-pollution risk factors in the model
subsequent to enrollment in the study and differences in the resulting confounding.
However, the phenomenon generally does not occur here with subsets by traffic density;
the sums of high- and low-density traffic effects are very nearly equal to those for all
subjects. This supports the hypothesis that risk factor changes during follow-up can be
important in estimating the overall pollution risks appropriately and suggests the presence
of confounding.

The major differences in mortality risks seen here between sets of counties with high and
low traffic densities suggest that thresholds may exist for some pollutants. Thus, caution
is warranted in trying to estimate risks for the entire nation based on ambient data

obtained from urban counties.

Comparisons with Other Risk Estimates
Comparisons with Previous Estimates for This Cohort. The first publication® on air
pollution risks for this cohort presented mean pollution risks in terms of matrices of
mortality sub-periods by pollution measurement periods (Table 7 of that paper, for deaths
through 1996). We found it difficult to discern a consistent pattern in the timing of
responses vs. those of exposures, in part because of high temporal correlations among the
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air quality measures. Below we compare the estimates from previous papers with those
of the present analysis, using mean effect ranges and standard errors, for brevity. Table
7A compares the present results with those of the first Veterans Cohort paper,® by
mortality follow-up period. Table 7B compares the present results for the 1997-2001
period with those obtained using data on PM, s constituents from EPA’s Speciation
Trends Network.” None of the differences between estimates based on measurements vs.
modeling is statistically significant, and the relative rankings of pollutants are similar for
the two sets of risk estimates. Also, note in Table 7B that the standard errors of the
modeled estimates tend to be smaller than those based on measured air quality. In this
sense, the modeled estimates should be considered “better” predictors of survival in this
cohort.

1.5 estimated 1990 ambient

Comparisons with Previous Risk Assessments. Woodruff et a
levels of HAPS for all of the census tracts in the contiguous United States and compared
them with EPA “benchmark” levels, including those for a cancer risk of 10°. They

concluded that levels of benzene and formaldehyde may have posed excess risks by this

definition, but that arsenic and nickel did not.

Wu and Pratt®” analyzed 1996 HAPS levels in Minnesota, considering both emission
levels and toxicity rankings. Their rankings of the 12 HAPS considered here include
formaldehyde (#2), nickel (#3), manganese (#4), benzene (#10), and lead (#13).

Sexton et al.t’

performed a similar assessment for the Houston area, basing “benchmark”
levels on the judgments of a panel of experts. Ozone and PM,s were also included, based
on exceedances of NAAQS levels, in addition to 1999 HAPS levels. They concluded that
O3, PM,5, DPM, benzene, formaldehyde, and chlorine (among others) posed “definite”
risks in Houston, and that arsenic compounds were a “possible” risk. This area is of
interest here because our initial analysis of the Veterans cohort® identified Houston as a

relatively high-mortality location.
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Appendix C in the On-Line Supplement compares our results for associations between
total mortality and ambient air quality with those of previous long-term studies from the
literature.

Support from Toxicology
The inability to identify the individual contributions of correlated pollutants has often
been a limitation of epidemiology. Toxicology experiments with controlled exposures on
animals or in vitro may thus offer assistance. However, findings of experiments with
specific types of particles have been mixed and often require compromised subjects in

order to show effects;**® testing with actual source emissions may be more promising.

These include exposures on® and near® roadways and to diluted engine exhaust.”®"?
Engine exhaust experiments with particles removed by filtering show risks associated

|-7l

with gaseous constituents as well.”~ Experiments with concentrated ambient PM often

73-76

show effects with crustal materials' " that might implicate road dust, the effects of

which were not evaluated in this study.

CONCLUSIONS

We conclude that survival of members of the Washington University-EPRI Veterans
Cohort is strongly and robustly associated with county-average levels of traffic-related air
pollution, as estimated by several protocols, based on residence at entry to the study.
Both gaseous and particulate species are implicated, including hazardous air pollutants;
sources of these pollutants other than traffic may also be implicated. The mortality risks
in this cohort appear to be declining slightly over time, and the overall composition of
traffic emissions has changed with the imposition of engine exhaust control systems.
Except for DPM, mortality relationships are stronger in the counties with higher levels of
traffic density. These findings are supported by other risk assessments and
epidemiological studies of the health effects of traffic in North America and Europe, in
addition to toxicological experiments. However, health effects of vehicular traffic may
also involve degradation products from vehicle or roadway wear, traffic noise, stress, or
socioeconomic effects associated with preferred residential locations. While this study
effectively controls for socioeconomic status by design, we have not specifically
evaluated these other factors.
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We also conclude that statistical significance alone is not an appropriate indicator of the
importance (i.e., toxicity) of a pollutant predictor variable. Significant excess risks as
low as 0.5% were detected for some pollutants. In counties with high levels of vehicular
traffic density, all of the pollution variables considered here show statistically significant
relationships with mortality; inter-pollutant correlations may explain many of these
relationships. Emission sources located in densely populated areas appear to be the
common factor. We are unable to identify specific pollutants that might be uniquely
responsible for the observed excess mortality, and we recommend extension of these
analytical and modeling techniques to other cohorts, to further test the hypotheses

generated here.

We find the following specific conclusions with respect to predicting survival in this
cohort, based on modeled county-level estimates of residential exposures:

Selected traffic-related air pollutants (benzene, formaldehyde, diesel particulate,
oxides of nitrogen, elemental carbon) are better predictors than traffic density per
se (Figure 1[a,b]).

The AER-modeled EC and NOy exposures are better predictors than the measured
air quality values used previously, as shown by the more precise risk estimates

achieved with modeling (Table 7B).

Significant mortality risks associated with SO, are limited to high-traffic density

counties (Table 5), where SO, appears to be a surrogate variable (Figure 1).

Among the potentially toxic trace elements in fossil fuels or emitted from metal-
working industries (As, Hg, Mn, Ni, Pb), Ni appears to be the most important in
high-traffic counties, but Ni also appears to be a surrogate variable (Figure 1).

Risks for As, Hg, Mn, and Pb are significantly lower, in all counties (Table 5)
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Other non-metal HAPS not related to either traffic or combustion (chlorine,
hydrochloric acid, polypropylene) are not significant independent predictors of

survival in the total cohort (Figure 1).

The negative sulfate risk coefficients previously reported on the basis of ambient
measurements in selected counties are confirmed with nationwide modeled
estimates (Tables 5, 6, 7).

Traffic density and ambient concentrations of related pollutants tend to be higher in the
more densely populated cities of the Northeast, where residual fuel oil containing nickel
and sulfur is commonly used.>® These considerations lead to the conclusion that cities
can be important sources of a variety of air pollutants besides those directly emitted in
vehicle exhaust. Air pollution epidemiology studies should consider a suite of potentially
causal agents before focusing on any one of them, including non-criteria and hazardous

species.
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Table 1 Descriptive Statistics for the EPRI-Washington University Veterans Cohort Study

period live subjects deaths average annual traffic density (VMTA)
A. All subjects death rate mean _std dev
1976-01 67938 44653 0.0253 12.17 15.3
1976-81 67938 11938 0.0293

1982-88. 56000 13885 0.0354

1989-96 42115 13119 0.0389

1997-01 28996 5711 0.0394

B. Restricted to subjects in counties with traffic density > 7.39 x 10° veh-mi/mi?

1976-01 29808 19666 0.0254 243 16.2
1976-81 29808 5240 0.0293
1982-88. 24568 6133 0.0357
1989-96 18435 5760 0.0391
1997-01 12675 2533 0.0400

C. Restricted to subjects in counties with traffic density <= 7.39 x 10° veh-mi/mi®

1976-01 38130 24987 0.0252 2.69 238
1976-81 38130 6698 0.0293
1982-88. 31432 7752 0.0352
1989-96 23680 7359 0.0388
1997-01 16321 3178 0.0389
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Table 2 Descriptive Statistics of selected HAPS and traffic density data (county median concentrations, ng/m®)

all subjects
(n = 3065 counties)

restricted to traffic density > 7.39

(n = 67938 subjects) (n =29808 subjects)

species mean _std dev__min__max ___ weighted mean weighted s dev wtd mean wtd s dev

arsenic 0.06 0.44 0 18 0.152 0.358 0.20 0.23
benzene 760 335 481 4760 1520 605 1990 475.
chlorine 5.73 56.5 0 2769 19.1 98.9 16.8 31.4
diesel PM 779 697 15 15100 1810. 999. 2534 897
formaldehyde 547 370 251 6810 1155 587 1623 522
hydrochloric acid 111 573 0 14637 168 321 218 157
local mercury 011 061 O 28 0.57 0.62 1.02 0.61
lead 1.05 405 O 141 5.68 7.31 8.63 6.89
manganese 125 589 O 238 3.08 3.79 4.13 3.56
nickel 046 149 O 57 2.09 1.87 3.49 1.67
polycyclic organics 245 395 0.0 618 96.4 83.8 148 94/7
polypropylene 0.17 09 O 12.4 0.183 1.00 0.34 1.48
1997 traffic density 1.72 9.6 0.004 265 17.11 20.7 34.1 21.5
1985 traffic density 1.23 6.87 0.003 183 12.17 15.3 24.3 16.2

Table 3 Descriptive Statistics for the AER Ambient Air Quality Concentration Estimates

Species Raw Data Subject-Weighted Data Minimum Maximum
all subjects high traffic counties
mean std dev_mean std dev_mean std dev
SO, (ppb) 186 176 428 3.12 6.37 3.16 0.06 19.2
NOy (ppb) 558 649 195 140 310 1217 0.22 72.1
S0,” (ug/m®) 301 160 387 156 465 121 0.33 7.3
EC (ng/m®) 037 026 082 045 1.18 0.39 0.05 35
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Table 4 Subject-Weighted Correlations among Pollutant Variables (raw values)

species As benzene CI Diesel EC formald HCI Hg Mn Ni NOy lead POM __polypro SO, Soéz' traffic
arsenic 1.00 008 -00 0.09 010 008 002 003 003 011 0.12 0.13 007 005 0.16 0.05 0.08
benzene 0.28 100 0.15 065 071 090 008 037 026 047 071 035 064 015 034 0.09 0.71
chlorine 0.14 021 100 0.04 0.18 0.09 -001 004 023 037 0415 -0.02 -0.09 0.0 0.02 -0.09 0.13
Diesel PM-0.050.36 0.05 100 0.5 071 008 035 012 033 070 029 004 0.09 054 029 0.65
EC 001 036 -039 044 100 075 008 033 017 045 096 041 043 012 068 033 0.59
formald 0.10 0.72 0.03 075 070 100 0.09 040 023 039 072 043 059 014 044 009 0.64
HCI 005 050 014 -010 0.23 034 1.00 005 0.08 006 008 010 021 001 0.7 0.12 0.03
mercury 0.12 0.57 -0.08 064 039 054 0.13 1.00 061 021 031 023 031 008 049 019 0.27
Mn 0.18 050 030 -0.04 -0.04 0.16 0.49 043 100 023 014 0112 010 0.03 014 0.16 0.15
nickel 0.26 0.67 -0.04 023 039 055 0.03 041 0213 100 035 017 035 015 031 -0.0 0.37
NOy 0.13 044 -029 026 084 036 0.33 0.24 -0.10 0.51 1.00 043 045 013 0.65 020 0.56
lead 0.12 0.07 0.15 035 047 0.68 0.68 048 0.70 0.29 049 100 035 0.01 044 0.16 0.04
POM 020 0.67 0.09 024 029 043 0.13 0.41 0.07 0.52 0.25 0.15 1.00 0.11 0.30 -0.06 0.34
polypro 0.03 0.04 -0.03 0.01 -0.01 0.03 -0.08 -0.01 0.08 0.26 -0.03 -0.07 -0.03 100 0.13 0.09 0.15
SO, 005 0.33 -0.39 0.18 0.75 0.52 048 0.19 0.07 0.32 081 053 -0.07 -0.06 1.00 0.56 0.32
so,” -0.06 -0.03 -052 -0.02 0.39 0.07 025 0.08 0.03 -0.01 040 024 -041 -019 0.79 1.00 0.16
traffic  0.10 0.68 0.14 054 036 067 045 060 046 031 027 061 026 005 0.37 0.10 1.00
density

av'glow 0.08 0.42 0.07 038 044 042 008 027 017 027 042 024 030 009 022 026 0.32
av'g high0.10 040 -003 024 032 042 025 032 021 030 031 037 020 -00 033 0.11 0.35

Values above the diagonal are for low-traffic density counties; values below the diagonal are for high-density counties.
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Table 5 Cumulative mortality risks across all sub-periods (linear exposures)

all subjects traffic dens.>7.39x10° veh-mi/mi®  traffic dens.<= 7.39x10° veh-mi/mi°
RR LCI UCI RR LCI UCI RR LCI UCI
benzene 1.1042 1.0801 1.1289 1.2013 1.1797 1.2234 1.0071 0.9682 1.0491
formaldehyde 1.0866 1.0676 1.1059 1.1248 1.1101 1.1396 1.0137 0.9782 1.0519
diesel PM 1.0797 1.0621 1.0976 1.0510 1.0381 1.0642 1.0737 1.0439 1.1053
oxides of nitrogen 1.0764 1.0612 1.0919 1.1823 1.1685 1.1963 1.0292 1.0115 1.0474
elemental carbon 1.0736 1.0519 1.0958 1.1460 1.1289 1.1633 1.0420 1.0147 1.0707
nickel 1.0553 1.0446 1.0660 1.0964 1.0871 1.1059 1.0229 0.9744 1.0764
polycyclic organics 1.0381 1.0272 1.0491 1.0704 1.0629 1.0779 0.9973 0.9797 1.0155
sulfur dioxide 1.0375 1.0214 1.0539 1.0723 1.0600 1.0846 1.0159 0.9978 1.0347
1985 traffic density  1.0297 1.0221 1.0373 1.0220 1.0139 1.0301 1.0313 1.0154 1.0476
local mercury 1.0257 1.0180 1.0334 1.0288 1.0217 1.0359 1.0008 0.9933 1.0085
1997 traffic density  1.0239 1.0148 1.0331 1.0595 1.0384 1.0810 1.0446 1.0315 1.0579
lead 1.0166 1.0089 1.0243 1.0234 1.0177 1.0291 0.9983 0.9917 1.0051
arsenic 1.0062 0.9977 1.0146 1.0266 1.0220 1.0312 1.0031 0.9996 1.0066
chlorine 1.0048 1.0028 1.0068 1.0195 1.0139 1.0250 1.0039 1.0019 1.0058
hydrochloric acid 1.0030 0.9990 1.0071 1.0114 1.0046 1.0183 1.0004 0.9966 1.0042
polypropylene 1.0028 0.9961 1.0095 1.0052 1.0043 1.0062 1.0005 0.9962 1.0050
manganese 0.9970 0.9896 1.0044 0.9797 0.9738 0.9858 0.9933 0.9858 1.0009
sulfate aerosol 0.9466 0.9195 0.9746 0.9364 0.9142 0.9591 0.9328 0.9046 0.9629
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Table 6 Summary of relative mortality risks for all subjects based on 2-pollutant models
(1985 traffic density + "other" species) based on linear exposures

Cumulative (all sub-periods) 1997-2001 sub-period

other species traffic other total traffic  other total

benzene 1.0123 1.0763 1.0907 0.9984 1.1074 1.1056
formaldehyde 1.0042 1.0800 1.0849 1.0080 1.0662 1.0671
diesel PM 1.0050 1.0749 1.0806 0.9971 1.0736 1.0706
oxides of nitrogen ~ 1.0102 1.0674 1.0791 1.0126 1.0292 1.0422
elemental carbon 1.0171 1.0493 1.0682 1.0147 1.0248 1.0399
nickel 1.0112 1.0477 1.0600 1.0086 1.0326 1.0414
polycyclic organics 1.0203 1.0250 1.0463 1.0149 1.0154 1.0305
sulfur dioxide 1.0244 1.0136 1.0387 1.0280 0.9628 0.9898
arsenic 1.0280 1.0051 1.0334 1.0197 1.0023 1.0220
chlorine 1.0281 1.0046 1.0330 1.0195 1.0034 1.0230
lead 1.0263 1.0062 1.0328 1.0178 1.0047 1.0226
local mercury 1.0223 1.0079 1.0327 1.0101 1.0163 1.0266
polypropylene 1.0275 1.0021 1.0298 1.0192 1.0014 1.0206
hydrochloric acid 1.0287 1.0090 1.0296 1.0186 1.0063 1.0251
manganese 1.0335 0.9869 1.0194 1.0208 0.9982 1.0190
sulfate aerosol 1.0305 0.9321 0.9586 1.0220 0.9351 0.9557

bold italic = p < 0.05
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Table 7A  Comparison of Mortality Risks with Those Based on Measurements®

Period 1976-81 1982-88 1989-96
measured* modeled” measured*  modeled”  measured*  modeled”
NO,, NO, 0.049-0.093 0.097 (0.015) 0.029-0.069 0.089 (0.014) 0.014-0.074 0.061 (0.014)

SO~ -0.045-0.02 -0.018 (0.029) -0.13-0.05 -0.036 (0.027) -0.22 --0.08 -0.10 (0.028)

* range of estimated risk coefficients®  # estimated risk coefficient (standard error)

Table 7B ComParison of 1997-2001 Mortality Risk Coefficients with Those Based on
Measurements
measured’ modeled

NO,, NO, 0.086 (0.079) 0.041 (0.022)
EC 0.131 (0.046)  0.045 (0.028)
SO, -0.047 (0.043) -0.012 (0.023)
S0.> 0.036 (0.060) -0.056 (0.042)
Mn -0.013 (0.014) 0.004 (0.010)
Ni 0.043 (0.020) 0.039 (0.016)
Pb -0.031 (0.025) 0.011 (0.010)
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Figure captions

Figure 1. Relationship between risk coefficients (mean effects) and pollutant correlations.
(a) for all subjects, assuming benzene is the “true” pollutant.
(b) for all subjects, assuming NOy is the “true” pollutant.
(c) for subjects in high traffic-density counties, assuming benzene is the “true” pollutant.
(d) for subjects in high traffic-density counties, assuming NOy is the “true” pollutant.

Figure 2. Relationships between the standard errors of mean effects and pollutant coefficients of
variation (linear exposure model).

Figure 3. Relative risks from two-pollutant models (linear exposures).
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ON-LINE SUPPLEMENT (APPENDICEYS)

Appendix A. Additional data on the AER and HAPS air quality estimates.

The 10 locations with the highest average concentrations of each AER pollutant
are given in Table A-1. The rankings tend to be tightly grouped, especially for SO,*, for
which 27 counties are included in the ten highest concentration levels. The AER 36x36
km grid square locations did not allow a clear distinction to be made among the five
boroughs of New York City, with the exception of the Bronx, which had slightly worse
predicted air quality than the other four boroughs. This is consistent with recent detailed
air quality surveys in that local area, as discussed below. More than half of these high-
pollution locations are in the eastern portion of the nation, where population and traffic
densities are also higher. The locations of high SO, and SO, levels also reflect the
influence of coal-fired power plants, several of which are located in or near Chattooga
County, Georgia. New York City, Chicago, and some Louisiana locations appear in all

four columns of Table A-1.

Table A-1 Ten Highest Concentration Locations for AER Air Quality Estimates

SO, NO, S0~ EC

Bronx (NY) Bronx (NY) Chattooga County (GA)  Bronx (NY)

Port Huron (MI) Houston (TX) Baltimore (MD) area Boston, Quincy (MA)
east PA, Wilmington,DE Chicago (IL) eastern PA, DE rest of New York City
Chicago (IL) rest of New York City  Chicago (IL) Newark (NJ) area
Paterson (NJ) Newark (NJ) area Bronx (NY) Paterson (NJ) area
rest of New York City St. Charles (LA) northeast TN, s’'west VA Long Island (NY)
Newark (NJ) area Paterson (NJ) Atlanta (GA) area Houston (TX)

Alton (IL) (St..Louis)  east PA, Wilmington,DE  Gary (IN) area St. Charles (LA)
Baton Rouge (LA) Phoenix (AZ) Washington (DC) area  east PA, Wilmington,DE
Long Island (NY) Riverside (CA) area St. Charles (LA) Chicago (IL)
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Tables A-2 and A-3 contain additional correlation matrices. Table A-2 provides correlations of the raw variables for all subjects.
Table A-3 has correlations of their logarithms, for all subjects and for subjects residing in counties with high traffic density.

Table A-2 Subject-Weighted Correlations among Pollutant Variables (all subjects)

species __As benzene ClI Diesel EC formald  HCI Hg Mn Ni NOy  lead POM polypro SO, SO,% traffic
arsenic 100 018 0.01 010 013 014 0.04 0.12 010 019 0.17 016 0.16 0.04 0.16 0.07 0.13
benzene 100 008 071 074 089 021 071 043 0.77 076 059 0.76 0.13 0.58 032 0.77
chlorine 100 001 002 002 -0001 -001 020 0.15 002 002 -003 0.004 -006 -0.20 0.02
diesel PM 100 075 085 0.10 074 019 057 067 046  0.53 0.10 0.55 036 0.72
elemental carbon 1.00 085 0.17 064 021 0.67 094 054 057 0.10 0.82 052 0.65
formaldehyde 1.00 0.19 075 030 0.73 084 062 0.66 0.12 0.68 0.38 0.80
hydrochoric acid 1.00 012 019 012 018 025 018 -0.004 0.26 0.18 0.20
mercury 1.00 052 0.62 058 049 0.60 0.07 0.49 033 0.74
manganese 1.00 0.29 0.18 042 019 009 021 020 0.38
nickel 1.00 0.72 040 0.65 025 0.56 028 0.61
oxides on nitrtogen 1.00 055 0.56 0.09 0.84 048 0.62
lead 1.00 0.36 001 057 031 052
polycyclic organic materials 1.00 0.36 0.33 0.06 0.54
polypropylene 1.00 0.05 -0.02 0.13
sulfur dioxide 1.00 0.71 0.58
sulfate aerosol 1.00 0.35
traffic density 1.00
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Table A-3 Subject-Weighted Correlations among the Logarithms of Pollutant Variables)

species As _ Bzn Cl Diesel EC Form HCI Hg Mn Ni NO, Pb POM _ Ppn SO, SO,% traffic
As 100 073 056 064 066 071 062 069 069 075 070 073 072 060 054 030 063
Bzn 068 1.00 056 080 081 094 068 08 068 08 084 082 087 069 055 025 0.86
Cl 053 056 100 050 050 053 052 050 054 057 051 049 048 050 041 029 051
Diesel 0.04 034 002 100 08 08 063 08 059 078 083 074 074 062 063 041 081
EC 028 038 -020 033 100 087 066 082 05 077 09 077 071 061 078 049 081
Form 045 075 028 068 068 100 067 087 063 081 08 08 08 068 059 032 0.86
HCI 022 048 010 -0.10 034 040 100 070 066 068 068 075 064 049 065 041 064
Hg 054 056 006 042 046 053 017 100 073 08 083 082 08 070 063 035 0.86
Mn 040 040 030 002 002 014 025 064 100 073 058 070 064 058 046 026 0.61
Ni 072 069 053 024 043 061 012 050 024 100 082 079 084 071 060 026 0.80
NOy 048 050 004 021 08 070 045 044 00 055 100 081 076 066 075 040 081
Pb 046 068 023 030 061 073 064 057 047 045 069 100 079 060 060 029 0.71
POM  0.65 075 047 031 039 059 010 066 025 069 044 038 100 070 047 015 074
Ppn 037 030 039 022 020 039 -021 028 016 046 024 014 040 100 037 013 0.66
SO, 028 024 -028 -004 060 025 039 021 003 030 063 035 00 -0.22 100 079 0.3
so/” 002 -006 -044 -015 039 -009 020 0.0 -0.02 0.0 030 008 -032 -042 090 1.00 042
graffi_c 041 072 019 039 044 070 048 049 034 039 041 063 039 025 032 009 1.00
ensity

Values above the diagonal are for all subjects; values below the diagonal are for high-density counties.
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Appendix B. Additional Mortality Risk Estimates

This Appendix includes risk estimates based on the logarithms of the pollutant variables: Table
B-1 compares with Table 5 in the main text, and Table B-2 compares with Table 6. Table B-3
contains the (non-logarithmic) risk estimates by mortality sub-period that were used to construct
Table 5 in the main text. Downward trends are seen for elemental carbon, formaldehyde,
nitrogen oxides, nickel, sulfur dioxide, and sulfates.

Table B-1 Cumulative mortality risks across all subperiods (logarithmic exposures)

all subjects traffic dens.>7.39x10° veh-mi/mi® traffic dens.< =7.39x10° veh-mi/mi?
RR LCI UCI RR LCI UCl RR LCI UCI
benzene 1.0887 1.0646 1.1133 1.2583 1.2320 1.2852 1.0122 0.9754 1.0519
diesel PM 1.0786 1.0615 1.0961 1.1022 1.0793 1.1256 1.0506 1.0244 1.0781
formaldehyde 1.0769 1.0567 1.0973 1.1687 1.1485 1.1892 1.0189 0.9842 1.0562
elemental carbon 1.0570 1.0380 1.0763 1.1204 1.1006 1.1405 1.0377 1.0083 1.0689
oxides of nitrogen 1.0480 1.0356 1.0606 1.1400 1.1256 1.1546 1.0216 1.0037 1.0403
polycyclic organics 1.0308 1.0204 1.0413 1.1043 1.0924 1.1163 1.0022 0.9884 1.0164
nickel 1.0296 1.0220 1.0374 1.1104 1.0976 1.1233 1.0143 1.0043 1.0245
1985 traffic density 1.0286 1.0221 1.0352 1.0577 1.0471 1.0685 1.0193 1.0084 1.0304
1997 traffic density 1.0260 1.0194 1.0327 1.1011 1.0799 1.1228 1.0581 1.0464 1.0700
local mercury 1.0257 1.0180 1.0334 1.0380 1.0272 1.0489 1.0135 1.0026 1.0247
lead 1.0195 1.0131 1.0260 1.0493 1.0425 1.0561 1.0020 0.9937 1.0104
sulfur dioxide 1.0163 1.0032 1.0294 1.0342 1.0235 1.0450 1.0111 0.9939 1.0289
arsenic 1.0161 1.0073 1.0250 1.0807 1.0703 1.0913 0.9982 0.9874 1.0092
chlorine 1.0145 1.0113 1.0177 1.0174 1.0142 1.0205 1.0031 0.9996 1.0067
polypropylene 1.0129 1.0061 1.0198 1.0469 1.0413 1.0526 0.9791 0.9702 0.9882
hydrochloric acid 1.0111 1.0022 1.0200 1.0249 1.0159 1.0340 0.9928 0.9824 1.0034
manganese 1.0045 0.9960 1.0132 0.9761 0.9666 0.9858 0.9929 0.9827 1.0033
sulfate aerosol 0.9823 0.9628 1.0022 0.9802 0.9632 0.9974 0.9745 0.9517 0.9983
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Table B-2 Summary of cumulative mortality risks across all subperiods
for all subjects based on 2-pollutant models (1985 traffic density + ""other" species), based
on logarithmic exposures

other species traffic  other  total
benzene 1.0298 0.9975 1.0271
formaldehyde 1.0259 1.0116 1.0381
diesel PM 1.0133 1.0513 1.0660
oxides of nitrogen 1.0236 1.0143 1.0386
elemental carbon 1.0342  0.9824 1.0154
nickel 1.0227 1.0098 1.0329
polycyclic organics 1.0300 0.9984 1.0283
sulfur dioxide 1.0355 0.9791 1.0131
arsenic 1.0323 0.9927 1.0245
chlorine 1.0214 1.0104 1.0322
lead 1.0278 1.0020 1.0300
local mercury 1.0324 0.9954 1.0275
polypropylene 1.0345 0.9916 1.0255
hydrochloric acid 1.0364 0.9836 1.0188
manganese 1.0391 0.9773 1.1036
sulfate aerosol 1.0336 0.9567 0.9874

bold italic = p < 0.05



Table B-3 Trends in mortality risks

pollutant period  all subjects subjects in high-density cos pollutant period all subjects subjects in high-density cos
RR LCI UClI RR LCI UClI RR LCI UClI RR LCI UCl

arsenic 1976-81 1.0057 1.0000 1.0116 1.0191 0.9947 1.0441 manganese 1976-81 0.9942 0.9800 1.0086 0.9645 0.9341 0.9959
arsenic 1982-88 1.0091 1.0033 1.0148 1.0354 1.0128 1.0585 manganese 1982-88 1.0007 0.9882 1.0135 0.9777 0.9500 1.0062
arsenic 1989-96 1.0048 0.9971 1.0126 1.0258 1.0026 1.0496 manganese 1989-96 0.9923 0.9789 1.0059 0.9853 0.9569 1.0145
arsenic 1997-01 1.0032 0.9920 1.0146 1.0258 0.9918 1.0610 manganese 1997-01 1.0045 0.9844 1.0249 1.0065 0.9636 1.0512
benzene 1976-81 1.1067 1.0523 1.1640 1.1500 1.0304 1.2835 nitrogen oxides 1976-81 1.1014 1.0695 1.1343 1.2418 1.1518 1.3389
benzene 1982-88 1.1072 1.0568 1.1601 1.2135 1.0973 1.3421 nitrogen oxides 1982-88 1.0933 1.0641 1.1233 1.2654 1.1815 1.3553
benzene 1989-96 1.1191 1.0663 1.1746 1.4268 1.2864 1.5826 nitrogen oxides 1989-96 1.0626 1.0332 1.0928 1.1675 1.0876 1.2534
benzene 1997-01 1.1033 1.0255 1.1870 1.0506 0.8954 1.2325 nitrogen oxides 1997-01 1.0424 0.9992 1.0875 1.0673 0.9597 1.1869
chlorine 1976-81 1.0051 1.0024 1.0078 1.0074 0.9782 1.0375 nickel 1976-81 1.0648 1.0424 1.0877 1.0740 1.0232 1.1273
chlorine 1982-88 1.0058 1.0032 1.0083 1.0103 0.9840 1.0373 nickel 1982-88 1.0581 1.0373 1.0794 1.1136 1.0657 1.1636
chorinel 1989-96 1.0040 1.0011 1.0069 1.0341 1.0064 1.0626 nickel 1989-96 1.0560 1.0344 1.0781 1.1373 1.0863 1.1907
chlorine 1997-01 1.0035 0.9991 1.0080 1.0360 0.9941 1.0797 nickel 1997-01 1.0393 1.0068 1.0729 1.0534 0.9781 1.1346
diesel PM 1976-81 1.0832 1.0492 1.1183 1.0158 0.9499 1.0863 polycyclic organics 1976-81 1.0340 1.0121 1.0563 1.0517 1.0116 1.0933
diesel PM 1982-88 1.0830 1.0517 1.1152 1.0265 0.9655 1.0913 polycyclic organics 1982-88 1.0319 1.0119 1.0523 1.0601 1.0229 1.0986
diesel PM 1989-96 1.0891 1.0569 1.1222 1.1302 1.0660 1.1982 polycyclic organics 1989-96 1.0569 1.0361 1.0782 1.1320 1.0925 1.1728
diesel PM 1997-01 1.0691 1.0216 1.1189 1.0308 0.9380 1.1327 polycyclic organics 1997-01 1.0253 0.9947 1.0568 1.0245 0.9701 1.0819
elemental carbon  1976-81 1.1076 1.0657 1.1512 1.1948 1.0905 1.3091 lead 1976-81 1.0149 1.0006 1.0293 1.0182 0.9881 1.0492
elemental carbon  1982-88 1.0756 1.0379 1.1147 1.1644 1.0715 1.2653 lead 1982-88 1.0236 1.0107 1.0367 1.0332 1.0053 1.0618
elemental carbon  1989-96 1.0634 1.0250 1.1033 1.1715 1.0760 1.2755 lead 1989-96 1.0135 1.0004 1.0268 1.0260 0.9975 1.0552
elemental carbon  1997-01 1.0464 0.9904 1.1057 1.0479 0.9208 1.1926 lead 1997-01 1.0116 0.9921 1.0314 1.0075 0.9655 1.0514
formaldehyde 1976-81 1.1015 1.0608 1.1438 1.1086 1.0284 1.1950 polypropylene 1976-81 1.0016 0.9984 1.0049 1.0021 0.9969 1.0074
formaldehyde 1982-88 1.0885 1.0513 1.1270 1.1185 1.0439 1.1985 polypropylene 1982-88 1.0031 1.0004 1.0059 1.0059 1.0014 1.0104
formaldehyde 1989-96 1.0930 1.0533 1.1342 1.2307 1.1473 1.3202 polypropylene 1989-96 1.0040 1.0013 1.0067 1.0080 1.0036 1.0123
formaldehyde 1997-01 1.0678 1.0111 1.1277 1.0282 0.9208 1.1481 polypropylene 1997-01 1.0019 0.9977 1.0060 1.0037 0.9970 1.0105
hydrochloric acid 1976-81 0.9995 0.9909 1.0081 1.0081 0.9728 1.0447 sulfur dioxide 1976-81 1.0634 1.0314 1.0964 1.1054 1.0355 1.1799
hydrochloric acid 1982-88 1.0019 0.9945 1.0095 1.0133 0.9807 1.0471 sulfur dioxide 1982-88 1.0495 1.0201 1.0797 1.1205 1.0551 1.1900
hydrochloric acid 1989-96 1.0055 0.9977 1.0133 1.0196 0.9860 1.0543 sulfur dioxide 1989-96 1.0271 0.9975 1.0575 1.0507 0.9874 1.1181
hydrochloric acid 1997-01 1.0077 0.9958 1.0197 0.9962 0.9470 1.0478 sulfur dioxide 1997-01 0.9881 0.9454 1.0326 0.9748 0.8885 1.0695
local mercury 1976-81 1.0178 1.0017 1.0341 1.0037 0.9677 1.0410 sulfate aerosol 1976-81 0.9818 0.9275 1.0392 0.9958 0.8793 1.1278
local mercury 1982-88 1.0282 1.0137 1.0429 1.0195 0.9863 1.0539 sulfate aerosol 1982-88 0.9650 0.9155 1.0173 1.0286 0.9183 1.1522
local mercury 1989-96 1.0323 1.0170 1.0478 1.0666 1.0312 1.1032 sulfate aerosol 1989-96 0.9039 0.8563 0.9542 0.8487 0.7561 0.9528
local mercury 1997-01 1.0238 0.9999 1.0481 1.0250 0.9711 1.0819 sulfate aerosol 1997-01 0.9454 0.8715 1.0255 0.8593 0.7246 1.0191
'85 traffic density 1976-81 1.0263 1.0099 1.0429 0.9959 0.9540 1.0396

’85 traffic density 1982-88 1.0238 1.0090 1.0388 0.9860 0.9489 1.0245
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’85 traffic density 1989-96 1.0452 1.0299 1.0606
’85 traffic density  1997-01 1.0200 0.9982 1.0422
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Appendix C. Comparisons with Previous Long-Term Mortality Studies.

No other U.S. cohort study has examined mortality risks associated with traffic exposures

on a national basis. However, there are relevant studies in the literature:
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Finkelstein et al.* found a relative risk of 1.18 for all-cause mortality associated

with living near major roads in Hamilton, Ontario.

Tonne et al.? reported a 5% (3-6%) increase in heart attack risk associated with
living near major roads in Worcester, MA, after adjusting for PM,s emissions

sources.

Hoffmann et al.* found an odds ratio of 1.85 (1.21-2.34) for the prevalence of

coronary heart disease associated with living near major roads in Germany.

Gehring et al.* reported a relative risk of 1.29 (0.93-1.78) for all-cause mortality
associated with living near major roads in the Ruhr area of Germany and a

relative risk of 1.47 (1.05-2.04) associated with the mean concentration of NO..

Rosenlund et al.> used emissions data and dispersion modeling to estimate NO,
concentrations at home addresses due to traffic, the median levels of which were
associated with relative risks for fatal heart attacks of 1.22 (0.98-1.50) for all
cases and 1.44 (1.02-2.04) for out-of-hospital deaths.

Elliott et al.® report an ecological study of mortality in Great Britain for four 4-y
periods from 1982-98, based on routine monitoring of black smoke (EC) and SO,
in electoral wards. Using the methods of the present study to estimate risks at
mean concentration levels for the total follow-up period, we find relative risks of
1.13 for smoke and 1.02 for SO..



Nafstad et al.” estimated NO, and SO levels for the home addresses of 16,209
male residents of Oslo, Norway. Their relative risks for all-cause mortality were
1.13 (1.10-1.19) for NOy and 0.97 (0.94-1.02) for SO, based on estimated mean

concentration levels.

Naess et al.® used dispersion modeling to estimate PM and NO; levels for all 470
local districts of Oslo, Norway. Based on the fragmentary information they
reported for NO,, the all-cause mortality risk for the elderly is 1.29 and is
essentially linear. For the 51-70 age group, there is a definite threshold at about
20 ppb with a steeper slope thereafter.

Hoek et al.’ reported on a small study in the Netherlands that associated all-cause
mortality with living near a major road (RR=1.41 [0.94-2.12]) and with mean
levels of black smoke (RR=1.52 [0.92-2.49]) and NO, (RR=1.31 [0.80-1.36]).

Beelen et al.*®

studied associations between 1987-1996 mortality in a Dutch
cohort of about 120,000 subjects, in relation to traffic variables and selected
criteria air pollutants. They found substantial differences according to the degree
of confounder adjustment; detailed data were available for only about 12% of the
full cohort, for which no excess all-cause mortality risks were reported. After
adjustment for age, sex, smoking, and area-wide socioeconomic status, relative
risks based on mean-minimum concentrations were 1.059 (1.0-1.117) for NO,,
1.039 (1-1.085) for black smoke (~EC), 1.031 (0.983-1.082) for PM, 5, and 0.986
(0.951-1.023) for SO,. Traffic intensity on the nearest road was also a significant
predictor, for the full cohort only (RR=1.03 [1.0-1.08]). In a separate

publication, no significant associations were found with lung cancer.

The widely cited U.S. cohort studies by Dockery et al.™* and Pope et al.**** do not

consider traffic impacts. However, the Six Cities Study** is dominated by the high

pollution levels in Steubenville, OH, where elevated levels of benzene may have also

been present from coke oven operations but were not considered in the analysis. Table
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C-1 compares ACS and Six Cities findings with those of the present study, on the basis of
mean concentration levels of relevant pollutants. Estimated risks for SO, agree among
the four studies, but there are significant differences for SO, .that might relate to the use
of contextual variables in the present study and not in the others. When SO, and SO4*
were regressed jointly in the ACS reanalysis,™* the SO4* risk diminished markedly and
lost significance; thus, SO; is statistically a better mortality predictor than SO,*.

Comparing Tables 6 and 7 of Lipfert et al.”

shows that sulfate mortality risks are
sensitive to the use of contextual variables in the proportional hazards modeling. For
NOy, our results agree with the Six Cities study, but not with the ACS estimates, which
may have been limited by the availability of ambient monitoring data. However,
pollutant exposures in the ACS study are based on multi-county metropolitan statistical
areas and thus that study may not be able to detect the local effects of traffic and NOx.
Table C-1 also shows that the present study has much tighter confidence intervals than
the other studies.

.*® used modeled estimates of SO,, SO,* and NO to predict excess

Lipferteta
all-cause mortality in 916 U.S. cities for 1980 in an ecological analysis that included
state-level estimates of smoking prevalence. The dispersion model used for these
estimates was much less complex than the one used in the present analysis, but the
relative risk estimates obtained (1.05 — 1.08) are similar. Estimates were also reported
for measured Mn and Pb;*® risks associated with measured Mn are stronger in the earlier
study but the Pb risks are similar to the present findings.

In the present study, we find evidence that mortality risks associated with air
pollution for this cohort have declined over time. This finding is also supported by the
extant literature, notably Lipfert and Morris,*” Enstrom,® and by the difference between
the results of Pope et al.'? for 1982-98 mortality and Pope et al.** for 1982-89 mortality.

19
l.

Further, Laden et al.™ report the results of extended follow-up of the Six Cities Study,

showing a decline in excess risk over time (1990-98 vs. 1974-89). Based on the original

|”1O

air quality data reported by Dockery et al.,” none of the all-cause mortality risks

associated with SO,, NO,, or NOy is significant in the later period, and the rate of risk

20
l.

decline for the group of pollutants is nearly significant (p=0.07). Jerrett et al.”” reported

additional analyses of the American Cancer Society CPS-11 cohort,**and found that
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cardiovascular mortality risks associated with sulfates declined from 1982-2000 while
those associated with PM,s increased. They attributed this trend to a shift in the

composition of PM2.5 towards less sulfate and more traffic-related PM.

1-10

In conclusion, all of the traffic-related studies listed above " are in general

agreement with the present study, by finding excess risks of similar magnitudes near
roadways or associated with traffic-related pollutants, based on local impacts. There is
also support for downward trends and the existence of thresholds (from roadway
proximity studies). Several studies used dispersion modeling to estimate pollution

exposures. The Six Cities Study™ finds similar risk levels but cannot identify specific

12-14
S

pollutants with certainty. The AC studies do not consider local or traffic impacts

and their results differ from our findings, with the exception of SO..
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Table C-1 Comparison of All-Cause Mortality Risks in Selected US Cohort Studies, Based on Mean
Concentrations

SO, So,” NO, or NO,
Dockery et al. (Six Cities)* 112 (1.04-121) 124 (1.08-1.42) 1.26 (1.07-1.52)
Krewski et al. (orig ACS)** 1.084 (1.06-1.11)  1.063 (1.04-1.09) 0.97 (0.94-1.00)
Pope et al. (ACS CPS [1)*** 1.045 (1.02-1.07)  1.095 (1.04-1.15) 1.01 (0.97-1.05)
present study*** * 1.07 (1.06-1.085)  0.936 (0.91-0.96) 1.18 (1.17-1.20)

e based on Krewski et al.," Part II, Table 16, adjusted to mean concentration levels.

**  pased on Krewski et al.,*® Part 11, Tables 31, 32, adjusted to mean concentration levels.

*** hased on Figure 5 of Pope et al.,'* using multi-year exposures. Mortality from 1982-98.
**** hased on Table 5 of this study, for NOy in high-traffic counties. Mortality from 1976-2001.
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Appendix D. Supplementary Material on the Estimated Air Quality Data
1. Correlations with measured ambient air quality data.

The most relevant correlations are between like species, using data from previous
publications on the Veterans Cohort. These results are listed in Table D-1; the weighted
correlations are weighted by 1989 population. The strongest correlations are seen for
sulfates (SO,), especially for the IPN dataset, which was used in the ACS studies. The
weakest relationships are seen for the more localized pollutants, such as SO,, EC, and
metals; this could be due to comparing the county-wide model estimates with local spot
measurements. Correlations between measured NO, and predicted NOy are influenced by
the non linearity of this photochemical relationship.! The highest predicted NO, values
agree with the expected slope,’ but many of the lower model estimates are substantially
less than measured, especially in Southern California. Differences between county
averages and local measurements could account for some of these differences.

Table D-1. Spatial correlations between measured ambient air quality indicators and AER
or HAPS estimates.

A. AER estimates correlations

Estimated parameter measured parameter unw’t’d weighted #obs

SO, 1975-81 AIRS SO, (from TSP) 0.82 0.69 421
SO, STN SO, (from PM,5) 0.82 0.56 192
SO, ACS SO,:(from TSP) 0.77 0.49 150
NO, 1975-81 AIRS NO, 0.57 0.42 259
NO, 1982-88 AIRS NO, 0.61 0.43 234
NO, 1989-96 AIRS NO, 0.66 0.58 288
SO, 1975-81 AIRS SO,: 0.26 0.39 520
SO, 1982-88 AIRS SO,: 0.27 0.36 493
SO, 1989-96 AIRS SO,: 0.29 0.36 450
elemental carbon STN elemental carbon 0.42 0.26 192

B. HAPS estimates

nickel STN nickel (from PM,5) 0.27 0.28 178
manganese STN manganese (from PM, ) 0.01 0.04 178
lead STN lead (from PM,5s) 0.20 0.13 178
arsenic STN arsenic (from PM,5s) -0.16 -0.28 178
chlorine STN chloride (from PM,5s) 0.24 0.13 178
average diesel PM diesel traffic density 0.75 0.89 3078
local peak diesel PM diesel traffic density 0.80 0.83 3078

acronyms ACS: American Cancer Society studies by Pope et al.
IPN: Inhalable Particulate Network.
AIRS: Aerometric Information Retrieval System (US EPA)
STN: Speciation Trends Network (US EPA)

2. Comparisons with Ambient Measurements in Bronx County, NY (FIPS 36005)

The South Bronx area of New York City has been identified as suffering from urban
blight, poverty, and environmental injustice. It has one of the highest childhood asthma
prevalence rates in the nation, heavy vehicular traffic, and various industrial facilities.
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One of its major highways connects with the George Washington Bridge, which carries
about 300,000 vehicles per day in 14 lanes of traffic. Bronx County has the nation’s
highest values for several of the air quality indicators considered in this study. Table D-2
compares those model estimates with the various measurements available from the
literature, for similar time periods. Values are in pg/m® unless otherwise indicated.

Table D-2. Comparisons of ambient air quality estimates for Bronx County, NY

pollutant this study STN? other studies
SO, (ppb) 19.2 17-20

S0,% 6.2 4.1 4.1-4.3
NOXx (ppb) 72.1 40 (as NO,)
EC 35 1.3 2.7-4.4
benzene 3.2 1.1-2.77
formaldehyde 5.1 47-8.6'
HCI 0.16 0.47

As 0.00022 0.0013

Mn 0.0074 0.00020

Ni 0.0053 0.021

Pb 0.021 0.0061

Some of these comparisons are quite good, while others are only approximate. Some of
the other findings from the relevant literature are also worth mentioning. Carslaw et al.!
presented measured data on the relationship between NOy and NO; in London, for which
a linear relationship with a slope of about 0.6 fits with an error of less than 1 ppb. On this
basis, the measured NOy value of 72 ppb in the Bronx would correspond to 43 ppb as
NO2, which compares quite well to actual measurements. The corresponding national
average NO; value would be 12 ppb for all subjects in this cohort and 18.6 ppb for
subjects in the high-traffic counties. The latter estimate comports well with the measured
value (20 ppb) for the STN counties.?

Ito et al.? performed factor analyses on speciated PM, 5 data from three monitors in Bronx
and Queens Counties, NY. They found somewhat different factors at each station and
concluded that the traffic factors were much less spatially correlated than the secondary
aerosol factors. They concluded that “a source-oriented evaluation of PM health effects
needs to take into consideration the uncertainty associated with spatial
representative[ness] of the species measured at a single monitor.”

Bari et al.* noted that HCI may be attributed to local as well as regional sources, with an
estimated 27% from the latter (presumably midwestern coal burning). The ambient HCI
estimates used in this analysis are presumably due only to local sources, which may help
account for the lower values. Bari et al.” also noted similar patterns between ambient
HCI and SO4* in summer, when the highest concentrations occurred. Thus, SO,% in the
eastern US may be a crude proxy for HCI from regional sources.

Restrepo et al.’ assessed the effect of sensor height above ground on ambient
concentrations by comparing data obtained from a mobile lag at 4 m above ground with
those monitored by the NYSDEC at 15 m above ground. NO, and CO levels were over
twice as high at the lower elevations, while SO, was only higher at 4 m during August.
Ozone levels were lower at 4 m and PM; s levels were about the same. These data
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suggest that routinely monitored ambient air quality data should be considered as
indicators rather than actual exposures. Spatial differences in monitoring heights could
easily confound spatial exposure patterns.

In summary, both local spot ambient measurements and dispersion model estimates entail
uncertainties with regard to their interpretation as individual exposures.

3. Comparisons of HAPS model estimates with ambient measurements

The US EPA published a detailed critique of the 1996 NATA ambient concentration
estimates, as compared to the available ambient measurements, for selected species™
(hereafter, the “ASPEN” [Asessment System for Population Exposures Nationwide]
report.) Among them, benzene, formaldehyde, lead, and diesel PM pertain to the current
analysis. Data on SO, predictions were also presented in discussing the underlying
dispersion model development. The emphasis throughout the ASPEN report is on
predicting the magnitudes of specific exposures; no attention is given to the validity of
the spatial distributions, which are more relevant to long-term epidemiology studies than
the absolute values per se. Presenting risk estimates on the basis of mean concentrations
(elasticities) precludes bias due to uncertainties in absolute values, since a high mean
value will result in a lower risk coefficient and no effect on the elasticity. Long-term
spatial distributions may be compared graphically or characterized in terms of spatial
correlation coefficients (R or R?). The only such correlations presented by EPA were for
SO, or PM within specific metropolitan areas; R? values ranged from 0.90 to 0.96 for
seven published modeling studies, even though as few as 40% of the model predictions
were within 30% of the measured values. This indicates that it may be easier to predict
the relative spatial patterns than the absolute concentrations.

The ASPEN report summary concludes the following:

Modeled estimates are typically lower than measurements when compared at the
exact monitor location. However, comparisons are better when maximum
modeled concentrations are considered within about 30 km of the monitoring site.
This lends credence to the use of county spatial averages in our analysis, based on
the median level for the census tracts in the county. The ASPEN report attributed
part of the local discrepancies to uncertainties in precise locations of emission
sources.

Among the species listed above, benzene had the best comparisons with
measurements, with a median model/monitor concentration ratio of 0.92.
Predictions were within 30% of measurements 59% of the time. Spatial
correlations were not provided.

Formaldehyde (outdoor) levels were systematically underestimated, and indoor

exposures were not considered. The ASPEN report states that secondary
reactions leading to aldehydes including formaldehyde were not considered.
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Again, spatial correlations were not considered, but should not be greatly affected
by systematic underestimation.

The largest problems were seen with particulate metal species, including lead,
which was greatly underestimated in the ASPEN report, based largely on point-
source monitors. However, comparing subject-weighted means from the STN
network™ with the NATA shows somewhat better comparisons (Table D-3, where
values are in ng/m® except as shown). There are no direct ambient measurements
of diesel PM (DPM), which is strongly associated with EC. The ASPEN report
cites an EPA study™? of this relationship, which finds ratios of either 2.0 or 1.3,
depending on how EC is measured. Comparing averages of NATA diesel PM
with AER EC in the current study shows a ratio of 2.16. The EPA report* cites
overall DPM/PMs ratios of 0.091 for rural areas and 0.166 for urban areas (their
Table 3-1). We find a ratio of 0.14 between NATA DPM and overall PM,s,*
which agrees quite well.

Gray and Cass™ studied these relationships in the Los Angeles basin and found good
agreement between measured and modeled EC for seven locations (their Table 2). The
correlation is 0.66 with a slope of 0.95. Their overall means agree quite well (3.88
vs.3.65 pg/m®), but the modeled values are considerably more variable than the
measurements. Note that these 1982 EC values are considerably higher than current
levels.

Table D-3 Comparisons between measured values and NATA/AER estimates.

Species STN mean NATA or AER means
All subjects high-traffic counties

As 1.67 0.15 0.20
Cl (1) 30.6 19.1 16.8

EC (2) 0.79 0.82 1.18
Mn 9.26 3.08 4.13
Ni 1.41 2.09 3.49
Pb 7.54 5.68 8.63
S04 (3) 3.90 4.28 6.37
Diesel PM (4) 1.58 1.81 2.53

(1) STN chloride is compared with NATA chlorine

(2) ASPEN also compares EC with diesel PM. The table shows AER EC (ug/m?®).
(3) The table shows AER SO,* (ug/m®).

(4) The table compares STN EC multiplied by 2.0 with NATA diesel PM (ug/m?®).

Table D-3 shows both over- and under-estimates, good agreement for EC and Pb, and
reasonable agreement for Ni and SO,*. This reinforces the conclusion that model-
monitor comparisons can be sensitive to the selection of monitors. Overall, we find
satisfactory agreement between key measured and modeled estimates of air quality
parameters associate with vehicle emissions.
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