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Abstract

Background: Recent studies of long-term exposure to ambient air pollution
suggest that particulate matter in urban air is a risk factor for mortality. However, these
studies are potentially biased because they have not taken into account spatial processes.
This thesis examines the effect of exposure to sulfate air pollution when place-specific
covariates, scale and spatial autocorrelation are controlled for.

Methods: This thesis builds upon the American Cancer Society (ACS) Study
by introducing place-specific covariates into the original Cox models. In addition, a new
two-stage analysis using both metropolitan and county scale covariates is employed in the
analysis of the ACS data. Finally a method of filtering out spatial autocorrelation is
applied to the data.

Results: For all-cause mortality, the original ACS Study found a RR of 1.15
(95% confidence interval of 1.09, 1.22) from sulfates. This was reduced to 1.06 (0.99,
1.13) by the inclusion of the place-specific covariate population change. Using the two-
stage method to allow for clustering within metropolitan areas, the RR from sulfates
increased to 1.25 (1.13, 1.37). When regional trendé were controlled for, the RR
decreased to 1.19 (1.06, 1.34). When this metropolitan data was filtered to remove spatial
autocorrelation, the RR decreased again to 1.09 (1.01, 1.19). However, when counties
were used instead the RR increased to 1.50 (1.30, 1.73).

Conclusions: Taking into account spatial processes affects the observed
association between ambient sulfate air pollution and mortality. That the sulfate effect is
larger and more robust to the inclusion of place-specific covariates at the county scale

provides further evidence that ambient sulfate air pollution is a population health hazard.
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1 Introduction

Despite having space as one of its central organizing principles (Hennekens
and Buring, 1987), epidemiology has not paid close attention to spatial issues such as the
role places play in determining health, the tendency for nearby places to have similar
values for many variables, or the different scales at which processes operate to influence
health. This thesis explores the effect that these aspects of space have on the observed
relationship between ambient air pollution and mortality using data from a large cohort
assembled by the American Cancer Society (ACS). Pope et al. (1995) used this cobort to
link particulate air pollution to all-cause (RR 1.15, 1.09-1.22), cardiopulmonary (RR

1.26, 1.16-1.37) and lung cancer mortality (RR 1.36, 1.11-1.66).

1.1 The original study

That there are acute effects of exposure to particulate ambient air pollution has
been acknowledged since the London smog disasters of 1948, 1952 and 1956 in which at
least 5,000 people died (Elsom, 1992). Since that time, a great many studies of the health
effects of acute exposure to various ambient air pollutants, including sulfates, have been
conducted. Time-series analyses have found that periods of short-term elevation in air
pollution are related to an exacerbation of respiratory problems (Roemer et al. 1993;

Hoek and Brunekreef 1993) leading to an increase in emergency room visits (Delfino et



al. 1997) and hospital admissions (Burnett et al. 1994) for these problems. Daily
mortality has also been observed to increase in tandem with short-term inéreases in air
pollution (Schwartz 1991; Schwartz 1994a).

The effects of long-term exposure to particulates have not been subject to such
detailed examination. The ACS Study is one of three cohort studies to have been
conducted on the effects of chronic exposure to ambient air pollution. The other large
studies were the Seventh Day Adventist Health Study (Abbey et al. 1991) and the
Harvard Six-cities Study (Dockery et al. 1993). The Seventh Day Adventist Study found
statistically significant associations between PM,, (particulate matter with an
aerodynamic diameter of 10 um or less) and mortality from respiratory diseases other
than cancer in males and females, and between PM,, and lung cancer mortality in males.
The Harvard Six-cities Study followed a cohort of 8,111 Caucasians between the ages of
25 and 74 at enrollment, who lived in six US cities, over 15 years. The investigators
found that all-cause mortality was associated with inhalable particles (PM, 5 - PM,), fine
particles (PM,5) and sulfate particles, and that cardiopulmonary mortality was associated
with particulate air pollution.

Because the investigators in the Harvard Six-cities Study wanted to see if the
results obtained with 8,111 subjects would hold over a larger number of cities, they
worked with ACS to replicate their results using the Cancer Prevention Study II (CPS-II)
cohort. The CPS-II cohort is composed of 1.2 million Americans recruited in 1982 from
50 US states, the District of Columbia and Puerto Rico. To be included in the study, an

individual had to be at least 30 years of age and live in a household with at least one



person 45 years or older. All subjects were recruited by 77,000 ACS volunteers. Asa
result, the study subjects consist mostly of friends, family and acquaintances of the
volunteers. Each subject completed a self-administered questionnaire upon enrollment.
Their vital status was followed-up by the volunteers, who contacted the participants and
their families in 1984, 1986 and 1988. For all subjects lost to follow-up, vital status was
ascertained by record linkage to the US National Death Index (1982-1989). All death
certificates were obtained from State Health Departments and were coded by a certified
nosologist according to the International Classification of Diseases, 9" revision (WHO,
1975).

As the investigators could only obtain sulfate data for 151 American cities and
fine particle data for 50, two sub-sets of the CPS-II were used in order to assess the
relationship between ambient air pollution exposure and mortality in this cohort.
Although it has been difficult to reconstruct the geocoding process used by the
investigators, it appears that subjects were assigned to one of the metropolitan areas
(MAs) based on the first three numbers of their ZIP codes as of 1982, using ZIP code
boundaries from 1989. Altogether 552,138 individuals were used in the ACS study of the
relationship between sulfates and mortality and 295,223 subjects were in the fine particles
cohort. While the original study examined both fine particle and sulfate particle ambient
air pollution, this thesis will focus only on the sulfates because a larger number of cities
are required for the spatial analyses than are available for fine particles.

The sulfate particle data used for the ACS Study were collected from several

different sources. Most of the data came from Ozkanyak and Thurston (1987). This data



was supplemented with data from high volume samplers in cities which did not meet US
Environmental Protection Agency (EPA) annual coverage criteria and from the Inhalable
Particle Network. Using this data, sulfate exposure was assigned as the mean level of
sulfates in each metropolitan area prior to enrollment of subjects.

ACS assessed a large number of; individual-level risk factors, such as smoking
and alcohol consumption, for the CPS-II cohort. Pope et al. (1995) fit this data using Cox
proportional hazards survival models stratified by sex, race and five-year age groups to
determine relative risks from air pollution exposure. These Cox models showed that
levels of sulfates were significantly associated with mortality from all causes, lung cancer
(ICD-9 162) and cardiopulmonary disease (ICD-9 401 - 440 and 460 - 519). Fine
particles were only associated with all-cause and cardiopulmonary mortality.

As other researchers have pointed out (Gamble 1988), policy makers should be
cautious in interpreting these results. In particular, the results have been questioned
because of possible residual confounding (from both individual and ecological risk
factors); the inadequacy of the long-term exposure assessment; possible differential mis-
classification errors in assessing the sulfate levels in the cities; and the robustness of the
findings to alternative analytic techniques. Moreover, the spatial structure of the data and
the underlying phenomena were not taken into account in the analysis conducted by ACS.

In order to address some of these issues, an independent body (the Health
Effects Institute) commissioned a re-analysis of the Harvard Six-cities and ACS studies.
Part of the work done for this thesis was conducted within the context of this re-analysis

(Health Effects Institute, 2000). This work is expanded upon in this thesis to address



issues of space in cohort studies.

1.2 Epidemiologists in Space

Epidemiology is largely the study of patterns, either in time or in space. Iftwo
phenomena demonstrate similar patterns, they are said to be associated. According to
Hill’s criteria for causation, the stronger the association (ie. the overlap in patterns)
between the exposure and the outcome, the more likely they are to be causally related.

Notwithstanding recent developments in the field of time-series analysis, the
vast majority of environmental epidemiological studies focus on coincidence in space:
whether that be the coincidence of asbestos exposure and mesothelioma in an individual
or between latitude and multiple sclerosis rates in countries. Indeed, two of Hill’s nine
criteria for causation can be achieved by pure spatial coincidence alone: the strength of
association and the biologic gradient. Phenomena may be coincident in space because
they are causally related, but they may also be coincident because they are both caused by
related underlying processes, or even because they are both caused by unrelated
underlying processes which happen to have similar spatial patterns.

Given the growing interest in the determinants of population health,
information about how broad social and environmental factors affect the health of large
numbers of people is more important than ever. Questions such as how is health affected
by the poverty of a community, or do ambient levels of sulfur dioxide shorten life-
expectancy, require the use of data that is measured at an ecological level. Nevertheless,

individual-level data such as smoking status or body mass index also greatly impact on



the health of individuals, and as individuals make up communities, on the health of the
wider population. To further our knowledge of disease etiology it will become more and
more important to conduct multi-level studies. In order to reduce the bias in these
studies, it will be important for researchers to take into account spatial processes.

Multi-level studies are relatively new to the field of epidemiology and the
majority of these studies use cross-sectional data rather than data from cohorts. Indeed, a
Medline search for multi-level cohort studies found only eight published articles (Kee et
al 1999; Jarvelin et al 1997; Zahm 1999; Menotti et al 1998; Navidi et al 1994; Fiscella
and Franks 1997; Stengard et al 1999; Menotti et al 1997), excluding a few done in
psychiatric epidemiology (cf.Driessen et al 1998). This thesis explores the use of data at
different scales in cohort analyses. In order to do so it also examines issues inherent in
the use of ecologic-level data: the impact of place on health, problems in assuming
independence of places and the importance of choosing an appropriate scale for data
collection and analysis.

The Importance of Place

Within the discipline of geography, the term place refers to a bounded location
to which a set of attributes can be assigned. The boundary for this place can be as
ephemeral as the area a person considers home, or as utilitarian as a provincial border.

Epidemiological studies often make reference to the concept of place by using
counties or cities as the unit of analysis in ecological studies or by using places to assign
characteristics to individuals in individual-level studies. In the latter case, clinical

research, with its concept of the influence of the research centre on outcomes, makes the



greatest use of the concept of place.

The Original Investigators in the ACS Study did use place, specifically
metropolitan areas, to assign air pollution to individual cohort members. They did not,
however, use any other place-specific variables in their analysis. Therefore, the only
influence of place which they included in their study was the level of ambient air
pollution, which was, itself, aggregated from point-source data.

Places are rarely static, though their borders may stay the same for long periods
of time. The instability of a place’s boundaries over time and between individuals and
institutions can impede the use of place-specific variables in analyses. For example, in
1983 the US Census Bureau discontinued the use of standard metropolitan statistical
areas (SMSAs) to characterize metropolitan areas in the US. Instead, they moved to a
three-level system of metropolitan statistical areas (MSAs), consolidated metropolitan
areas (CMSAs) and primary metropolitan areas (PMSAs). The Original Investigators
used the out-of-date SMSA boundaries to define their study areas which created some
complications in developing a data-base of place-specific variables for the analyses in this
thesis.

Where epidemiologists most commonly make use of the influence of place is in
ecologic-level studies. In these studies, the tacit assumption is made that the area in
which a person lives has an influence on their health. When used to their advantage,
ecologic-level variables measure place-specific constructs such as the availability of
hospital beds, the social inequality amongst city residents, or the amount of racial

segregation in housing.



In order to measure valid place-specific covariates, places need to be defined
in some way that reflects how individuals relate to them. For those determinants of
health where government policies have a good deal of influence (such as provision of
health care, zoning patterns, and education) political boundaries are the best means of
defining research areas. Of course political boundaries are also useful in that they are
most commonly used for the collection and reporting of data. In the US, data are also
available for other areas such as 5-digit ZIP-code areas. However, data specific to ZIP-
code areas is only truly useful to Postmasters who change the boundaries when necessary
to make the delivery of mail more efficient.

This thesis takes the metropolitan-scale analysis conducted by the Original
Investigators and adds place-specific (ecologic) variables into the models in order to
account for the influence that place may have, above and beyond ambient air pollution on
mortality in US cities. It also makes use of a technique of two-stage random effects
analysis developed by the Re-analysis Team, which treats all individuals within an area as
related but treats areas as independent.

Spatial Autocorrelation

Places themselves do not exist in a vacuum. Rather, places exist in space and
as such are parts of networks and regions of influence. Both human and physical
processes have patterns in space, and therefore the results of these processes show up as
patterns in space. The tendency of variables to exhibit patterns is referred to by
geographers as spatial autocorrelation (Meade et al, 1988).

Epidemiologists conducting ecological studies are actually exploiting spatial



autocorrelation to develop hypotheses about determinants of health. Using regression
methods, these studies look for correlations between two or more variables. If a
significant association is found, it is hypothesised that the variables might be related.
Usually further studies are then done at the individual level to test the hypothesis.

Implicit in most of these studies is the comparison of patterns in space. The problem with
such ecologic-level studies is that patterns in space may be coincidentally rather than
causally related.

Coincidence is not synonymous with random chance in this case. Rather, it
refers to spatial autocorrelation, to the tendency for social and physical processes to
exhibit patterns over space. Spatial autocorrelation in regression residuals indicates that
an important independent variable is missing from the equation, or that the structure of
the model is incorrect or that there is some systematic measurement error present in the
data. These problems in turn can lead to biased risk estimates and invalid tests of
significance (Miron, 1984).

A method of testing for spatial autocorrelation is outlined in this thesis, and is
applied to the residuals of the random effects analysis. Two methods of reducing spatial
autocorrelation are explained and applied to metropolitan-scale data. The first,
rudimentary, method is to define regions and enter indicator variables into the regression
that refer to which region the area is in. In this way, all areas within a region are treated
as related. However, the utility of this approach depends upon the appropriateness of the
defined regions to the research question. A second, more generalizable though more

complicated approach, is to filter out the spatially autocorrelated portions of the variables



of interest. This technique is explained and applied to the metropolitan-scale data.

Level and Scale

Epidemiology acknowledges two levels of analysis: ecological and individual.
The individual level is well defined while the ecological category includes all studies
which do not use data on individuals. This dichotomization is quite limiting. While it
allows for a clear understanding and critique of individual-level studies, the
dichotomization results in misconceptions about studies at other scales of analysis by
lumping them all together under the label of ecologic-level studies. Assumptions over the
utility of ecological studies are often made without acknowledgement of the range and
appropriateness of different scales of data. Moreover, by dividing studies into two levels,
epidemiology neglects the reality that most health outcomes are caused by processes
which operate on many different scales.

Ecological studies are often dismissed because of the ecological fallacy or
ecological bias. This bias is most popularly defined as “the failure of expected ecologic
effect estimates to reflect the biologic effect at the individual level,” (Morgenstern, 1998,
p. 469, who also gives credit for this definition to 6 other sources). As this definition
implies, the ecological fallacy only results if findings at the ecological level are used to
make inferences about effects at the individual level. However, there is by no means a
consensus amongst investigators that the goal of epidemiology is to assess biologic
effects at the individual level. In a fairly recent series of articles in the American Journal
of Public Health, the Sussers (1996a, 1996b) and Pearce (1996) have called for

epidemiologists to return to an interest in public health and its focus on the health of
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populations rather than on the individuals who make them up.

Not all investigators share the goal of making inferences about individual-level
relationships between exposures and outcomes. Instead, an equally legitimate goal of
epidemiology is to make inferences about the relationships between exposures and
outcomes measured on a group or ecological level. With respect to population health, it
is important to note that the ecological fallacy also holds true when making inferences
about group-level relations based on individual-level studies.

In the ACS Study, on which this thesis is based, exposure to sulfates and to
fine particles was averaged over all the ambient air pollution monitors in the metropolitan
area over the entire year of 1980 (or in some cases 1981). This data was then treated as
an individual-level variable in a Cox proportional hazards model which used information
regarding individual-level covariates and time to death, for a prospectively followed
cohort of 552,138 (sulfates) or 295,223 (fine particles) people.

In part, the ACS Study was conducted because previous studies showing a
relationship between this type of pollutant and mortality were limited by their ecologic
design. However, the study by Pope et al. (1995) is arguably weakened by treating an
ecologic exposure measurement (annual city-wide average air pollution levels) as a
characteristic of the individuals in the cohort. When variables measured on one scale are
applied to another scale researchers risk having ecologically biassed results.

Beyond issues related to applying data measured at one scale to another scale
of analysis, the choice of scale of measurement itself is not one that should be taken

lightly. Different health-determining processes operate on different scales. An analysis
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conducted on the appropriate scale can reveal associations that are truly related to causal
processes. One conducted at an inappropriate scale can lead to erroneous conclusions.

Many health-related processes operate on the scale of individuals. Happily this
scale is also a simple one to define, and one for which a great deal of data are routinely
collected. Itis perhaps this clarity of scale which has led to the appeal of the
epidemiological study conducted on the individual scale. Another advantage of the
individual scale is that a good number of health interventions are aimed at individuals.
Physicians, nurses and surgeons all deal with individuals and require accurate information
about health processes on this scale. However, individuals cannot be considered
autonomous units, they are related to each other by social and economic processes, not to
mention shared cultural heritage.

Moreover, governments and health departments also have a role to play in the
prevention and treatment of adverse health outcomes. These institutions do not deal with
individuals but with large groups of people. The approach taken to provide these players
with appropriate information is the population health approach. In order to take actions
to improve the health of groups of people these institutions need information at scales
larger than individuals. Through legislation and education, these institutions can
intervene in processes which operate at wider scales, improving the health of populations
through altering social processes or changing the physical environment. Unfortunately,
the scale at which these processes operate is not always clear. Also, in many cases data
regarding these processes are not available at the appropriate scale, due to cost or political

jurisdictions. Nevertheless, if population health interventions are to have an impact on
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people’s health, larger scales of analysis cannot be overlooked.

This thesis uses multi-level techniques to incorporate data from both individual
and ecological levels. The Original Investigators arbitrarily used the metropolitan scale
for their study, but did not use any place-specific variables in their analysis other than
ambient air pollution. The two-level approach allows for the incorporation of air
pollution and place-specific covariates at the ecologic-level. It does not, in and of itself,
solve the question of what scale the data should be measured at. In order to examine the
impact of the scale of the data, a two-stage analysis was conducted first with
metropolitan-scale ecologic data and then with county-scale ecologic data. (In the United
States metropolitan statistical areas are made up of counties.)

Given the recent upsurge of interest in population health approaches to risk
management, there will be more and more interest in studying those determinants of
health that operate at the ecologic-level. In order to obtain unbiased results using
ecologic-level covariates, it is essential that investigators take into account spatial
processes. Through the different approaches to incorporating spatial considerations into
the ACS Study on ambient air pollution and mortality, a greater understanding will be
achieved of the spatial issues involved in incorporating ecologic-level variables into

cohort studies.

1.3 Outline of Thesis
The objectives of this thesis are twofold. First, to examine the impact of three

spatial concepts — place-specific variables, scale, and spatial autocorrelation — on the
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results of cohort mortality studies. Second, to contribute to an understanding of the effect
that exposure to ambient sulfate air pollution has on all-cause, cardiopulmonary and lung
cancer mortality.

There are two broad steps to take in order to incorporate spatial processes into
a cohort mortality study. The first step is data acquisition. Chapters 2 and 3 both deal
with spatial issues in data. Chapter 2 presents a theoretical discussion regarding place-
specific variables as well as an examination of the epidemiological literature on the effect
of various place-specific ecologic covariates on mortality. The place-specific covariates
selected for the research presented in this thesis are then outlined. These variables are
used in all of the statistical analyses presented in Chapters 4, 5 and 6.

Chapter 3 also deals with data issues. In this chapter I outline how the places
cohort members resided in were defined. I address problems related to using ZIP codes to
assign individuals to places and I outline my attempt to recreate the boundaries employed
by the Original Investigators of the ACS Study.

Once the places were defined and the place-specific covariates selected,
statistical analyses were undertaken. Three types of analyses were employed in this
thesis: Cox proportional hazards regression models, a two-stage random effects analysis,
and a spatial filtering method. This thesis presents each of the methods and the results in
a separate chapter. Chapter 4 explains the Cox method used by the Original Investigators
and the results of using this method with place-specific covariates. Chapter 5 outlines a
two-stage method developed by the Re-analysis Team (Health Effects Institute, 2000) in

their re-analysis of the ACS Study that incorporates data at both individual and ecological
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levels. The results of both metropolitan-scale and county-scale analyses are presented at
the end of chapter 5. Finally, chapter 5 outlines a rudimentary way of dealing with broad
regional trends using EPA airshed regions.

Chapter 6 discusses methods used by geographers to deal with spatial
autocorrelation. It outlines the Moran’s I test for spatial autocorrelation and presents the
results of applying this test to the residuals from the two-stage models in chapter 5.
Finally, a method of filtering spatial autocorrelation out of the data is explained and the
results of using these filtered variables in the two-stage analysis are presented.

The results of the three types of analyses are discussed in chapter 7 in light of
what they tell us about place-specific attributes, scale and spatial autocorrelation in cohort
mortality studies. A discussion of what the results tell us about the effect of sulfate air
pollution exposure on mortality is also presented in chapter 7. The thesis concludes, in
chapter 8, with a proposed agenda for further research.

A large portion of the work done for this thesis was conducted as part of the
Health Effects Institute-funded re-analysis of the ACS Study. As a member of the Re-
analysis Team, I defined the places in which the cohort members resided, selected place-
specific covariates, and compiled the data from various sources.

Yuanli Shi wrote the SAS Cox regression program used here, based on the one
supplied by the Original Investigators, and I used the output from that program to
calculate the relative risks and confidence intervals presented in chapter 4. Xia Luo and
Rick Burnett wrote the SAS program for the metropolitan area two-stage random effects

models which I modified to analyse the county-scale data. Once again I calculated all of
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the rate ratios and confidence intervals using the SAS output from these programs.

I performed all of the spatial autocorrelation tests using - Moran’s I statistics.
The spatial filtering was done by McMaster’s Geographic Informattion Systems
Laboratory but I produced the semivariogram and all of the maps and figures included in
this thesis. The analyses using the spatial data were done using X"ia Luo’s SAS program.
Once again, all rate ratios and confidence intervals were calculated by the author from
output obtained from the SAS program.

The focus of the re-analysis was to determine what happoens to the effect of
sulfates on mortality when the ACS data were subjected to variouss alternative analyses.
The thesis takes the re-analysis one step farther by investigating the effects of sulfates at
the county scale. Moreover, this thesis makes a unique contributicon, beyond the re-
analysis, by systematically comparing the results of some of these : analyses within a

spatial framework.
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2 Selection of Place-specific Ecologic-level Covariates

2.1 Introduction

The ACS Study can be considered as a hybrid design in that detailed individual
information was collected but the primary exposure variables (sulfates and fine particles)
were based on measurements taken at the metropolitan scale. Thus, although the study
provided data on the joint distribution of many covariates across the study population,
exposure was assessed on an ecological level. This is not a serious difficulty if
metropolitan-scale ambient air pollution, as estimated from regularly collected data at the
beginning of the study period, represents the relevant exposure metric for individuals. On
the other hand, if these exposure metrics also represent certain characteristics inherent to
the metropolitan areas, and these are correlated with other metropolitan place-specific
characteristics, then it is possible that there could be residual confounding by these other
characteristics.

This thesis seeks to assess the potential bias that could result if the latter
situation pertained. An attempt was made to select variables that could be construed as
measuring characteristics of metropolitan areas: ecologic covariates that measure social or
other constructs at the group level. Although many of the selected variables were
aggregated from census data (e.g. mean family income), in this case they estimate an

ecologic-level construct, such as the type of social milieu that subjects lived in, with the
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presumption that the place in which one lives can significantly affect one’s health, after
accounting on the individual level for personal, familial, or genetic risk factors. In other
words, following Evans and Stoddarts (1990), amongst others, this thesis assumes that it
is not merely the biology and behaviour of individuals that affects their health, but the
physical and social environment that individuals find themselves in. It is also assumed
that these factors act on the local or community scale; for example, if one lives in a
disadvantaged neighbourhood then, despite one’s own personal risk factors, the influence
of the community through direct (e.g. local sources of air or water pollution) or indirect
means (e.g. income inequality) may adversely affect one’s health (for a review of these
latter issues see Wilkinson 1996).

Ecological Bias

It is worth examining here the effect of the ecological bias on multi-level
studies. According to Morgenstern, the ecological fallacy arises from confounding of the
individual-level relationship due to a heterogeneity of amount of exposure to the variable
of interest and other covariates within groups (1998). He outlines three sources of
ecologic bias: within-group bias, confounding by group, and effect modification by
group. If there is confounding of the relationship of interest in each group (from selection
bias or misclassification), the resulting ecological study of the groups themselves will
also be biased. This first issue cannot be addressed with multi-level analyses per se, as it
has to do with the measurement of the exposure variable. In other words, multi-level
studies are not immune from using an inappropriate scale of measurement. An

appropriate scale of measurement can be determined, in part, by assessing whether the
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exposure of the individuals within each group is more homogenous than among
individuals of different groups.

Multi-level analyses are better able to deal with the remaining issues.
Morgenstern has a further explanation for why effect modification by group itself results
in non-communicable disease studies (1998). First, effect modification by group can
arise from the differential distribution of other risk factors across groups. This can be
dealt with in a multi-level analysis by controlling for risk factors at other scales, such as
the individual. Second, it can arise because “the ecologic exposure variable has a
contextual effect on risk separate from the biologic effect of its individual-level
analogue” (1998 p. 470).

On this latter point, if we take the goal of multi-level studies to be the study of
the effect of processes that operate on different scales on individual outcomes, then the
sources of the ecologic bias actually become objects of study. For example, a legitimate
study question is whether, and how, background disease rates (or in the case of cohort
studies, relative risks) differ between groups. Moreover, the only way of studying
ecologic-level risk factors or determinants of health, what Morgenstern calls “contextual
effects” (1998) is to use covariates that are measured at the appropriate, non-individual,
scale.

In fact, it is irresponsible to dismiss ecological covariates. They represent the
only way of studying the relation between place-specific variables and population health
outcomes (Schwartz 1994b). Studies done at the individual-level cannot provide valid

measures of such relationships because it is equally fallacious to infer group-level effects
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from individual-level studies. In particular, many social determinants of health operate at
the ecologic level, such as the distribution of wealth, political stability, religion, and laws.

Ecological covariates offer the only means of studying these “contextual
effects™ (Morgenstern 1998). Susser differentiates two types of variables that represent
characteristics of groups: integral and contextual variables (1994a). Variables such as the
occurrence of a natural disaster, a law, latitude, or barometric pressure that affect virtually
everyone within an area are integral variables. A contextual variable, while describing a
place-specific characteristic, can be obtained from measurements at the individual-level.
Contextual variables derived from measurements at the individual level may represent a
different construct than the individual-level variable from which it is derived or to which
it initially appears to correspond (Schwartz 1994b). For example, while the Gini
coefficient is calculated from each individual’s income in a city, the construct it measures
is the distribution of income amongst city residents.

Ecologic Covariates and the ACS Study

In interpreting the use of place-specific variables in the context of the ACS
Study, it should be recalled that the ACS enlisted a highly selected cohort whose
members are not necessarily representative of the general population of the area in which
they reside. Moreover, these individuals likely live in specific locations within the city for
which metropolitan-scale data may not be representative. Thus, one potentially serious
limitation of adjusting for place-specific ecological variables is that these data do not
represent the study subjects, thus leading to misclassification. In addition, if air pollution

also follows a similar geographic pattern as the ecological covariates, then it is possible
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that effects from air pollution could not be distinguished from other effects measured at
the same scale.

Misclassification could be differential, in that smaller metropolitan areas may
be more internally homogeneous for these factors than larger ones. In any event, it has
been shown that nondifferential misclassification in ecological studies will always lead to
an underestimation of effects in ecological studies as compared to those derived from
individual-level studies, even if there are no other sources of bias (Brenner et al. 1992).

Air pollution is determined, to a large extent, by the same economic processes
which influence other risk factors. For example, heavy industry is one major source of
particulate air pollution. However, cities in which such industry is prevalent are prone to
other risk factors such as a depressed economy in the 1980s, and a blue-collar culture
which is related to higher smoking, alcohol consumption, less exercise and a poorer diet
(Garrison et al., 1993). The only chance for distinguishing between the effects of these
different risk factors is if they operate on different scales. For instance, through using the
CPS-II prospective cohort, some of the behavioural risk factors, such as smoking,
drinking and exercise, can be controlled for at the individual-level.

There are confounding issues that are particular to ecologic covariates
(Morgenstern 1998; English 1992). As Morgenstern points out, an ecologic confounder
does not have to be associated with the exposure in every group, rather, across groups it
may be ‘ecologically’ associated with the exposure (Morgenstern 1998). Ecological
confounding results when the spatial pattern of the covariate and of the exposure are such

that the covariate confounds the relationship between the exposure and the outcome. In
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other words, unlike individual-level confounders, an ecologic covariate need only be
associated with the outcome, not the exposure of interest (Morgenstern 1998). This is
because regression at this level is merely a measure of spatial coincidence. For this
reason, the ecologic covariates outlined below were only examined for their relationship
to mortality and not to air pollutants. Moreover, due to the paucity of multi-level cohort
studies, in most cases, evidence for the inclusion of these covariates was obtained from

studies which were conducted entirely on the ecological level.

2.2 The Selection of Place-specific Ecologic Covariates

There is a great deal of literature on the determinants of population health
which emphasizes the importance of integral and contextual risk factors on individual
health. For example, in their important paper on the subject, Evans and Stoddart (1994)
outline three categories of integral and contextual risk factors for health: the social
environment, the physical environment and the health care system. These three categories
guided the search for possible ecological confounders (see Figure 2.1).

A Medline search was done to find evidence of links between specific
contextual variables within these categories and mortality. For those variables for which
the literature indicated a possible health risk, data was sought from US government
sources that had been collected in the early 1980s for metropolitan areas or counties.
Needless to say, data was not available at this geographic resolution for all possible
contextual variables.

Determinants of Health
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One of the key contributions of the population health perspective to health risk
management is the consideration of a wide range of determinants of health (Evans and
Stoddart, 1994). This perspective goes beyond the simple disease models which focus on
single factor etiology to incorporate broader social and environmental processes into
more complex models of disease causation. Inherent to the determinants of health
approach is the need to acknowledge that different risk factors operate on different scales
of space.

The ecological fallacy is not specifically a problem in using ecologic-level data
to infer individual-level relationships, rather it is a problem inherent in using results
obtained at any scale of research to infer relationships at any other scale. Unfortunately,
there are important determinants of health (or health risks) which exist at a number of
different scales. Ambient air pollution occurs over large areas and its relationship to
individual mortality may well be confounded by other processes which operate at a
similar scale.

The Physical Environment

Many aspects of the physical environment have been shown to be associated
with mortality and can be considered specific to places. These include climate variables,
such as daily maximum temperature, daily minimum relative humidity, daily average
barometric pressure, and the geographical variables latitude, longitude and altitude.

Weather: Ambient temperature is an attribute of a place that affects almost all
residents. Both extreme heat and extreme cold are associated with increased mortality

(Mannino and Washburn 1989; Smoyer 1998; Greenburg et al. 1983; Larsen 1990;
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Kinney et al. 1991), primarily from myocardial infarction, stroke and pneumonia (Bull
and Morton 1978; Danet et al. 1999). Daily maximum temperature values were obtained
for all the cities in the ACS Study that had weather stations that report to the National
Oceans and Atmospheric Administration (NOAA). Two variables were derived from this
data: average daily maximum temperature and average monthly variation in maximum
temperature. The first measure provides an indication of overall temperature while the
latter measure provides an indication of the extremeness of a climate.

While temperature variables can, for the most part, be considered to be integral
variables, some heterogeneity of exposure will be found between individuals within an
area through activity patterns and the use of air conditioners and heaters. There is some
evidence that air conditioning has a protective effect against heat-related mortality
(Marmor 1975; Ramlow and Kuller 1990; Rogot et al. 1992; Seretakis et al. 1997);
however, at least one study found no effect of air conditioning (Smoyer 1998).
Unfortunately, no individual-level data was available for the cohort members on these
variables.

Barometric pressure is an integral variable that affects everyone within a region
and at least one study has found that barometric pressure is related to coronary and
myocardial infarction deaths (Danet et al. 1999). In time-series studies, changes in daily
barometric pressure were found to have a strong effect on daily mortality (Pope et al.,
1999). Unfortunately, only data on station pressure were available from the NOAA.
Station pressure is specific to the place at which it is measured and must be indexed to

elevation in order to be comparable to measurements taken in other places. As no data
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were readily available on the elevation of the weather stations, barometric pressure could
not be calculated.

Relative humidity is another contextual variable for which there is evidence of
an impact on death rates (Tselepidaki et al. 1995). In a study conducted in Greece,
humidity was found to have a synergistic effect on the association between air poliution
and mortality (Katsouyanni et al. 1993). However, this study applied to very hot
conditions which are not relevant to many parts of the US. Minimum daily relative
humidity was available from the NOAA, monthly averages were derived from these data
and an average of those means was calculated to give a general indication of the level of
humidity within that city. Again to provide an indication of the extremeness of relative
humidity, average monthly variation was also calculated.

Altitude: Altitude appears to have a complicated relationship with mortality.
While several studies have found positive associations between altitude and death rates
from emphysema (Moore et al.1982), insignificant increases were found between altitude
and asthma (Sly aﬁd O’Donnell 1989). Evidence of a link between altitude and chronic
obstructive pulmonary disease is more controversial; whereas in one study a significant
positive association (Cote et al. 1993) was found, in another study a significant negative
association (Coultas et al. 1984) was observed. Negative associations between altitude
and arteriosclerotic heart disease (Mortimer et al. 1977) and cancers of the tongue, mouth,
oesophagus, larynx, lung and melanoma (Amsel et al. 1982) have also been found.

While altitude effects everyone who lives at that distance above sea-level, there

are problems involved with taking an average measure of elevation throughout a
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metropolitan area. For example, while there is little variation in elevation in soeme of the
metropolitan areas in the mid-west, within the metropolitan area of San Diego altitude
varies by 1,600 metres. Thus, metropolitan area may be an inappropriate scale of
measurement for this variable.

Geographical position: Latitude and longitude are two other contex-tual
variables that were considered as potential integral confounders. In terms of bi~ological
mechanisms, however, melanotic skin cancer may be one of the few causes of death for
which latitude can actually be considered to be causally related (Lee and Scotteo 1993;
Decarli and La Vecchia 1986). One cohort study which incorporated latitude imto its
analysis did find a significant relationship between more southerly latitudes in Sweden
and non-Hodgkin’s lymphoma, malignant melanoma and squamous cell skin czancer
(Adami et al 1999). Latitude and longitude may serve as surrogates for other wariables
that, for cultural or geological reasons, vary along those geographic lines (Pete=r et al.
1996; Fabsitz and Feinleib 1980). Because latitude and longitude are implicitlyy dealt with
in the spatial analysis of ecological var?ables discussed in chapter 6, these varizables will
not be considered further here.

Gaseous Co-pollutants were also considered as potential confounders at the
ecological level at the request of the Health Effects Institute. Daily average comncentrations
of nitrogen dioxide, sulfur dioxide, and carbon monoxide were obtained from 1980 to
1989, in addition to the daily one-hour maximum concentrations of ozone. Ustng the
Atmospheric Information Retrieval System (AIRS) database, city-specific ann-ual

averages of these gaseous co-pollutants (restricted to monitors with land-use c=oded as
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residential, commercial, and mobile) for the year 1980 were used. In this analysis,
monitors were restricted to those with land-use coded as residential, commercial, or
mobile, in order to avoid data from monitoring stations specifically located to monitor
large point sources of pollution which may be not be reflective of general population
exposures.

I had misgivings over considering these variables as variation in exposure to
some of them within a city may be higher than between cities. However, considering
these pollutants as potential confounders provides the opportunity to examine the utility
of scale in studying the health effects of air pollutants. Different air pollutants are
distributed differently in space. Sulfate particulates extend over wide distances, while
ozone, nitrogen dioxide and carbon monoxide can range in concentration over small
distances (Elsom, 1992). Sulfur dioxide has an intermediate distribution (Elsom, 1992).
The scale of analysis may, in fact, prove to be the easiest means for differentiating
between these different elements of combustion source-air pollution in terms of their
impact on health outcomes.

Other Airborne Toxic Substances: The presence or absence of toxic
substances in the environment can also be related to mortality. For example, exposure to
benzo(a)pyrene from domestic and industrial coal burning, has been found to be
associated with an increased risk of lung and stomach cancer (Lawther and Waller 1976;
Nakanishi et al. 1997; Xu et al. 1996 and He et al. 1991). Although people are also
exposed to benzo(a)pyrene from car exhaust (Lawther and Waller 1976), an American

study concluded that the impact of such an exposure on lung cancer was most likely
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negligible compared to other more potent risk factors such as smoking (Higgins 1977).
Unfortunately, there is little consistent data on toxic substances such as benzo(a)pyrene
available for metropolitan areas in the US during the early 1980s, so it was not included.

Water Hardness: The evidence as to whether the hardness of drinking water
(as measured by the concentration of calcium carbonate, CaCQ;) is related to mortality is
inconclusive. Most studies used cities or counties as the basis for determining exposure
to water hardness (Sharrett 1981 and Comstock 1979). However, discrepancies have
been found between studies that compared cities across nations, for which inverse
associations have been found, and studies comparing areas within smaller regions
showing no relationships (Sharrett 1981 and Comstock 1979). While CaCO; may be the
agent responsible for protecting people against heart disease, it has also been suggested
that magnesium in drinking water may have a protective effect against cardiovascular
mortality (Borgman 1985; Sharrett 1981; Comstock 1979; Neri and Johansen 1978).

The scale of the analysis of water hardness affects the observed results. At the
national-scale there is probably more heterogeneity between the areas than within them.
However within regions where the geology might be similar, differences in exposure
between cities may be less than those within a city (due to the use of household water
softeners, filters or bottled water). As the ACS Study was a nation-wide one, it was
thought that water hardness could be a confounding factor and US National Institute of
Health data on water hardness were obtained from Feinleib et al. 1979 (cited in Lipfert et
al. 1988).

Radon Gas: In individual-level studies, residential exposure to radon gas has
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been shown to be related to lung cancer mortality (NRC 1999). At the ecological level,
however, average county radon has a negative relationship to county lung cancer
mortality rates (Cohen 1995). This discrepancy is almost certainly due to ecological
confounding in the latter study as radon levels vary dramatically between houses within
areas (see Greeland and Robbins, 1994). Radon gas does not qualify as either an integral
or contextual variable at the MA or county scale and was, therefore, not included in these
analyses.

The Social Environment

With the emergence of the determinants of health model of population health
(Evans and Stoddart 1990) has come a concurrent interest in the effect of social factors on
health outcomes. There is evidence that place-specific contextual or integral social,
economic and demographic factors are related to mortality (cf. Marmot and Wilkinson,
1999; Amick 3™ et al., 1995). For this reason, data were collected from various sources
on a number of these potential covariates.

Population Dynamics: Increases in urban density appear to be associated with
increased mortality from heart disease (Waddell 1983). Urban density itself is closely
associated with the total size of the community or city as well as with traffic levels and
hence with exposure to automobile-related air pollution. However, density varies greatly
over a metropolitan area, from partly rural and suburban areas to congested inner cities.
The average density of a metropolitan area or a county is, therefore, not an appropriate
measurement as it does not approximate exposures of the residents accurately. For this

reason, density was not used.
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Population change, like unemployment rates, is an indicator of economic
growth or decline. It is also a variable that has no direct correlate at the individual-level
and is, therefore, a contextual variable. An area that is experiencing an economic boom
will likely experience a concurrent growth in its population. Conversely, an area that is in
an economic recession will shrink as people leave to seek employment elsewhere. In this
study, population change was used as a crude indicator of what part of the boom-and-bust
cycle the metropolitan area experienced in the early 1980s. It is also possible that those
who are in better health are more likely to migrate between cities in search of work.
Therefore, although population change is a surrogate for a host of social, economic,
behavioural and cultural attributes that are associated with recessions, it may also be an
indicator of the movement of healthy people.

Unemployment: 1t is generally accepted that, at the individual level,
unemployment is inversely related to health (Brenner and Mooney 1983; Sorlie and
Rogot 1990). At the ecological level, the unemployment rates of communities have also
been associated with increased mortality (Colledge 1982; Mansfield et al. 1999; Guest et
al, 1998). This ecologic effect may be due to the impact of the anticipation of
unemployment on health and health related behaviour (Ferrie, 1995). Thus,
unemployment rate was included as a covariate.

Social Inequality: There is a growing literature linking social inequality to
health outcomes (cf. Wilkinson 1996). One ecological study showed that income
inequality at the state level was related to overall mortality, even after controlling for

poverty (Kennedy et al. 1996). While this study used the Robin Hood Index, I prefer the
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Gini coefficient which is a more widely used measure of income disparity and has also
been related to increased all-cause mortality (Kawachi and Kennedy 1997).

The Gini coefficient is based on a Lorenz curve of the distribution of income in
a population (Shryock et al. 1976). The Gini coefficient is the ratio of the area between
the Lorenz curve and the line of equality, and the area below the Lorenz curve (Kawachi
and Kennedy, 1997), and was calculated as outlined in Shryock et al. (1976). When
income is completely equally distributed, each person has exactly the same income, the
“curve” is a straight line and the Gini coefficient would have a value of 0. As the
distribution moves away from equality, the Gini coefficient moves towards 1. It has been
hypothesized that both behavioural and psycho-social factors may be responsible for the
association between income disparity and mortality (Wilkinson 1996).

One cohort study has shown that when household poverty is controlled for, the
income inequality of area of residence is no longer significantly associated with mortality
(Fiscella and Franks 1997). Nevertheless, Gini coefficients were calculated for each
metropolitan area and for each county and these measures were used as ecologic
covariates in the analyses. The measure of income inequality used in this thesis is not a
true Gini coefficient as census data on income groups, rather than individuals, was used
to calculate it.

Poverty: While poverty is generally thought of as an individual attribute, it is
also relevant to think of communities as experiencing poverty. While it has been shown
repeatedly that poverty is related to mortality at the individual level (cf. Hahn et al. 1996),

less research has been done into the health effects of poverty on the community level.
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Nevertheless, the US Census Bureau has recently conducted important research on
“poverty areas” (www.census.gov/socdemo/www/povarea.html). They found that
poverty areas were significantly different from other areas in a number of essential ways,
including racial composition, household composition, unemployment rates, average
earnings, and levels of education. Of particular relevance to this thesis is the finding that
people who lived in poverty areas were more likely to have had a debilitating health
problem.

A number of epidemiological studies have also found significant detrimental
health effects of living in a poverty area, even after controlling for individual variables
such as race, income, education, and smoking (Haan et al. 1987; Carr et al. 1992;
Polednak 1998; Waitzman and Smith 1998; Yen and Kaplan 1998 and 1999). In this
thesis, both poverty rates and per capita income variables were used to investigate the
impact of poverty on the findings. It is important to note that poverty areas are usually
measured by the Census Bureau at the scale of tracts, which is smaller than the
metropolitan or even county scale at which poverty was measured in this study.

Race: Living in a poor neighbourhood seems to have a more significant effect
on African Americans than on whites (Geronimus et al. 1999). In the US, race is clearly
related to mortality at the individual level. Because the ACS cohort is predominantly
(94%) white (Pope et al. 1995), the impact of this relationship on the present analysis is
not expected to be great.

However, there are large differences between areas in terms of the proportion

of African Americans. As an ecological variable, there is at least one study that examined
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proportion of African Americans in a community as a contextual variable. This study
found that living in a predominantly black, poor neighborhood presented significantly
higher risk of mortality than living in a predominantly white, poor neighborhood
(Geronimus et al. 1999). Again, this study used measures at a smaller scale, the
neighbourhood, than were used here.

Studies of environmental justice have also shown that African American
communities are more likely to be burdened with toxic waste sites and industries that
produce toxic pollution than are white communities (for an overview of this research see
the Committee on Environmental Justice, 1999). As many of the pollutants from such
sites are related to health outcomes, it seems reasonable to assume that the proportion of
African Americans in a community might impact mortality rates. Because other studies
have shown that Hispanic and Native American communities are often also burdened in
this way (Bullard 1993), the proportion of white Americans in a community was also
considered as an indirect measure of the proportion of minority group members residing
in a city or county.

Education: A great deal of research has shown differences in mortality
according to education attainment at the individual level (Feldman et al. 1989;
Christenson and Johnson 1995; Elo and Preston 1996). It is possible that these differential
mortality patterns may be related to differences in income or in health related behaviours.
Studies have shown that most of the known risk factors for heart disease are more
prevalent amongst less educated people (Garrison et al. 1993).

In another individual-level study, Clay et al. (1988) found that higher mortality
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rates among the undereducated were attributable to higher levels of smoking-related
deaths. However, even when smoking was controlled for at the individual level in the re-
analysis of the ACS Study (Health Effects Institute, 2000) different relationships were
found between air pollution and mortality in the different strata of those without a high
échool education, those with a high school education and those with more than a high
school education (Health Effects Institute, 2000). The difference between the three strata
was so marked that while the lower two groups had a significantly elevated risk of
mortality from sulfate or fine particle exposure, those in the highest group did not.

While a cursory Medline search did not reveal any health articles which used
education as a contextual ecologic variable, because education was found to be an
important variable at the individual level, I chose to also examine it at the ecologic level.
Because this variable could be controlled for at the individual level, any effect of
education at a larger scale can be considered to be purely contextual.

Education attainment was calculated as the percentage of persons 25 years of
age and over in counties who had responded on the census that they had completed four
years of secondary schooling or had completed some post-secondary education. Counties
were then aggregated up to metropolitan areas. It was postulated that the education levels
of a metropolitan area might act as a surrogate measure of the type of economy of that
city and of the predominance of certain health related behaviours in that city.

Health Care Services

Health Insurance: At the individual level, persons without health care

insurance are at higher risk of mortality than those with insurance (Brown et al. 1998).
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Unfortunately, medical insurance rates are only available at the state level, but not at the
metropolitan level. These state-wide medical insurance rates have been shown to be
associated with mortality rates (Kaplan et al. 1996). The Kaplan study also found that the
prevalence of uninsured persons is highly correlated with income inequality, therefore,
the inclusion of income inequality may control in part for health insurance prevalence.

Hospital Beds and Physicians: Health services indicators that are readily
available at both the metropolitan and county scales include the number of hospital beds
and the number of physicians per 100,000 residents. At least one study has found that the
number of hospital beds is positively associated with hospitalization rates for respiratory
disease, yet the number of physicians is negatively associated with this outcome (Morris
and Munasinghe 1994). The cause-effect relationship between health service provision
and health outcomes is complex. While access to health care can have a large impact
upon the health of individuals within a community, health care services also tend to
locate in areas which have greater health care needs.

While it is not clear whether the number of physicians or hospital beds may be
a confounder for mortality rates, these variables were included in the analyses.

Infant Mortality Rates: Infant mortality rates (IMR) are often used as
measures of development. Within the US, IMR has been used as an outcome measure
when examining racial differences in reproductive health (Geronimus 1986). IMR in the
US is highly correlated to both the percentage of African Americans in a community and
to the level of poverty within that community. Most of the influence of these two factors

may be captured through some of the other ecologic covariates we used, such as poverty
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rates, mean income and percent African American.

Most importantly, acute exposure to air pollution has been found to be related
to IMR (Woodruff et al. 1997; Loomis et al. 1999), therefore, controlling for IMR could
over adjust the association between air pollution and mortality. For all of these reasons,
IMR was not used as an ecologic covariate.

Summary of Ecologic Covariates Included

Table 2.1 shows those ecologic variables that were used in this thesis. This
table lists the variable, key studies that provide evidence that the variable may or may not
be linked to health outcomes, whether the variable was used, the source of data for the
variable and how the variable was derived. The actual values used for the study can be

found in Appendix A.
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Figure 2.1. Selection of Place-specific Covariates Using a Determinants of Population Health Framework




3 Construction of Place-specific Ecologic Covariate Database

When integrating place-specific variables into a cohort study, assignment of
cohort members to places must be done carefully. Therefore, this section outlines how
the places used in this thesis were defined. ACS used the first three digits of the
respondents’ ZIP codes to match them with metropolitan areas. Because the basic unit
for which US Census data are available is the county and because counties comprise
metropolitan areas, the counties in which ACS respondents resided had to be identified so
that the ecologic covariates could accurately reflect the places in which people are
exposed. For the purposes of this thesis, an analysis was conducted at the scale of

metropolitan areas and counties.

3.1 Definition of Metropolitan Areas in the American Cancer Society
Study

Census Metropolitan Areas

Before describing the process by which the geographical units for the place-
specific covariates were determined, it is necessary to define certain terms used by the US
Census Bureau. The term “standard metropolitan statistical area” (SMSA), historically
used to characterize metropolitan areas in the US, is no longer used by the Bureau. It was

supplanted in 1983 by the terms “metropolitan statistical area” (MSA), “consolidated



metropolitan statistical areas”(CMSAs), and their component “primary metropolitan
statistical areas” (PMSAs) (see Figure 3.1). An MSA must have at least one city with
50,000 or more inhabitants, and a metropolitan region which contains a total of at least
'100,000. MSAs are comprised of the county which includes the largest city, as well as
any adjacent counties in which at least 50% of the population is in an urbanized region
contiguous with that city. If an MSA contains a minimum of one million inhabitants or
more and can be broken into recognizable component areas (using statistical criteria as
well as local opinion), it may be designated as a CMSA, with the components becoming
PMSAs. Together, CMSAs, PMSAs and MSAs are referred to as “metropolitan areas”
(MA) 1n this thesis.

The Original Investigators’ Approach

The Original Investigators used a file to link the ZIP codes of the Cancer
Prevention Study II respondents to 151 metropolitan areas in the US for which sulfate
data were obtainable. No documentation was available regarding the construction of this
file. The file matched the first three digits of ZIP codes to “SMSA” ID numbers, a four-
letter code for the city, and a two-letter code for the state (see Appendix B). As discussed
below, the use of the obsolete term SMéA instead of the more specific terms MSA,
PMSA or CMSA presented some difficulty in reconstructing the ACS file.

The ZIP codes were obtained from the questionnaires which the ACS CPS-II
respondents filled out in the fall of 1982 (Pope et al. 1995). The Original Investigators
used MA boundaries, as defined on June 30, 1983, and ZIP code maps provided in the

1989 National Five Digit ZIP Code and Post Office Directory (Pope, personal

45



correspondence).

In the process of obtaining air pollution data from the AIRS database using the
SMSA codes provided by the Original Investigators (see Appendix B), it became
apparent that the geographical areas to which these codes referred did not match, in all
cases, the areas covered by the ZIP codes of participants in the CPS-II study.

Taking the ACS location “SLOU, MO” as an example, the SMSA number it
was assigned (7040) only refers to St. Louis proper—the PMSA on the Missouri side of
the border (see Appendix B). The ZIP codes assigned to SLOU, MO, however, are from
both sides of the border, as indicated by the differences in the first two digits of the three-
digit forward sortation codes (620, 622, 630, 631). Moreover, ACS obtained air pollution
data for SLOU, MO at a time when the state of [llinois monitored air pollution but the
state of Missouri did not. While there is no air pollution data available for the PMSA of
“St. Louis” (7040), the larger CMSA of “St. Louis-East St. Louis-Alton, MO-IL” (7042)
includes counties in Illinois for which AIRS data are available. Therefore, it seems likely
that the Original Investigators were referring to the CMSA 7042, rather than to the PMSA
7040.

It could not be assumed, however, that all of the MAs used by ACS were at the
level of CMSAs. Three California MAs included by ACS—Los Angeles, Anaheim and
Riverside—are of necessity PMSAs that comprise the larger CMSA of Los Angeles-
Anaheim-Riverside. The ID codes provided by the Original Investigators for these three
places are all PMSA codes, as they should be. Given these discrepancies, it became

necessary to attempt some sort of validation of the mapping of ZIP codes onto
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metropolitan area identification numbers.

ZIP Codes and the Census

The following information regarding ZIP codes was obtained through
consultation with Rose Quatero, the ZIP code expert in the Geography Division, US
Bureau of the Census; although similar issues are documented by Dr. Michael Frank
Goodchild at the National Center for Geographical Information and Analysis
(www.ncgia.ucsb.edu/~good/176b/p04.htmI#SEC29.3.1).

ZIP codes are derived from postal carriers’ routes. ZIP codes and their
boundaries are the purview of local Post Masters who may change the local boundaries at
any time in order to provide more efficient service. For the most part, these changes affect
only the last two digits of a ZIP code; however, a local Post Master may have jurisdiction
over an area which crosses state boundaries in which case changes in the first three digits
may occur. As well, since 1980, three- digit codes which were previously reserved for the
US military were added to civilian ZIP codes.

Because of this fragmented jurisdiction, it would have been necessary to
contact each local Post Master and obtain his/her archives for 1982 in order to compile a
comprehensive file of ZIP codes. This was obviously outside the scope of this thesis:
Alternatively, there are products available which are based on the 1980 census and which
contain ZIP codes. These ZIP codes were taken directly from the census questionnaires.
Unfortunately, although there were approximately 40,000 ZIP codes in existence at the
time, the census only published information for about 20,000 (conversation with Rose

Quatero).
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In the late 1980s, commercial companies such as Rand McNally began to
provide atlases of ZIP codes. The Original Investigators used ZIP code maps from this
era: the 1989 National Five Digit ZIP Code and Post Office Directory. However, these
products were not always reliable and obviously applied to 1989 not 1982. For the
purpose of verifying the mapping of ZIP codes to SMSAs, 1999 ZIP codes available on-
line were used (www.usps.com/ncsc/lookups/lookup_zip+4.html).

Using this web site, the acceptable ZIP codes for cities and towns falling within
the 1983 MSA boundaries, as shown in the County City Data Book (US Bureau of the
Census 1988), were obtained. The first three digits of these ZIP codes were compared
with those provided by the Original Investigators. The results of this examination are
included on the right half of Appendix B. It was determined that the ZIP codes provided
for STLO MO did include the PMSAs in Illinois. Thirty-nine other discrepancies were
found between the SMSA code used and the ZIP codes. STLO MO was not the only area
for which a PMSA code was used when the ZIP codes actually applied to an entire
CMSA (see for example, DALL, TX). In other cases, ZIP codes which applied to one or
some counties in a metropolitan area were left out (see for example, OKLA, OK or
DULU, MN). At this stage, without additional information, it was assumed that the
missing ZIP codes were due to the addition of ZIP codes since 1989, which had been
reserved for the military, and these counties were included in the MAs to which the
Original Investigators had assigned them.

In other cases, the ZIP codes listed actually applied to counties outside of the

boundaries to which the ID code referred. Occasionally these counties were in other
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metropolitan areas (see, for example, CRAP I0); in other cases the ZIP codes referred to
rural counties adjacent to metropolitan areas (see for example, CHAR WV).

Aggregation of Metropolitan-scale Covariates

The US Postal Service web site was used to determine the counties which were
predominantly made up of ZIP codes used to assign ACS cohort members to places (see
Appendix B). For the purposes of this thesis, the largest relevant geographical area was
used to represent each metropolitan region in the ACS Study. Thus, if the ZIP boundaries
encompassed two adjacent metropolitan areas, data for both were aggregated into one
value. On the other hand, if the ZIP codes for one of the counties in the central
metropolitan area were missing (such as OKLA OK), that county was still included
because it is known that new three-digit codes have been added to the US since 1989.

Depending upon the type of data provided (see Table 2.1), weighted averages
(according to the number of residents in each county) or simple aggregations, were
calculated from component counties for each metropolitan area. In some of the Easterm
Seaboard States (CT, ME, MA and NH), metropolitan areas were aggregated from towns
and cities, not from counties. The list of component places contained in the 1983 US
Census Bureau definition of metropolitan areas
(http://www.census.gov/population/estimates/metro-city/83mfips.txt) was used to
aggregate data for metropolitan areas in these states.

The possibility of using 1982 ZIP code boundaries to determine the
geographical statistical areas represented by the ACS cohort was considered. As noted

above, however, a complete ZIP code file does not appear to exist for that time period.
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Further, the metropolitan area boundaries used by the Original Investigators remain
unclear. Consequently, it may be difficult to significantly improve upon the approach
taken here to decide likely geographic boundaries for the 151 cities included in the ACS
Study. The lack of clearly defined areas could lead to misclassification biases if the
ecologic “exposure” variables calculated do not refer to the same area in which the ACS
respondents reside. This type of bias generally results in an underestimation of the

relative risks associated with the ecologic covariates (Hennekens and Buring, 1988).

3.2 County-scale Place-specific Data

Sulfate Data

In order to investigate the influence of scale, data were also acquired for
counties. Some problems of comparability were uncovered with the Original
Investigators’ use of air pollution data from different sources (see Health Effects Institute,
2000). For simplicity’s sake, the county-scale analysis done for this thesis used only
sulfate data from the AIRS database which used the same type of monitor in all
jurisdictions. Monitor data from the AIRS database was obtained from the Washington
University’s Centre for Air Pollution Impact and Trend Analysis (CAPITA). All those
counties which contained at least one sulfate monitor in 1980 or 1981 in the AIRS
network and for which there were at least 10 observations available during these years
were identified. Sulfate exposure was calculated as the mean of all the sulfate
measurements taken in the county in 1980 or 1981. Sulfur dioxide exposure was

obtained similarly.

50



Identification of Counties

There are 513 counties which make up the metropolitan areas used in the
original study. Only 139 counties met the above criteria and were, therefore, considered
for the county-level analysis (see Table 3.1). Using the Std3b census files from the US
National archives, a list of 5-digit ZIP-codes was derived for each county. Data were then
obtained from the US Census and other sources for each of these counties (see Table 2.1).

The advantage of 5-digit ZIP codes is that they have a finer granulation and
therefore can be matched more closely to the desired geographic area. This method of
determining place of residence for the ACS county cohort is also more accurate than that
used by the Original Investigators because it matches the 1982 ZIP codes of the subjects
to 1980 ZIP-code boundaries, rather than to 1989 boundaries.

The main disadvantage is that the census file only contains about half of all the
ZIP codes which existed in 1980. As a result, some of the ACS participants who were
included in the metropolitan-scale analysis were excluded from the county-level analysis.
Other metropolitan-scale cohort members were excluded from the county-scale analysis
because the 3-digit ZIP code areas often extend beyond county and metropolitan borders
(see Figure 3.2). For example, the metropolitan areas of Great Falls, MT and Billings MT
are made up of only one county each, Cascade and Yellowstone respectively. Using 3-
digit ZIP codes, 600 respondents were identified for Great Falls and 855 for Billings.
When 5-digit ZIP codes were used instead, on-ly 452 and 795 respondents were selected
for each of the respective areas, a loss of only about 25% and 7% respectively.

Because of the greater conciseness of matching cohort members to counties,

51



the lack of sulfate data for a number of the component counties of the original
metropolitan areas, and the limited availability of 5-digit ZIP code information, only
245,315 members of the ACS sulfate cohort were included in the county analysis. In
other words, 346,395 members of the metropolitan-scale analysis were excluded because
they lived in a county without sufficient sulfate data, because they did not actually reside
in a component county, or because their ZIP code did not match any of those in the
Census Bureau database.

During the process of mapping ACS cohort members to counties, six more
counties were discarded from the study because no cohort members resided there. A
seventh county was also discarded because only one cohort member lived there, leaving a
total of 132 counties in the county analysis (see Figure 3.3). Of the remaining counties,
the average number of subjects was 1858 (with a close median of 1329), while the

smallest number was 79 (Merrimack, NH) and the largest number was 9527 (Hennepin,

MN).

3.3 Values of the Ecologic Covariates

In Appendix A, the actual values of the ecologic covariates used are listed for
each of the 151 metropolitan areas in the ACS Study and the 132 counties used in the
county analysis. These data were derived from many sources as outlined in Table 2.1.
Most of the socio-economic data comes from the US Census Bureau. The climate data
were obtained from the US National Oceans and Atmospheric Administration from their

database of reporting sites.
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Data from thése sources was then aggregated to the appropriate geographical
area, (see Tables 3.1 and 3.2). For several reasons, it was not possible to obtain a full set
of ecologic covariates for all of the metropolitan area. The NOAA only archives data for a
very specific set of meteorological stations in the US. Not all of the ACS cities are
NOAA reporting stations.  The values for the hardness of water were taken from a
previous report (Feinleib et al. 1979, cited in Lipfert et al. 1988). Not all of the ACS cities
were included in this other study.

The gaseous covariate data were obtained from the AIRS database through
CAPITA. As different monitoring programs applied to each gaseous pollutant, data are
not available for all of the ACS metropolitan areas for these covariates.

Some 12 or 13 ACS MAs are missing metropolitan area-specific data on
population change, doctors per 100,000 and hospital beds per 100,000 (see Appendix A).
There are two reasons for this. First, some of these MAs did not correspond to
metropolitan areas as defined by the Bureau. Second, some of the MAs in New England
are defined in terms of towns not counties. As metropolitan-specific data had to be
aggregated up from counties, and not all of the data available for counties are available at
the town level, many of the New England MAs are missing data. For example the
number of physicians was not available for towns and therefore, these MAs are missing a
value for this variable.

For all of these reasons, data for all of the covariates were not available for
every MA, Table 3.2 lists the number of metropolitan areas for which each ecologic

covariate was available as well as the mean, minimum and maximum values of those
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variables. In the following chapters, all confidence intervals are at 95% confidence and
are calculated over the range of the data.

Table 3.2 also lists the descriptive statistics for the county-scale data. The only
data that were readily available at the county-scale was census data. Therefore, variables
concerning the physical environment were left out of the county-scale analysis.

Descriptive Statistics for the Ecologic Covariates

As noted above, it was not possible to obtain data on all of the ecologic
covariates of interest for each metropolitan area in the ACS Study. While the socio-
economic, race and demographic data were available for almost all cities, data on the
physical environment, climate and gaseous co-pollutants was readily available only for
certain cities. The variables with the most missing values are relative humidity and
nitrogen dioxide, which were available from a reliable national source for only 95 and 74
out of 151 MAs respectively. No models were available for estimating the values of
missing data points with the information that was available, therefore, cities with missing
data were left out of the analyses that used that variable.

For the most part, data were available for all the counties. The exception is
that population change data were not published for Middlesex, MA. No explanation is
given as to why the data are missing (US Census Bureau, 1988).

Interestingly, the average values of the MA variables are very similar to the
average values of the county variables. Therefore, the two sets of data are representing a
similar cross-section of the US. The range in the data are also quite similar in most cases.

Exceptions to this are a slightly wider range in poverty rates, in percent racial
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composition and number of doctors between the counties than was seen between the
MAs. This might indicate that within MAs there is a greater segregation of individuals
and services than between MAs.

The range in sulfates at the MA level is from 3.6 pg/m’ in Great Falls, MT to
23.5 ug/m’ in Steubenville, OH. A similar spread in sulfates is seen amongst the counties
which range from 3.8 pg/m? in Cascade MT to 24.1 pg/m’ in Carbon, PA. While
Cascade, MT is in Great Falls, MT, Carbon, PA is approximately 400 km away from
Steubenville, OH. Nevertheless, when the study covers the entire US, 400 km is not that
far.

Correlations Amongst Place-specific Covariates

Collinearity can be a problem in ecological studies since socio-economic and
environmental risk factors are often more correlated with each other between groups than
they are ét the individual level (Morgenstern 1998). If such covariates are not
sufficiently controlled for in the design, it may be nearly impossible to differentiate their
effect through statistical analysis. Luckily, other than the variables percent Whites and
percent African Americans there do not appear to be any cases where the collinearity
between two variables is uncomfortably high in the MA data set (see Table 3.3).

Within the counties (see Table 3.4), however, the Gini coefficient and the
poverty rate were also highly correlated (87%) as were poverty and median income (-
76%). As might be expected the correlation between the Gini and income was also high
(-67%). Poverty was also strongly correlated with race (69%).

In general the correlations between variables in the MA data set are similar to
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those in the county data set. However, the Pearson coefficients do seem to be a bit more
extreme (larger or smaller) in the counties than in the MAs. In the county analyses,
median income was used instead of mean income and it appears to relate to the other
place-specific variables in different ways. The correlations between poverty and

physicians and population change differ between the two data sets.
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Table 3.1. Counties Used in the County-scale Analysis'

57

County Name State Name Fips Code
Counties with monitors in which ACS cohort members reside
Broward Florida 12011
Duval Florida 12031
Hillsborough Florida 12057
Orange Florida 12095
Pinellas Florida 12103
Fulton Georgia 13121
Muscogee Georgia 13215
Lake Indiana 18089
Monroe Indiana 18105
St. Joseph Indiana 18141
Vanderburgh Indiana 18163
Vigo Indiana 18167
Black Hawk Iowa 19013
Dubuque Iowa 19061
Linn Iowa 19113
Polk Iowa 19153
Sedgwick Kansas 20173
Shawnee Kansas 20177
Fayette Kentucky 21067
Kenton Kentucky 21117
East Baton Rouge Louisiana 22033
Orleans Louisiana 22071
Androscoggin Maine 23001
Cumberland Maine 23005
Penobscot Maine 23019
Prince Georges Maryland 24033
Bristol Massachusetts 25005
Hampden Massachusetts 25013
Middlesex Massachusetts 25017
Plymouth Massachusetts 25023
Worcester Massachusetts 25027
Genesee Michigan 26049
Ingham Michigan 26065
Wayne Michigan 26163
Hennepin Minnesota 27053
Ramsey Minnesota 27123
Hinds Mississippi 28049
Cascade Montana 30013
Yellowstone Montana 30111



Table 3.1. Counties Used in the County-scale Analysis'

County Name State Name Fips Code
Douglas Nebraska 31055
Lancaster Nebraska 31109
Clark Nevada 32003
Washoe Nevada 32031
Hillsborough New Hampshire 33011
Merrimack New Hampshire 33013
Rockingham New Hampshire 33015
Hudson New Jersey 34017
Mercer New Jersey 34021
Passaic New Jersey 34031
Bemalillo New Mexico 35001
Albany New York 36001
Bronx New York 36005
Chemung New York 36015
Dutchess New York 36027
Erie New York 36029
Kings New York 36047
Monroe New York 36055
Nassau New York 36059
New York New York 36061
Oneida New York 36065
Onondaga New York 36067
Queens New York 36081
Rensselaer New York 36083
Richmond New York 36085
Schenectady New York 36093
Suffolk New York 36103
Westchester New York 36119
Durham North Carolina 37063
Forsyth North Carolina 37067
Mecklenburg North Carolina 37119
Butler Ohio 39017
Clark Ohio 39023
Cuyahoga Ohio 39035
Franklin Ohio -39049
Hamilton Ohio 39061
Jefferson Ohio 39081
Montgomery Ohio 39113
Richland Ohio 39139
Stark Ohio 39151
Summit Ohio 39153
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Table 3.1. Counties Used in the County-scale Analysis'

County Name State Name Fips Code
Trumbull Ohio 39155
Warren Ohio 39165
Wood Ohio 39173
Oklahoma Oklahoma 40109
Multnomah Oregon 41051
Allegheny Pennsylvania 42003
Berks Pennsylvania 42011
Blair Pennsylvania 42013
Bucks Pennsylvania 42017
Cambria Pennsylvania 42021
Carbon Pennsylvania 42025
Centre Pennsylvania 42027
Chester Pennsylvania 42029
Cumberland Pennsylvania 42041
Dauphin Pennsylvania 42043
Delaware Pennsylvania 42045
Erie Pennsylvania 42049
Fayette Pennsylvania 42051
Lackawanna Pennsylvania 42069
Lancaster Pennsylvania 42071
Lebanon Pennsylvania 42075
Lehigh Pennsylvania 42077
Lycoming Pennsylvania 42081
Mercer Pennsylvania 42085
Montgomery Pennsylvania 42091
Northampton Pennsylvania 42095
Perry Pennsylvania 42099
Philadelphia Pennsylvania 42101
Washington Pennsylvania 42125
York Pennsylvania 42133
Kent Rhode Island 44003
Newport Rhode Island 44005
Providence Rhode Island 44007
Charleston South Carolina 45019
Greenville South Carolina 45045
Pickens South Carolina 45077
Richiand South Carolina 45079
York South Carolina 45091
Davidson Tennessee 47037
Hamilton Tennessee 47065
Shelby Tennessee 47157
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Table 3.1. Counties Used in the County-scale Analysis'

County Name State Name Fips Code
Bexar Texas 48029
Dallas Texas 48113
Harris Texas 48201
Hampton Virginia 51650
Norfolk Virginia 51710
Roanoke Virginia 51161
King Washington 53033
Spokane Washington 53063
Dane Wisconsin 55025
Eau Claire Wisconsin 55035
Milwaukee Wisconsin 55079
Racine Wisconsin 55101

Counties with monitor data but with no ACS cohort members residing in them

Essex Massachusetts 25009
St. Louis® Minnesota 27137
Camden New Jersey 34007
Gloucester New Jersey 34015
Lawrence Ohio 39087
Douglas Wisconsin 55031

! In mapping ACS cohort members onto counties, 12 701 5-digit ZIP codes were

used, too many to be listed here.
2 One ACS cohort member resided in St. Louis, Minnesota. As this is too small
a sample size for the purposes of the analyses, this county was also discarded.
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4 Incorporation of Place-specific Ecologic Covariates Into Cox Regression

4.1 Cox Proportional Hazards Regression Modelling

While all of the subjects in the CPS-II (and consequently the ACS air pollution
study) were recruited in the autumn of 1982, they were followed up for unequal lengths of
time. While the investigators were interested in a number of health outcomes, mortality
from different causes was of primary interest. For this reason, the Cox proportional
hazards model was used in the original analysis of the ACS Study. Because Cox
modelling uses a mathematical formula to relate both the occurrence of an event and the
time to that event to individuals and their exposure profiles, it is commonly used in
longitudinal studies (Kahn and Sempos, 1989) such as the ACS Study.

The Cox proportional hazards model is a form of multivariate regression.
Similarly to logistic regression, it is used for binary outcomes (in this case mortality).
However, it has a more complicated structure as it is not simply the occurrence of an
event which is of interest, but the time it takes to reach that event (Hennekens and Buring,
1987: 319). The coefficients of a Cox model are comparable to those from a logistic
model, although they are technically estimates of the incidence density ratio rather than an
odds ratio (Hennekens and Buring, 1987). The general form of the Cox proportional
hazards model can be expressed as:

In[incidence rate (t)] = a(t) +b, X, + ... + b, X,
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where a(t) is the baseline incidence rate, X; are the independent variables and b; are the

coefficients for each independent covariate.

4.2 Cox Modelling of the ACS Cohort

CPS-II Variables

Information on a number of individual-level risk factors was collected by ACS
at the time of enrolment through self-administered questionnaires. Not all of these
variables were used by the Original Investigators. A subsequent data-audit found
minimal errors in the coding of this information and work done for the Re-analysis
(Health Effects Institute, 2000) and for this thesis made use of the majority of available
individual-level risk factors. Cox models were stratified by 1-year age groups, race and
gender. The following tobacco consumption variables were used (* indicates an indicator
variable): current smoker*, years of smoking, cigarettes per day, current smoker pack-
years, former smoker*, former smoker pack-years, and age current smokers started
smoking (at 18 or older or below 18)*. An indicator variable was also used to distinguish
those people who had a high school diploma, and those who had more than a high school
education. Exposure to dust or fumes at work*, body mass index (and body mass index
squared), marital status (married, separated, or widowed versus single)*, and any alcohol
consumption (beer, wine and liquor consumption)* were also included in the Cox
regression model. Finally, interaction terms between gender and the following variables
were included: indicator variables for marital status, and indicators for alcohol

consumption (interaction terms between gender and all other variables were run by the
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Re-analysis Team, however, these variables were the only ones with statistically
significant interaction terms, Health Effects Institute, 2000). All of the Cox models
evaluated relative risk over the range of the variables (see Table 3.2) and used calendar
years as the time axis.

Place-specific Ecologic Covariates

Although Pope et al (1995) did assign individual members of the ACS cohort
to specific metropolitan areas, the only metropolitan-specific variable they used was
ambient air pollution. For the sake of comparison, in order to investigate whether the
relationship the Original Investigators observed between sulfate levels and mortality in
the 151 MAs was confounded by other metropolitan-specific ecologic covariates which
varied between cities in a similar way, the ecologic covariates outlined in chapter 2 were
entered into the Cox model. Since the Cox model can only accommodate individual-
level data, the ecologic covariates had to be treated as individual attributes. This was
done by assigning values for each variable to individuals in the cohort according to which
MA they had been identified as residing within. The Original Investigators used this
approach to incorporate the pollution values into their Cox models. Following the
Original Investigators, the rate ratios for each of the ecologic covariates, including

sulfates, were evaluated over the range of that covariate' (Table 3.2 lists the minimum

1 The risk ratios were calculated as follows:

R *
RR = e( ange)* S5 The 95% confidence intervals were calculated as follows:

CI = g Range*( AEL.96*SE)
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and maximum values for each variable).

Multiple Covariate Analyses

In order to examine whether groups of place-specific covariates had an effect
beyond that of single covariates, three multiple covariate analyses were conducted. First,
a model was run with all the gaseous co-pollutants: carbon monoxide, nitrogen dioxide,
ozone and sulfur dioxide. Second, all of the socio-economic place-specific covariates
were run along with population change to verify that population change had an effect on
its own beyond that of socio-economic factors. Third, all of those place-specific
covariates which individually changed the effect of sulfates by 25% or more were entered
into a Cox model. Unfortunately, because data were missing in different metropolitan
areas for different covariates, the multiple covariate analyses often were run with a
reduced subset of MAs (for example, data were only available for 58 out of 151 MAs for
all of the gases). Because a different effective sample of cities was used, these results are
not directly comparable. However, they do still provide an indication of the amount of

the sulfate effect that can be accounted for by other place-specific covariates.

4.3 Results

Before examining the impact the place-specific covariates had on the
association between sulfates and mortality, a series of analyses were run with the place-
specific covariates alone. Using the Cox model, it can be seen that ambient sulfate levels
are not the only place-specific variables to be significantly associated with all-cause,

cardiopulmonary or lung cancer mortality (see Tables 4.1, 4.2 and 4.3). Looking at the
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results from the sulfate cohort of 151 cities, increase in population, high school education,
income inequality, all appear to be significantly protective of both all-cause and
cardiopulmonary mortality (see Tables 4.1 and 4.2). These associations reflect those
reported in the literature.(see chapter 2). Also as expected from the literature, an increase
in the unemployment rate is associated with higher risks of both all-cause and
cardiopulmonary mortality (see Tables 4.1 and 4.2).

However, contrary to expectation, an increase in income inequality appears to
lower the risk of either all-cause or cardiopulmonary mortality (see Tables 4.1 and 4.2);
an increase in CaCO, concentrations appears to increase the risk of cardiopulmonary or
all-cause mortality (see Tables 4.1 and 4.2); and both NO, and O; appear to be protective
from all-cause mortality (see Table 4.1). Other discrepancies, such as the increased risk
of all-cause or cardiopulmonary mortality associated with increases in hospital beds (see
Table 4.2) may be explained by reverse causation: more hospital beds may be opened up
to serve sicker areas.

Interestingly, none of the demographic or socio-economic covariates was found
to be associated with an increased risk of mortality from lung cancer in the Cox model
that controls for smoking at the individual level (see Table 4.3). However, the physical
environment did seem to have an influence on lung cancer mortality. Specifically, areas
with increased elevation or increased O, demonstrated significantly lower risk of lung
cancer mortality, while areas with higher relative humidity experienced a significantly
raised risk of lung cancer mortality (see Table 4.3).

When sulfates were added to the Cox models, most of the ecologic covariates
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remained significant. However, only two reduced the risk from sulfates to any great
degree: population change and SO,. Both of these variables reduced the sulfate effect to
insignificance for all-cause mortality (see Table 4.1). The effect of sulfates on
cardiopulmonary mortality was slightly more robust, being halved by the incorporation of
population change or SO, but remaining significant (see Table 4.2). Altitude was the
only variable to reduce the sulfate effect on lung cancer mortality (see Table 4.3).

As was mentioned above, full ecologic data were not available for all of the
metropolitan areas. Consequently, different subsets of cities had to be used when
analysing different ecologic covariates (the number of cities involved in each analysis are
listed on the left of Tables 4.1, 4.2 and 4.3). Simply changing the set of cities being
examined had an impact on the size of the risk presented by ambient sulfate pollution.
For example, m the full set of 151 cities there was an all-cause mortality RR of 1.15 from
sulfates alone, whereas in the subset of 110 cities with altitude data, sulfates only had an
RR of 1.10.

Problems With Cox Models and Ecologic-level Variables

Although confidence intervals have been mentioned, it bears noting that
because of the nature of the Cox model, achieving statistical significance is not that
difficult. The Cox model used here treats each of the ecologic covariates as individual
attributes. That is to say, rather than treating the sulfate cohort as having 151
observations, it treats it as having 552,138, essentially implying a much larger effective
sample size than is actually the case.

By treating place-specific ecologic covariates as individual-level attributes,
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these Cox models violate the assumption of independence. In other words, by treating
everyone in the same metropolitan area as having the same exposure to a place-specific
variable, the Original Investigators are indicating that the individuals in the metropolitan
areas are not really independent. While the Cox model is an ideal way to incorporate
individual-level data and the domain of time, it does so by sacrificing the domain of
space. In order to accommodate the spatial elements inherent in the study of ambient air
pollution, investigators must go beyond the simple Cox model. In the next chapter, I
outline a two-stage approach which takes into account the dependence of observations on

individuals within the same metropolitan area.
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Table 4.1 Relative risk of all-cause mortality associated with sulfates after adjustment for metropolitan-
specific ecological covariates using the Cox proportional hazards model.

Relative Risk from Sulfate Relative Risk from Ecologic Covariate

Ecologic Covariate Extended Extended Model With Extended Model Extended Model With
Model _ Ecologic Covariate Without Sulfates Sulfates

Sulfates Alone 1.15(1.08,1.21)

Demographic Data
Population 1.15 1.06 (0.99,1.13) 0.85 (0.81,0.89) 0.87 (0.82, 0.91)
Change

Race Data
Whites(%) 1.15 1.18 (1.11,1.25) 1.02 (0.98, 1.06) 1.06 (1.02,1.11)
African 1.15 1.17 (1.10,1.24) 1.01 (0.96, 1.06) 0.96 (0.91, 1.01)
Americans (%)

Health Services Data
Doctors per 1.14 1.14 (1.08,1.21) 0.95 (0.89,1.01) 0.96 (0.90, 1.01)
capita

Hospitalbeds 1.14
Socio-Economic Data

High School 1.15F

Educated (%)

Income 1979 1.15

(mean)

Povertyrate 1.15

GiniCoefficient 1.15

Unemployment 1.15

1.13 (1.07,1.20)
1.13 (1.06, 1.20)
1.15 (1.08,1.21)
1.15(1.09, 1.22)

1.15 (1.09,1.21)
1.12 (1.06, 1.19)

1.13 (1.06,1.21)
0.91 (0.86,0.96)
0.93 (0.88,0.97)
0.95 (0.91, 1.00)

0.88 (0.84,0.93)
1.12 (1.06,1.19)

1.12 (1.04, 1.19)
0.96 (0.90, 1.02)
0.93 (0.88, 0.97)
0.94 (0.90, 0.99)

0.88 (0.83, 0.93)
1.09 (1.03, 1.16)

rate
Climate Data
Temperature 1.14 1.10 (1.04,1.17) 0.88 (0.85,0.92) 0.90 (0.86, 0.94)
(max.)
Variation in 1.14 1.10 (1.04,1.17) 1.18 (1.11,1.24) 1.16 (1.09, 1.22)
temperature
(max.)
Relative 1.13 1.14 (1.05,1.24) 1.05 (0.99,1.12) 0.98 (0.91, 1.06)
humidity
Variation in 1.13 1.16 (1.08, 1.25) 0.96 (0.90,1.02) 0.92 (0.86, 0.98)
relative humidity
Physical Environment
Data
WaterHardness 1.11 1.12 (1.05,1.19) 1.08 (1.02,1.13) 1.08 (1.03, 1.14)
Altitude 1.10 1.16 (1.08, 1.24) 1.05 (0.99,1.12) 1.12 (1.04, 1.19)
Gaseous Pollutants
CcoO 1.14 1.14 (1.08,1.21) 0.98 (0.92,1.03) 0.97 (0.92,1.03)
NO, 1.11 1.14 (1.06,1.22) 0.93 (0.89,0.98) 0.91 (0.87,0.96)
O; 1.15 1.15(1.09,1.22) 0.93 (0.87,0.99) 0.92 (0.86,0.98)
SO, 1.16 1.04 (0.98,1.11) 1.30 (1.23,1.38) 1.28 (1.20,1.37)
Multiple Covariate Analyses
Gases 1.09 1.00 (0.93, 1.09)
SES 1.15 1.10(1.02,1.18)

25%Changef 1.10

0.99 (0.90, 1.09)

1 population change, variation in maximum temperature, altitude SO,



Table 4.2. Relative risk of cardiopulmonary mortality associated with sulfates evaluated after adjustment
for metropolitan-specific covariates using the Cox proportional hazards model
Relative Risk from Sulfate Relative Risk from Ecologic Covariate
Ecologic Covariate  Extended Extended Model With Extended Model Extended Model With

Model  Ecologic Covariate Without Sulfates Sulfates
Sulfates Alone 1.25 (1.16, 1.36)
Demographic Data
Population Change 1.24 1.12 (1.03, 1.23) 0.80(0.75, 0.85) 0.83 (0.77, 0.90)
Race Data
Whites (%) 1.25 1.30 (1.20, 1.42) 1.02 (0.97, 1.08) 1.09 (1.03, 1.16)
African Americans (%) 1.25 1.28 (1.17, 1.40) 1.03 (0.96, 1.10) 0.95 (0.88, 1.03)
Health Services Data
Doctors per capita 1.24 123 (1.14, 1.34) 0.86 (0.79, 0.94) 0.87 (0.80, 0.95)
Hospital beds 1.24 1.22 (1.13, 1.33) 1.18 (1.07, 1.30) 1.15 (1.04, 1.26)
Socio-Economic Data
High School Educated  1.25 1.21 (1.11, 1.32) 0.84(0.77,0.92) 0.92 (0.83, 1.00)
(%)
Income 1979 (mean) 1.25 1.25 (1.16, 1.36) 0.87 (0.81, 0.93) 0.87 (0.81, 0.94)
Poverty rate 1.25 1.26 (1.16, 1.36) 0.99 (0.93, 1.05) 0.97 (0.91, 1.04)
Gini Coefficient 1.25 1.25 (1.16, 1.36) 090 (0.83,0.97) 0.90 (0.83,0.97)
Unemployment rate 1.25 1.20 (1.11, 1.30) 1.27 (1.16, 1.38) 1.21 (1.11, 1.32)
Climate Data
Temperature (max.) 1.22 1.19 (109, 1.29) 0.87 (0.46, 1.64) 0.89 (0.83, 0.95)
Variation in temperature 1.22 1.17 (1.08, 1.28) 1.26 (1.16, 1.36) 1.22 (1.12, 1.32)
(max.)
Relative humidity 1.21 1.20 (1.06, 1.35) 1.11¢1.01, 1.21) 1.01 (091, 1.13)
Variation in relative 1.21 1.28 (1.15, 1.42) 093 (0.85, 1.01) 0.86 (0.79, 0.95)
humidity
Environmental Data
Water Hardness 1.19 1.20 (1.09, 1.31) 1.11 (1.03, 1.20) 1.12 (1.04, 1.21)
Altitude 1.20 1.26 (1.14, 1.39) 1.02 (0.93, 1.12) 1.12 (1.02, 1.23)
Gaseous Co-pollutants
CO 1.27 1.27 (1.17, 1.38) 094 (0.87, 1.02) 094 (0.86, 1.01)
NO, 1.25 1.29 (1.17,1.42) 093 (0.87, 1.01) 0.89 (0.83,0.97)
O, 1.26 1.27 (l1.16, 1.38) 098 (0.90, 1.08) 0.96 (0.88, 1.05)
SO, 1.28 1.14 (1.04, 1.25) 1.40 (1.29, 1.52) 1.33 (1.22, 1.46)
Multiple Covariate Analyses
Gases 1.22 1.11  (1.00, 1.25)
SES 1.24 1.18 (1.06, 1.31)
25% changet 1.20 1.17 (0.97. 1.4])

1t  population change, variation in relative humidity
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Table 4.3. Relative risk of lung cancer mortality associated with sulfates after adjustment for selected

metropolitan-specific covariates using the Cox proportional hazards model.
Relative Risk from Sulfate

Relative Risk from Ecologic Covariate

Ecologic Covariate Extended Extended Model Extended Model Extended Model
Model With Ecologic Without Sulfates With Sulfates
Covariate
Sulfates Alone 1.33 (1.10, 1.61)
Demographic Data
Population Change 1.31 1.30 (1.05, 1.61) 091 (0.78, 1.06) 1.00 (0.84, 1.18)
Race Data
Whites (%) 1.33 1.34 (1.10, 1.64) 096 (0.84, 1.10) 1.03 (0.89, 1.19)
African Americans (%) 1.33 1.35 (1.10, 1.66) 1.05 (0.89, 1.23) 095 (0.80, 1.13)
Health Services Data
Doctors per capita 1.31 1.30 (1.07, 1.57) 091 (0.74, 1.11) 093 (0.76, 1.13)
Hospital beds 1.31 1.32 (1.09, 1.60) 0.92 (0.73, 1.16) 0.89 (0.71, 1.13)
Socio-economic Data
High School Educated  1.33 1.34 (1.09, 1.65) 0.90 (0.74, 1.10) 1.02 (0.82, 1.27)
(*0)
Income 1979 (mean) 1.33 1.33 (1.10, 1.61) 1.01 (0.86, 1.19) 1.02 (0.86, 1.20)
Poverty rate 1.33 1.33 (1.10, 1.61) 097 (0.83, 1.13) 096 (0.82,1.12)
Gini Coefficient 1.33 1.32  (1.09, 1.60) 0.88 (0.73, 1.07) 0.89 (0.73. 1.08)
Unemployment rate 1.33 1.31 (1.08, 1.60) 1.13 (0.92, 1.38) 1.05 (0.86, 1.29)
Climate Data
Temperature (max.) 1.37 136 (1.11, 1.67) 094 (0.81, 1.09) 098 (0.84, 1.15)
Variation in temperature 1.37 1.39 (1.13,1.71) 1.00 (0.83, 1.21) 094 (0.77, 1.14)
(max.)
Relative humidity 1.53 1.39 (1.04. 1.86) 1.37 (1.10, 1.72) 1.17 (0.90, 1.53)
Variation in relative 1.53 1.49 (.16, 1.92) 1.19 (0.96, 1.47) 1.09 (0.88, 1.37)
humidity
Environmental Data
Water Hardness 1.31 1.31 (1.05, 1.62) 094 (0.78, 1.12) 0.94 (0.79, 1.13)
Altitude 1.24 14 (0.91, 1.44) 0.72 (0.56, 0.93) 0.76 (0.58, 0.99)
Gaseous Co-pollutants
CO 1.26 1.26 (1.03, 1.54) 0.82 (0.68, 1.00) 0.82 (0.68, 1.00)
NO, 1.28 1.33  (1.05, 1.69) 091 (0.76, 1.09) 0.87 (0.73, 1.05)
O, 1.27 1.30 (1.07, 1.59) 0.74 (0.59, 0.92) 0.72 (0.58, 0.90)
SO, 1.31 1.36 (1.08, 1.72) 1.06 (0.87, 1.30) 093 (0.74, 1.17)
Multiple Covariate Analyses
SES 1.31 1.20 (0.94, 1.54)
gases 1.42 1.61 (1.21,2.14)
25% changet 1.53 1.39  (1.04, 1.86)

T  relatve humidity
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5§ Using Random Effects Regression Models to Incorporate Different
Scales

The Cox regression outlined in chapter four incorporates place-specific
ecologic-level covariates into the analysis as individual attributes. As each individual
within a metropolitan area is given the same attribute for the ecologic covariate, it is
apparent that these observations are not independent.

Most epidemiological studies in the past have remained at one scale, either at
the individual level or at some ecological level. Ecologic-level studies cannot take
advantage of individual-level data properly, nor can individual-level studies incorporate
ecologic-level data without the risk of biased results. In this chapter, I introduce a
method developed by the Re-analysis Team (Health Effects Institute, 2000) to incorporate
both individual-level and ecologic-level data into the same analysis while treating each
kind of data appropriately.

The two-stage approach, outlined below allows the use of both individual and
ecologic data; however, it does not solve the issue of what scale the ecologic-level data
should be measured on. In the US, census data are collected for individuals but are
usually only available to the public for census tracts. Figure 5.1 shows Jefferson County,
Alabama broken down into its component census tracts. These census tracts can then be

aggregated up to counties. The US Census Bureau then defines metropolitan statistical
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areas as being made up of one or more counties; Huntsville, AL is made up of one
county, Huntsville County, while Birmingham, AL is comprised of five counties.
Counties could be further aggregated into states (the full extent of the state of Alabama is
not shown in Figure 5.1). Census tracts, counties, metropolitan areas, and states all
represent different scales of analysis. The availability of air pollution data limited which
of these scales could be used to examine the relationship between sulfates and mortality
in the ACS Study. For example, census tracts are too fine a geographic unit for the
number of sulfate monitors. Here, counties, metropolitan areas and airshed regions were
explored.

Most importantly, the two-stage regression allows for clustering of mortality
within cities, therefore it includes a city-specific effect on mortality, treating observations

within cities as dependent.

5.1 Two-stage Regression Methods

The Re-analysis Team (Health Effects Institute, 2000) developed a two-stage
method to integrate an individual-level Cox regression model with an ecologic-level
linear regression model (see Table 5.1). The objective of the first stage is to estimate
city-specific mortality rates (in logarithm form), which will be used as the dependent
variable in stage two, and to estimate within-city estimation errors. Stage one assumes
that the individual observations are independent given the random location effects. In
stage two, after adjusting for place-specific ecologic covariates, the logarithms of the city-

specific mortality rate are assumed to be distributed statistically so that expectation is
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given by a linear regression model consists of place-specific variables, with variance
defined as the sum of the within-place estimation error and the true variation in the
adjusied logarithms of the city-specific mortality rates.

In the first stage, individual-level data (see section 4.2) and an indicator
function for the subject’s city of residence (compared to an index city) were entered into a
Cox proportional hazards model. The index city used in this case was Greenville, SC
which had a sulfate concentration of 11 pg/m?® which was close to the mean of all 151
metropolitan areas. The Re-analysis Team conducted runs with different index cities and
found that the choice of index city, did not alter the results (Health Effects Institute,
2000).

The use of an index MA does mean that the estimates of the place-specific
mortality rates are by definition correlated which causes certain problems: the covariance
between the MA-specific estimates increases, and the variance in each estimate is inflated
(Health Effects Institute, 2000). Finally, the Cox model in stage one is not able to
estimate the variance of the index city (Health Effects Institute, 2000). To deal with these
problems, the Re-analysis Team used a simplified version of an adjustment outlined by
Easton et al. (1991). This method calculates an adjusted variance for each MA as the
difference between the variance and the average of the covariances between estimates of
the logarithms of the city-specific adjusted mortality rates. The variance of the index city
is simply estimated by the average of the covariances of the other cities.

Because the actual mortality rates for cohort members in each MA are

unknown, there is uncertainty inherent in the estimates obtained in Stage one. This
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uncertainty is incorporated into the second stage by estimating the variance of the
logarithm of each city-specific mortality rate as the sum of the true variation in rates
between cities and the estimation error for each individual city. Using a method outlined
by DerSimonian and Laird (1986), an initial estimate of the true variation in mortality
between MAs can be estimated in stage two. This is done before any adjustment is made
for city-specific effects, depending only on the mean and variance structure of the city-
specific mortality rates estimated in stage one.

Stage two involves two iterations of a weighted least squares regression model
(see Table 5.1). The first set of weights are calculated for each city as the inverse of the
sum of the initial estimate of true variance between MAs (obtained using DerSimonian
and Laird’s technique with no place-specific covariates) and the MA-specific estimation
variances (obtained from stage one and adjusted according to Easton). This weighting
takes into account the statistical uncertainty in the estimation of the mortality rates. The
logarithms of these weighted mortality rates are then regressed on sulfates and other
appropriate ecologic-level covariates using weighted least squares regression methods.

Taking the residuals from this weighted linear regression, an updated estimate
of the true variance between cities is calculated. A second set of weights are calculated as
the inverse of the sum of the second estimate of the true variance and the MA-specific
estimation variances from stage one, and a second weighted linear regression model is fit.

Using this weighting scheme, the two-stage regression model allows for
mortality rates to cluster by metropolitan area, therefore acknowledging that within-area

observations are not independent. The two-stage method does, however, treat the
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metropolitan area-specific mortality rates as statistically independent. Therefore, the two-
stage method, in and of itself, cannot account for processes that operaté on a broader
regional scale, this is discussed further in section 5.2.

County Analysis

Because of the inherent problems in using a Cox model to study the effects of
place-specific ecologic covariates, no Cox models were run with the county level data.
However, for the sake of comparison to the metropolitan Cox models outlined in chapter
4, a two-stage analysis was conducted with the county data which assumed independence
of the within-county observations. This was simply done by assigning a zero to the
between county variation and the residual variance to the errors of the within-county
estimations. This method has been shown to produce results similar to the Cox model
outlined in chapter 4 (Health Effects Institute, 2000). Like the Cox regression model
using ecologic data with this method also violates the assumption that the exposures of
the people within an county are not related.

A proper two-stage random effects analysis was then run with the county data
allowing for clustering of mortality within the counties.

Metropolitan-scale Results

First, ecologic-level regression analyses were run with the metropolitan-
specific variables as independent variables and the metropolitan-specific relative risks
obtained through the first stage Cox regression which did not allow for within area
clustering (see the results for independent observations in Tables 5.2a&b, 5.3 a&b and

5.4a&b). As expected, these results were very similar to those obtained through entering
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the ecologic variables into the Cox regression (see Tables 4.1, 4.2, and 4.3).

Using the model outlined above, rate ratios were produced which treat
observations within metropolitan areas as dependent but those between different
metropolitan areas as independent (see independent MAs in Tables 5.2a&b, 5.3a&b and
5.4a&b). Consistently larger rate ratios were produced using this method than when
using the Cox models outlined in chapter 4. For example, the risk of all-cause mortality
from sulfates with no other ecologic covariates increased from 1.15 to 1.25 when the
random effects model was used. Population change and sulfur dioxide continued to
influence the relationship between sulfates and all-cause mortality. However, as the rate
ratios were higher to begin with, these two variables no longer decreased the relative risk
from sulfates to the point of insignificance. When SO, and population change were
included together, the confidence interval for sulfates did include 1. Likewise, including
all of the gases as covariates diminished the relative risk from sulfates to the point of
insignificance.

A similar pattern is seen in the relative risk presented by sulfate exposure to
mortality from cardiopulmonary causes. The rate ratio from sulfates alone is 1.29 and
population change and SO, exposure diminish that rate ratio substantially but not to
insignificance. While mean relative humidity might appear to have a dramatic effect on
sulfates, an examination of Table 5.3a shows that the effect of sulfates alone in that
particular subset of 95 cities is already quite a bit lower than the rate ratio in the full 151
cities (1.21 and 1.29 respectively). Again, when all of the gases are included as

covariates the relative risk from sulfates becomes insignificant. The same is true when
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population change, SO, and education (all of which changed the sulfate effect by at least
25%) are entered into a model with sulfates: in this case, the mortality rate ratios for
sulfates drops from 1.34 to 1.07 and is not significant.

The RR from sulfate exposure for lung cancer is 1.39 in the independent MAs
model. The only covariate which has an impact on this effect is altitude which, when
included with sulfates, leads to a sulfate effect of 1.13 that is not significant. When
altitude and relative humidity are both included, the RR is also 1.39, however it is no
longer significant. In the case of lung cancer, including all the socio-demographic
variables decreases the RR from sulfates to an insignificant 1.23. Including all the gas
data actually increases the RR from sulfates to 1.63 from 1.48.

Because data were missing for some variables in some metropolitan areas,
different subsets of cities were used for different groups of variables. In part, the
variation in rate ratios outlined above is due to the different metropolitan areas being
included. The cardiopulmonary deaths rate ratio from sulfates alone between the
different subsets used varied from 1.30 (1.07, 1.58), for the subset of 110 areas with
altitude data, to 1.49 (1.23, 1.81), for the 74 MAs with nitrogen dioxide information. The
sulfate effect for all 151 metropolitan areas was 1.38 (1.17, 1.62). Similar variation was
seen for all-cause mortality and for lung cancer mortality.

County-scale Results

When the relative risks are calculated for counties rather than for metropolitan
areas and the ecologic-level data are collected for counties as well, the rate ratios for

mortality from sulfate exposure become higher than those for metropolitan areas (see
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Tables 5.5 and 5.6). Using the random effects model, the RR of all-cause mortality from
sulfate exposure alone is 1.50 (1.30, 1.73), as compared to 1.25 (1.13, 1.37) for the
metropolitan-scale analysis. A similar pattern is seen for cardiopulmonary mortality with
a sulfate RR of 1.75 (1.48, 2.08) at the county scale compared to 1.29 (1.15, 1.46) at the
metropolitan scale. Because lung cancer mortality is quite low in some counties (with no
deaths observed in three counties), the two-stage random effects model could not be used
as it became unstable.

The results of the county-scale independent observations model (in which the
variance was not modified) were quite similar to those resulting from the model which
allows for clustering within the counties: 1.47 (1.32, 1.65) for all-cause mortality and
1.72 (1.47, 2.01) for cardiopulmonary mortality.

At the county scale, the risk posed by sulfates appears to be higher; it also
appears to be more robust to the inclusion of county-specific ecologic covariates. No
ecologic covariates reduced the RR for either all-cause or cardiopulmonary mortality
from sulfate exposure to the level of insignificance. Population change was the only
variable to reduce the RR of all-cause mortality from sulfates by more than 25 % in the
independent observations model. No ecologic covariates had this much of an impact on
the RR for all-cause mortality from sulfates in the independent counties model.
Population change also had a larger than 25% effect on the RR for cardiopulmonary
mortality, along with unemployment rate. Even when these two variables were run in a
model together with sulfates, the relative risk, though reduced, was still significant: 1.41

(1.17, 1.70) in the independent observations analysis, and 1.44 (1.18, 1.75) in the

85



independent counties analiysis.

Overall, at the county scale, the observed effect of sulfates on both all-cause
and cardiopulmonary mor-tality is higher and more robust against the inclusion of ecologic
covariates in the analysis tthan the effect observed at the metropolitan scale. However, the
two scales are not directlyv comparable since data at the county scale was not available for
every county that comprissed the metropolitan areas, therefore, the two analyses represent

slightly different data sets.:.

5.2 Seven-Regzion Analysis

The random efffects model in and of itself is only able to accommodate
dependence amongst obsesrvations within each of the metropolitan areas. In order to deal
with another scale of depeendence, namely that due to broad regional trends, the US was
split into 7 regions using tthe EPA’s airsheds (as interpreted by Samet et al., 2000). Using
ArcView, the metropolitarn areas were matched up with regions and indicator variables
were then assigned to eackh MA (see Figure 5.2). These indicator variables were entered
into the analysis at the ordinary least squares stage.

The regional amalysis could not be conducted with the county data because of
the paucity of counties in the western regions (see Figure 5.3). Only one county is located
in the Southern Californiz region, three in the Southwest, and six in the Northwest, which
is not sufficient for a stablle analysis.

Results

Overall, when tbroad regional trends are controlled for, the all-cause mortality
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RR from sulfates decreases to 1.19 (see Table 5.2). In the regional analysis, while
including SO, still reduces the RR from sulfates down to insignificance, population
change no longer has an impact. In fact, when a variable is introduced which controls for
region, population change no longer has an effect on the relationships between sulfates
and either all-cause or cardiopulmonary mortality (see Tables 5.2 and 5.3). Controlling
for region, however, does not decrease the impact of SO, on the relationship between
sulfates and mortality. Although the other gases have no observable effect on their own,
when they are entered into a model together, they reduce the RR from sulfates on all-
cause mortality from 1.25 to 1.06 (0.90, 1.26). Likewise, with cardiopulmonary mortality
all the gases combined led to a reduction from 1.36 to 1.15 (0.93, 1.42).

The regional adjustment models do offer some control for spatial processes
operating on the scale of the somewhat arbitrarily determined EPA airsheds. The use of
broad regions also represents a rudimentary way of dealing with spatial autocorrelation.
More sophisticated methods of controlling for spatial autocorrelation and of choosing a

more appropriate scale of analysis are outlined in the following chapter.
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Table 5.1. The Two-Stage Method of Random Effects Modeling.

Stage
One Two
Unit of Analysis . Individual . Area
Assumption . Independence of . Clustering of
Observations mortality by area
Dependent Variable . Deaths and times . In area-specific
to death mortality rates
Independent Variable . Individual risk . Place-specific risk
factors factors
Method of Analysis . Cox proportional . Weighted linear
hazards regression
Oﬁtput . Place-specific . Rate ratio estimates
mortality rate of the relative risk
estimates associated with
. Adjusted within place-specific
area variance covariates
estimates
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Table 5.2a. Impact of metropolitan area-specific covariates on the all-cause mortality rate ratio associated

with sulfate exposure, using a two-stage random effects approach.

Independent MAs Regional Adjustment
Sulfate Sulfate with  Covariate Sulfate Sulfate with  Covariate
Ecologic Alone Covariate and Alone Covariate and
Covariate n Sulfates Sulfate
Sulfates Alone 151 1.25%* 1.19
(1.13, 1.37) (1.06, 1.34)
Demographic
Population 139 1.24 l.16** 0.88 1.18 1.17 0.94
Change (1.13, 1.37)  (1.05,1.29) (0.80,0.96) (1.04,1.34) (1.02,1.33) (0.84,1.05)
Race
Whites % 151 1.25 1.27* 1.06 1.19 1.2 1.03
(1.13, 1.37) (1.15,1.39) (099, 1.14) (1.06,1.34) (1.06, 1.36) (0.95, 1.10)
African 151 1.25 1.26** 0.96 1.19 [.19 0.99
Americans % (1.13,1.37) (1.15.1.39) (0.88,1.04) (1.06,1.34) (1.06, 1.35) (0.90, 1.09)
Health Services
Doctors per 138 1.24 1.23** 0.92 1.18 .17 0.93
100000 (1.13, 1.37) (1.12,1.36) (0.84,1.02) (1.04,1.34) (3.04,1.33) (0.85,1.02)
Hospital Beds 139 1.24 [.24%* 1.13 1.18 1.19 1.13
per 10000 (1.13,1.37) (113, 1.36)  (1.02,1.25) (1.04,1.34) (3.05,1.35) (1.02,1.25)
Socio-Economic
High School 151 1.25 1.20** 0.92 1.19 1.16 091
Educated % (1.13,1.37)  (1.08,1.33) (0.82,1.02) (1.06,1.34) (2.02,133) (0.80,1.03)
1979 Mean 151 [.25 1.23*%* 0.91 1.19 1.18 0.9
[ncome (1.13,1.37)  (1.12,1.35) (0.83,0.99) (i.06,1.34) (1.05,1.33) (0.83,0.97)
Poverty Rate 151 1.25 1.25%* 0.97 1.19 1.19 0.99
(1.13,1.37) (1.14,1.37) (0.89,1.05) (1.06,1.34) (1.06,1.34) (0.91, 1.08)
[ncome 151 1.25 1.24* 0.92 [.19 1.19 0.95
[nequality (1.13,1.37)  (1.13,1.36) (0.83.1.01) (1.06, 1.34)  (106,1.34)  (0.86, 1.06)
Unemployment 151 1.25 1.22%* .11 1.19 1.18 1.06
Rate (1.13,1.37) (1.11,1.34) (1.01,1.22) (1.06,1.34) (1.05,1.33) (0.97, 1L.17)
Climate
Mean Maximum 135 1.25 1.23%* 0.94 1.2 1.2 0.98
Temperature (1.13,1.38)  (1.11,1.36) (0.87.1.01) (1.06,1.37) (1.05 1.37) (0.86, 1.13)
Variation in 135 1.25 [.22%* 1.13 1.2 1.18 1.12
Max. Temp. (1.13,1.38)  (1.11.1.35)  (1.03,1.25) (1.06.1.37) (1.08,1.34) (0.99, 1.26)
Mean Relative 95 1.18 1.17** 1.02 1.16 1.15 1.06
Humidity (1.05,1.33) (1.01,1.35) (0.90.1.16) (0.96,1.40) (0.95,1.39) (0.90, 1.24)
Variation in 95 1.18 [.21%* 0.92 1.16 1.16 0.99
Relative (1.05.1.33)  (1.07.1.37) (0.83.1.03) (0.96,1.40) (0.96,1.40) (0.87,1.12)
Humidity ’ I
Physical Environment
Water Hardness 109 1.24 1.24 1.07 1.17 .17 1.05
(1.10, 1.38) (1.11,1.39)  (0.98,1.17y (1.01,1.35) (1.03, 1.33) (0.94, 1.16)
Altitude 110 1.2 1.24%* 1.07 1.12 [.12* 1.06
(1.07, 1.35) (1.09, 1.40) (0.95,1.20) (0.96,1.30) (.96, 1.31) (0.94, 1.21)
Gaseous Co-pollutants
Carbon 107 1.25 [.25%* 0.99 1.18 1.17 1.06
Monoxide (1.14, 1.37) (1.14,1.37)  (0.90,1.09) (1.04,1.34) (1.01,1.36) (0.97, 1.16)
Nitrogen Dioxide 74 1.27 1.27%* 0.93 1.2 1.21 0.94
(1.12, 1.43) (1.13, 1.44) (0.83,1.04) (1.01,1.43) (102, 1.44) (0.82, 1.07)
Ozone 117 1.25 1.26%* 0.93 1.16 1.16 1.02
(1.14, 1.38) (1.15,1.38) (0.84,1.02) (1.03,130) (1.03,1.30) (0.92,1.12)
Sulfur Dioxide 113 1.28 1.13 1.27 1.21 1.1 1.23
(1.16. 1.42) (1.02.1.25)  (1.15.1.40) (1.07.1.37) (0.97. 1.24) (1.11. 1.36)

* The residuals from the bivariate models are spatially autocorrelated at 0.10 confidence using a Moran’s [ test statistic.
** The residuals from the bivariate models are spatially autocorrelated at 0.05 confidence using a Moran’s [ test statistic.

(See chapter 6)
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Table 5.2b. Impact of multiple metropolitan area-specific covariates on the all-cause mortality rate ratio
associated with sulfate exposure, using a two-stage approach.

Ecologic Variables Included Numberof Relative Risk Adjusted Relative Risk From
Covariate MAs from Sulfates Exposure to
Alone
Sulfate SO,
Socio-economic and Demographic Covariates
Independent  Population change, 139 1.24 1.17
MAs Education, (1.13, 1.37) (1.05,1.31)
Unemployment,
Regional Poverty, Income, 139 1.18 1.21
Adjustment Income inequality (1.04, 1.34) (1.06, 1.38)
All Gases
Independent  SO,, NO,, CO, O, 58 1.25 1.05 1.39
MAs (1.10. 1.43) (0.93,1.18) (1.24, 1.55)
Regional 58 1.25 1.06 1.28
Adjustment (1.03, 1.51) (0.90, 1.26) (1.12, 1.46)
All Covariates Which Changed the RR from Sulfates by 25% on their Own
Independent SO, and Population 103 1.28 1.10 1.10
MAs Change (1.16, 1.42) (0.99, 1.22) (0.97, 1.24)
Regional SO, 113 1.21 1.23 1.23
Adjustment (1.07. 1.37) (1.11, 1.37) (1.11, 1.36)

* The residuals are spatially autocorrelated at 0.10 confidence using a Moran’s I test statistic.
** The residuals are spatially autocorrelated at 0.05 confidence using a Moran’s I test statistic. (See
Chapter 6)
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Table 5.3a. Impact of metropolitan area-specific covariates on the cardiopulmonary mortality rate ratio
associated with sulfate exposure, using a two-stage random effects approach.

Independent MAs Regional Adjustment
Sulfate Sulfate with Covariate Sulfate Sulfate Covariate
Ecologic Alone Covariate with Alone
Covariate n Sulfate
Sulfates Alone 151 1.29 1.19
(1.15, 1.46) (1.06, 1.34)
Demographic
Population 139 1.28 1.17** 0.84 [.19 1.16 091
Change (1.13, 1.45) (1.03, 1.33) (0.76,0.94) (1.01,1.40) (098,1.37) (0.78,1.05)
Race
Whites % 151 1.29 [.32%=* 1.07 [.19 1.24 1.03
(1.15, 1.46) (1.17, 1.30) (098, 1.18) (1.06, 1.34) (1.05, 1.46) (0.93, 1.13)
African 151 1.29 1.31** 0.96 1.19 1.22 1.01
Americans % (1.15, 1.46) (1.15, 1.49) (0.86.1.07) (1.06,134) (1.04,144) (0.89,1.14)
Health Services
Doctors per 138 1.28 1.25%* 0.85 1.19 1.17 0.85
100000 (1.13, 1.45) (L.11, 14D (0.75,0.96) (1.01,1.40) (1.00,1.37) (0.76,0.96)
Hospital Beds 139 1.28 1.27%* 1.15 1.19 1.20 [.14
per 10000 (1.13, 1.45) (1.13, 1.44) (1.01,1.30) (1.01,1.40) (1.02,1.41) (0.99, 1.30)
Socio-Economic
High School 151 1.29 [.22%* 1.50 1.19 1.17 0.85
Educated % (1.15. 1.46) (1.06, 1.39) (1.14,1.98) (1.06.1.34) (0.99,1.38) (0.72,1.00)
1979 Mean 151 1.29 1.27%* 0.87 1.19 [.21 0.86
Income (1.15, 1.46) (1.13.1.43) (0.78,0.97) (1.06, 1.34) (1.04, 1.42) (0.77, 0.96)
Poverty Rate 151 1.29 [.29%* 1.00 1.19 1.22 1.04
(1.15, 1.46) (1.14, 1.46) (091, 1.09) (1.06,1.34) (1.03,1.43) (0.93, 1.17)
[ncome 151 1.29 1.29%* 0.94 1.19 1.22 1.00
[nequality (1.15, 1.46) (1.14, 1.46) (0.83, 1.07) (1.06,1.34) (1.04, 1.44) (0.87, 1.16)
Unemployment 151 1.29 [ .24%* [.21 1.19 1.20 115
Rate (1.15, 1.46) (1.10, 1.40) (1.07, 1.36) (1.06, 1.34) (1.02, 1.40) (1.01, 1.30)
Climate
Mean Maximum 133 1.27 [.25%* 0.93 1.21 1.21 0.97
Temperature (1.11, 1.45) (1.09, 1.42) (0.84,1.03) (1.01, 1.44) (1.01, 1.44) (081, 1.I7)
Variation in 135 1.27 1.23%* [.19 1.21 1.17* 1.19
Max. Temp. (1.11, 1.45) (1.08, 1.40) (1.05,1.36) (1.01,1.44) (0.98,1.39) (1.01, 1.39)
Mean Relative 95 1.21 1. 17** 1.05 1.17 [.15 1.11
Humidity (1.03, 1.43) (0.96, 1.43) (0.88, 1.26) (090, 1.51) (0.88,1.39) (0.89, 1.38)
Variation in 95 1.21 1.25%* 0.89 1.17 117 0.97
Relative (1.03,1.43) (1.06,1.48) (0.76,1.03) (0.90,1.51) (0.91,1.52) (081, 1.16)
Humidity 70 122
Physical
Environment
Water Hardness 109 1.26 [.26* [.11 1.13 1.14 1.08
(1.10, 1.44) (1.10, 1.44) (1.00, 1.24) (0.95,1.36) (096, 1.37) (0.95, 1.22)
Altitude 110 1.26 [.28%* 1.04 [.23 1.23 1.01
(1.08. 1.47) (1.09, 1.52) (0.89, 1.22) (0.99,1.52) (099, 1.53) (0.84,1.21)
Gaseous Co-
pollutants
Carbon 107 [.33 1.32%* 0.94 1.23 1.24 0.98
Monoxide (1.19, 1.48) (1.18, 1.48) (0.84, 1.05) (1.06,1.44) (1.06,1.45) (0.88, 1.10)
Nitrogen 74 1.34 1.35%* 0.91 1.31 1.32 092
Dioxide (1.17, 1.54) (1.18, 1.35) (0.81, 1.02) (1.06, 1.61) (1.07,1.62) (0.79, 1.07)
Ozone 117 1.32 [.32%* 0.96 1.18 1.18 1.08
(1.18, 1.48) (1.18, 1.48) (0.85,1.09) (1.02,1.37) (1.01,1.37) (0.96, 1.23)
Sulfur Dioxide 113 1.35 [.18 1.30 1.25 1.12 1.27

(1.19.1.53)  (1.04. 1.34)  (1.16.1.47) (1.07.147) (0.96.1.32) (1.12 1.44)

" The residuals from the bivariate models are spatially autocorrelated at 0.10 confidence using a Moran’s | test statistic.
** The residuals from the bivariate models are spatially autocorrelated at 0.05 confidence using a Moran’s [ test statistic.
(See chapter 6)
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Table 5.3b. Impact of multiple metropolitan area-specific covariates on the cardiopulmonary mortality
rate ratio associated with sulfate exposure, using a two-stage approach.

Ecologic Variables Included Number Relative Risk  Relative Risk From Exposure
Covariate of from Sulfates to
MAs Alone
Sulfate SO,

Socio-economic and Demographic Covariates

Independent Population change, 139 1.28 1.18**

MAs Education, (1.13, 1.45) (1.02, 1.37)
Unemployment,

Regional Poverty, Income, 139 1.19 1.21

Adjustment Income inequality (1.01, 1.40) (1.01, 1.44)
All Gases

Independent S0,, NO,, CO, O, 58 1.31 1.11 1.42
MAs (1.13, 1.52) 0.97,1.27) (1.25, 1.61)

Regional 58 1.36 1.15 1.30
Adjustment (1.08, 1.72) (0.93, 1.42) (1.11, 1.52)

All Covariates Which Changed the RR from Sulfates by 25% on their own
Independent SO,, Population 103 1.34 1.07 1.29

MAs Change and -
Education (1.18,1.51) (0.93, 1.24) (1.14, 1.46)
Regional SO, 113 1.25 1.12 1.18
Adjustment (1.07, 1.47) (0.96, 1.32) (1.08,1.28)

° The residuals are spatially autocorrelated at 0.10 confidence using a Moran’s [ test statistic.
** The residuals are spatially autocorrelated at 0.05 confidence using a Moran’s [ test statistic. (See
chapter 6)



Table 5.4a. Impact of metropolitan area-specific covariates on the lung cancer mortality rate ratio
associated with sulfate exposure, using a two-stage random effects approach.

Independent MAst
Sulfate Alone Sulfate with Covariate with
Ecologic Covariate n Covariate Sulfate
Sulfates Alone 151 1.39
(1.09, 1.75)
Demographic
Population Change 139 1.36 1.36 0.99
(1.07, 1.74) (1.04, 1.77) (0.80, 1.23)
Race
Whites % 151 1.39 1.39 1.02
(1.09, 1.75) (1.09, 1.78) (0.85, 1.22)
African Americans % 151 1.39 1.40 0.96
(1.09, 1.75) (1.10, 1.80) (0.78, 1.18)
Health Services
Doctors per 100000 138 1.36 1.35 0.92
(1.07, 1.73) (1.06, 1.71) (0.72, 1.19)
Hospital Beds per 10000 139 1.36 1.37 0.87
(1.07,1.74) (1.08, 1.75) (0.66, 1.15)
Socio-Economic -
High School Educated % 151 1.39 1.38 1.00
(1.09, 1.75) (1.06, 1.80) (0.75, 1.31)
1979 Mean Income 151 1.39 1.39 1.01
(1.09. 1.75) (1.09, 1.76) (0.82,1.24)
Poverty Rate 151 1.39 1.39 0.99
(1.09, 1.75) (1.09, 1.76) (0.81, 1.20)
Income Inequality 151 1.39 1.38 0.90
(1.09, 1.75) (1.09, 1.75) (0.71, 1.15)
Unemployment Rate 151 1.39 1.34 1.15
(1.09, 1.75) (1.06, 1.71) (0.90, 1.46)
Climate
Mean Maximum Temperature 135 1.44 1.43 0.99
(140, 1.47) (1.12, 1.84) (0.82, 1.21)
Variation in Max. Temp. 135 1.44 1.46 0.92
(1.40, 1.47) (1.14, 1.88) (0.72, 1.18)
Mean Relative Humidity 95 1.51 1.34 1.21
(1.14, 2.00) (0.96, 1.87) (0.90, 1.63)
Variation in Relative 95 1.51 1.47 1.08
Humidity (1.14,2.00) (1.10,1.97) (0.84, 1.40)
Physical Environment
Water Hardness 109 1.42 1.41 0.94
(1.08, 1.86) (1.08, 1.86) (0.75, 1.18)
Altitude 110 1.24 1.13 0.75
(0.95, 1.62) (0.86, 1.50) (0.56, 1.01)
Gaseous Co-pollutants
Carbon Monoxide 107 1.29 1.29 0.83
(1.03, 1.62) (1.03, 1.61) (0.66, 1.03)
Nitrogen Dioxide 74 1.34 1.36 0.88
(1.03. 1.74) (1.04, 1.76) (0.71, 1.10)
Ozone 117 1.32 1.33 0.72
(1.05, 1.64) (1.07, 1.65) (0.57,091)
Sulfur Dioxide 113 1.35 1.39 0.94
(1.08. 1.68) (1.08. 1.81) (0.73. 1.20)

+ Neither the raw lung cancer mortality rates nor the residuals of the independent cities models incorporating spatially
autocorrelated sulfate and covariate values were found to be spatially autocorrelated. Therefore, it was not necessary to
run regionally adjusted or spatially filtered models. (See chapter 6)
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Table 5.4b. Impact of multiple metropolitan area-specific covariates on the lung cancer mortality rate
ratio associated with sulfate exposure, using a two-stage approach.

Ecologic Variables Included Number Relative Risk Relative Risk From
Covariate of from Exposure to
MAs Sulfates
Alone Sulfate SO,

Socio-economic and Demographic Covariates

[ndependent Population change, 139 1.36 1.23
MAs Education, Unemployment,
Poverty, Income, Income (1.07,1.74)  (0.90, 1.68)
inequality
All Gases
Independent SO,, NO,, CO, O; 58 1.48 1.63 0.90
MAs (1.12,1.96) (1.19,2.23) (0.67,1.21)

All Covariates Which Changed the RR from Sulfates by 25% on their Own

Independent Mean Relative Humidity and 68 1.62 1.39
MAs Altitude (1.21,2.16) (0.97,2.01)
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Table 5.5. Impact of county-specific covariates on the all-cause mortality rate ratio associated with
sulfate exposure, using a two-stage approach.

Ecologic Covariate Independent Observations Independent Counties
n Sulfates Ecologic Sulfates Ecologic
Sulfates Alone 132 1.47 1.50%*
(1.32,1.65) (1.30, 1.73)
Demographic Data
Population Change 131 1.35 0.89 1.38%* 0.89
(1.19, 1.54) (0.81, 0.98) (1.20, 1.59) (0.80, 0.99)
Race Data
Whites % 132 1.54 [.11 1.55%* 1.11
(1.37,1.72) (1.02,1.22) (1.37, 1.76) (1.01,1.21)
African Americans % 132 1.55 0.90 1.57%* 0.90
(1.38,1.75) (0.82, 0.98) (1.38,1.78) (0.82, 0.99)
Health Services
Doctors per 100,000 132 1.46 0.93 1.49%* 0.92
(1.31, 1.64) (0.81, 1.06) (1.32,1.68) (0.80, 1.06)
Hospital Beds per 100,000 132 1.47 1.03 1.49%* 1.03
(1.31, 1.64) (0.92, 1.15) (1.32, 1.69) (0.92, 1.16)
Socio-Economic Data
High School Educated 132 1.44 0.97 1.46** 0.96
(1.26, 1.64) (0.88. 1.07) (1.26, 1.68) (0.87,1.07)
Median Income 132 1.48 1.03 1.50%* 1.02
(1.32, 1.66) (0.94, 1.13) (1.33, 1.70) (0.92, 1.14)
Poverty Rate 132 1.50 0.93 1.52%* 0.94
(1.34, 1.68) (0.84,1.04) (1.34, 1.73) (0.84, 1.05)
Gini Coefficient 132 1.50 0.87 1.52%* 0.88
(1.34,1.67) (0.78,0.97) (1.34, 1.71) (0.78, 0.99)
Unemployment Rate 132 1.41 1.08 1.42%* I.11
(1.25,1.59) (0.98,1.19) (1.25, 1.63) (1.00, 1.23)
Co-pollutants
Sulfur Dioxide 132 1.36 1.11 1.38%* 1.12
(1.16, 1.61) (0.97,1.27) (1.16, 1.64) (0.97, 1.28)
Multiple Covariate Analyses
Socio-economic data and 1.30 1.32%*
population change' (1.11, 1.52) (1.12, 1.56)
25%"* 1.35 N/A
(1.19, 1.54)

** The residuals are spatially autocorrelated at 0.05 confidence using a Moran’s [ test statistic.
! Population change, % with high school education, median income, individual poverty rate, Gini coefficient, unemployment rate.
2 population change was the only variable in the independent observations model to effect the RR from sulfates by 25% or more.

No variables effected the sulfate RR by 25% or more in the independent counties model.



Table 5.6. Impact of county-specific covariates on the cardiiopulmonary mortality rate ratio associated

with sulfate exposure, using a two-stage approach.

Ecologic Covariate Independent Observiations Independent Counties
n Sulfates Ecmlogic Sulfates Ecologic
Sulfates Alone 132 1.72 1.75%*
(1.47,2.01) (1.48,2.08)
Demographic Data
Population Change 131 1.52 .85 1.55** 0.84
(1.27, 1.82) (0.725,0.97) (1.28, 1.88) (0.73, 0.97)
Race Data
Whites % 132 1.86 .22 1.87%* 1.22
(1.59, 2.17) (1.088, 1.38) (1.58, 2.22) (1.07, 1.39)
African Americans % 132 1.89 Q.82 1.90** 0.82
(L.61,2.21) (0.733,0.93) (1.60, 2.27) (0.72, 0.93)
Health Services
Doctors per 100,000 132 1.68 Q.78 1.71%* 0.76
(1.44, 1.96) (0.624, 0.94) (1.45, 2.02) (0.62, 0.93)
Hospital Beds per 100,000 132 1.73 Q.93 1.76** 0.92
(1.48, 2.03) (0.7%, 1.09) (1.48, 2.09) (0.79, 1.09)
Socio-Economic Data
High School Educated 132 1.66 Q.95 1.67** 0.93
(1.37,2.00) (0.8, 1.10) (1.36, 2.04) (0.80, 1.08)
Median Income 132 1.74 .08 1.77%* 1.07
(149, 2.04) (0.9%5, 1.24) (1.49,2.11) (0.92, 1.24)
Poverty Rate 132 1.78 .88 1.81** 0.88
(1.52,2.08) (0.7%5, 1.02) (1.52,2.15) (0.75, 1.03)
Gini Coefficient 132 1.77 @.78 1.79%* 0.80
(1.52, 2.05) (0.606,091) (1.51,2.12) (0.68, 0.95)
Unemployment Rate 132 1.52 0.25 1.54%% 1.29
(1.29, 1.80) (1.0%9, 1.43) (1.29, 1.85) (1.12, 1.48)
Co-pollutants
Sulfur Dioxide 132 1.53 I.13 1.54** 1.13
(1.22,1.92) (0.9+3, 1.36) (1.22, 1.95) (0.93, 1.37)
Multiple Covariate
Analyses
Socio-economic data 1.40 1.42
and population change' (1.14, 1.72) (1.14, 1.76)
25%?* 1.41 1.44%*
(1.17,1.70) (1.18,1.75)

** The residuals are spatially autocorrelated at 0.05 confidence using a Mooran’s [ test statistic.
' The variables included in this analysis are: population change, % with hiigh school education, median income, individual poverty
rate, Gini coefficient, unemployment rate.
2 In both the independent observations and the independent counties modex=ls population change and unemployment rate effected
the RR from sulfates by more than 25%.
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6 Spatial Analyses

6.1 Spatial Patterns

While ecologic data may be collected for groups who do not have a specific
location in space, most routinely collected ecologic-level data are collected for specific
areas: census tracts, counties, metropolitan areas, states and countries. To a certain
extent, therefore, studies utilizing ecologic-level covariates simply measure spatial
coincidence, or the degree to which two or more covariates vary together across space. It
is for this reason that an ecologic covariate only needs to be associated with the outcome
of interest and not the exposure to be a potential confounder. Multi-level analyses do not
completely overcome this problem since they still rely on spatial coincidence to establish
associations. However, they have the advantage of controlling for confounding on
different scales through measuring the degree to which covariates vary together at more
than one scale.

Most human processes — economic, industrial, social, cultural — are dispersed
in space in a particular pattern. Because most of these processes are interdependent, they
tend to have similar broad spatial patterns. Physical environmental processes also exhibit
clear spatial patterns. For example, locations within an airshed region will have more
similar air pollutant composition than locations in different airsheds. Whenever a

variable is dispersed over space in a somewhat regular pattern, it is said to be spatially
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autocorrelated (Odland, 1988). In the words of Tobler’s First Law of Geography,
“everything is related to everything else, but near things are more related than distant
things” (cited in Sawada, 1999). In terms of data analysis, when values of a variable are
dispersed in space in a non-random pattern they are considered to be spatially
autocorrelated (see figure 6.1).

Spatial Autocorrelation

It is, in fact, spatial autocorrelation which epidemiologists exploit in ecologic-
level studies. An association is observed between two variables if they vary in space in a
similar way. In other words, if the spatial patterns of each of the variables are similar,
then the variables are thought to be related. Understanding spatial autocorrelation in
ecologic variables can aid investigators in developing hypotheses. If a variable has no
spatial autocorrelation, with no discernable pattern in its spatial distribution, it is unlikely
to be related to a variable with spatial autocorrelation. Spatial autocorrelation tests can be
conducted at different scales. One variable is more likely to be related to another if they
both exhibit spatial autocorrelation at the same scale. However, knowledge of the spatial
autocorrelation of one’s data does not solve all problems. Two unrelated variables could
also have similar patterns as a result of a third unmeasured variable. In this case, the
observed association would be a false one, and the results would be confounded.

While testing individual variables for spatial autocorrelation may help a
researcher to generate hypotheses regarding which variables are related to each other, it is
more common to see residuals of models tested. Finding spatial autocorrelation in the

residuals of an ordinary least squares regression indicates one of three things: that an
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important variable is missing from the model, that the wrong structure has been used, or
that there is systematic measurement error in one or more variables (Miron, 1984). If the
missing variable is a confounding one, its exclusion may lead to biased estimates of the
relative risk from the exposure variable (Miron, 1984). By definition, if spatial
autocorrelation is present, there is spatial dependency in the random error term (Miron
1984). If dependence is present in the random error term some tests of significance may
become unreliable (Miron 1984).

Statistical tests for spatial autocorrelation come from the discipline of
geography, which is centrally concerned with the organization of objects and processes in
space (Odland, 1988). There are two general categories of spatial autocorrelation tests:
global and local. Local tests are not useful to the particular set of research questions
addressed in this thesis as they merely provide a means of determining “hotspots,” or
clusters of high or low values. In ecologic-level studies, which focus on broader spatial
patterns, global spatial autocorrelation tests are appropriate.

A formal statistical test of global spatial autocorrelation is able to answer the
question: is this set of values randomly distributed in space (Odland, 1988)? Spatial
autocorrelation statistics are descriptive statistics which describe the distribution of a
variable in space (Odland 1988). Spatial autocorrelation tests are concerned with the
random error term. They conceptualise the error term as being made up of two parts: one
which varies randomly and is independent and the other which varies across space in a
systematic fashion and is, therefore, dependent on the error terms of spatially adjacent

observations (Miron 1984). Epidemiologists may be more familiar with autocorrelation
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statistics in time series analyses (cf Burnett and Krewski, 1994); however, while the
concepts are similar, some important difference arise due to the two-dimensional
coordinate system used in spatial analyses (Odland 1988).

Spatial autocorrelation statistics are functions of both the values of the data and
the distribution in space of the sample points. In the simplest situation, data will have
been collected in a regular lattice. For example, a soil scientist might take samples of
topsoil at regular intervals in space, forming a grid of known values. However, in the
case of the ACS Study, the data were collected for a set of cities which are situated in
space in an irregular lattice (see Figure 5.2). In other words, the distances and angles
between the points differ. In order to describe this lattice numerically, geographers use
what is called a “spatial weighting function” (Odland, 1988) which assigns weights to
pairs of values based on their relative location. In its simplest form, the analyst specifies
a distance (or scale) at which she would like to measure spatial autocorrelation. The
weighting function would then assign a weight of O to all pairs that are further apart in
space than that distance and a value of 1 to all pairs which fell within that distance from
each other. In this way, only those pairs of points within the chosen distance are included
in the calculation of the statistic.

While there are a number of different spatial autocorrelation statistics, this
analysis made use of Moran’s I statistic, which is based on the covariance amongst values
distributed in space (Getis, 1995). Like all spatial autocorrelation statistics, Moran’s [ is

based on a matrix cross-product (Sawada, 1999):
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Here, i and ; are two points and x is the variable of interest.
i=n j=n

ZZ W,( xX.—X )( X~ X ) is the sum of the cross-product of the spatial weighting

i=l j=1

function, W;, which is made up of Os and 1s, and the matrix of the pair-wise products of
the difference of the values of variable x at two points (i and ;) from the mean value of all
the points. The sum of the cross-products is then divided by the sum of the squared
difference of the value of x at each point from the mean value. Then this entire term is
weighted by the ratio of the number of points to the number of pairs which meet the
distance criteria.

Moran’s I ranges from 1, which indicates very strong positive spatial
autocorrelation, to -1, which indicates very strong negative spatial autocorrelation.
Positive spatial autocorrelation occurs when like values are grouped (see Figure 6.1 for a
simplified diagram of different spatial autocorrelation cases). Negative spatial
autocorrelation involves a pattern in which unlike values are grouped. A Moran’s I
approaching zero indicates a random pattern. Sawada in the University of Ottawa’s
department of geography has developed an Excel macro which calculates both the
Moran’s I and Z-values for data sets with spatial dimensions to them (Sawada, 1999).

Analysts can specify any distance at which to calculate the Moran’s I. This distance is
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called the lag distance and is used to determine which pairs of points are to be included in
the calculation of the Moran’s I. In other words, the lag distance is the distance used in
deriving the spatial weights for pairs of points (see above). It is the scale at which the
spatial autocorrelation test is being conducted.

One weakness in Moran’s I is that it is not able to discriminate between
patterns in which high values dominate from patterns in which low values dominate.
Further, it is poor at discriminating between a random pattern and one in which there is
little variation in the values from the mean (Getis and Ord, 1992).

All ecologic covariates, including pollution values and relative risks, were
tested for spatial autocorrelation. Tests for spatial autocorrelation were also conducted on

the residuals of all the multivariate analyses conducted for this thesis.

6.2 Filtered Analyses

While spatial autocorrelation can lead to biased estimates and unreliable tests
of significance, it is not a problem in and of itself. Rather, it is an indication that there is
a problem in the analysis: an important ecologic variable has been omitted, the model
structure is incorrect, or there is systematic measurement error present in one of the
variables (Miron 1984). Ideally, therefore, spatial autocorrelation should be dealt with by
addressing these three problems.

However, if the spatial autocorrelation is due to measurement error, it may not
be possible to correct for it at the time the analysis has begun. It may also be undesirable

to change the structure of the model because that may complicate things in such a way
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that it is difficult to interpret the results meaningfully (Getis, 1995). In some cases
spatial autocorrelation cannot be removed from a model through introducing an omitted
variable simply because no data are available for that variable. There are many spatial
processes at work at different scales which can influence mortality. The question in this
thesis, from a population health perspective, is what is the contribution that air pollution
makes to mortality above and beyond the contribution of all other variables.

Controlling spatial autocorrelation can help investigators examine how strong
the association between air pollution and mortality is when all extraneous spatial
processes are controlled for. In effect, removing spatial autocorrelation is an attempt to
remove the broader spatial patterns that can drive a regression model to the point that
what is merely a coincidence of shared space appears to be an epidemiologic relationship.
Once these broad common trends are removed, the remaining finer-grained variability can
better reveal whether two variables are indeed related. Of course, removing the broad
trends means that relationships that operate at this scale will not be detectable. It should
be noted, that while correcting for spatial autocorrelation removes spatial dependencies,
filtering out the spatial autocorrelation cannot identify biases (Miron 1984).

Getis (1995) has developed a method of filtering out spatial autocorrelation
when it cannot be corrected for. Getis proposes removing all spatial dependence from
both the independent and dependent variables before regressing them. Once this is done,
ordinary least squares regression can be conducted, since the error terms should no longer
be spatially autocorrelated.

Getis’ method of filtering is based on the G,(d) statistic, which measures the
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concentration of the sum of values (not the variation as in the Moran’s I) within the area
being studied (Getis 1995). In other words, it gives the proportion of the entire summed
values within a specified distance from each point. The Getis statistic for point i at a

particular distance (d) for variable x is given by:

zw,.j(d)xj
G.(d)=L— LT

X

j=1

Where, similar to the Moran’s I, w; is a spatial weight function where ones are assigned
to all points j within distance d of point i and zeros are assigned to all the others outside
this distance (points are not compared to themselives so j cannot equal / in this equation).
x; is the value of the variable at pointj. This statistic is then compared to what would be
expected if the x values were distributed randomly in the same spatial configuration. The

expected value of the Getis statistic at distance d for point i is given as follows:

Getis suggests using G;(d) to extract from each of the variables that which
“embodies” spatial dependence. Getis suggests including in subsequent regression

models both the pure spatial autocorrelation component of the variable and the
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component from which the spatial autocorrelation has been removed. However, the
spatially autocorrelated component of the original variable was discarded for the purposes
of this thesis as the unmeasured spatial processes can be adequately controlled for
through including only the filtered part of the variables.

Filtering is achieved by determining the degree of dissimilarity between the
expected proportion of the sum of the value at distance d from point i to the actual
proportion (excluding the value at point i itself). The filtered variable values x; are thus
given by,

- x(E@G))
X =7 G(d)

The challenge in filtering out spatial autocorrelation is to determine the best
distance d. A distance should be chosen so that when regressions are run with the filtered
variables, no spatial autocorrelation can be detected in the residuals (Getis 1995). The
choice of a distance for filtering is more of an art than a science. Generally, the distance
at which the spatial autocorrelation begins to level off in a semivariogram® (the sill) is
used as the starting point for determining 4. In Figure 6.3, which shows the

semivariogram for all cause mortality in MAs, the semivariance increases sharply and

ZA semivariogram is a graph which compares the semivariance of the values of points at
different distances (or lags) from each other. Generally semivariance increases as points at a greater
distance from each other are assessed until a certain point (the sill) when the semivariance levels off. This
implies that points that are closer together are more similar than those which are farther apart and is an
indication that spatial autocorrelation is present in the data. GS+ software was used to generate the
semivariogram shown in Figure 6.3.
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steadily from O km to approximately 600 km. After this point the semivariance does not
show such a clear cut trend and, in fact, appears to level off. The point at which
semivariance levels off is called the sill. The observed sill was used as the starting point
for testing for spatial autocorrelation. In the case of all cause mortality, filtering at a d of
600 km removed the spatial autocorrelation, however, in cases where spatial
autocorrelation persisted, a new distance of 50 km more or less was tried and so on until
an appropriate d was determined. |

Filtered variables were then entered into random effects models outlined in the

previous chapter.

6.3 Results of Filtering

Spatial Autocorrelation in Individual Covariates

Before discussing the degree of spatial autocorrelation found in the individual
covariates, some comment on the distribution of points in this study is warranted. The
151 metropolitan areas were spread over the entire United States, with the majority being
located in the Eastern half of the country. Although the metropolitan areas are in fact
polygons, they were converted into point data for the purposes of the spatial analysis.
This was done using an ArcView macro which calculated the geographical centroids of
the MA polygons. The nearest two points in this irregular lattice were slightly more than
9 km apart. On average, points were 111 km distant from their nearest neighbour, and
were as far as 578 km from the next closest study city. As can be seen, the MAs are more

densely clustered in the New England area, and are quite far apart in the West and Mid-
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west. This is far from an ideal pattern, since spatial autocorrelation at distance d will be
calculated over a greater number of data points in the East than in the West. Sulfates and
mortality are also higher in East than in the West as well which may mean that tests for
spatial autocorrelation of lower values of sulfates and lower mortality rates are less
reliable than tests at the higher levels.

All of the relative risks produced for the random effects analysis and each of
the ecologic covariates, including sulfates, were tested for spatial autocorrelation at a
range of distances from 50km to 5000km at 50km intervals. The resulting Moran’s I’s
show at what scale the proximity ceases to be a predictor of the variable in question.
Lung cancer did not demonstrate any spatial autocorrelation and is thus not likely to be
affected by any processes which operate at scales larger than a metropolitan area.
Therefore, no further spatial analyses were done with lung cancer. Four covariates
(number of physicians per 100,000 population, mean income, poverty rate and ozone)
also showed no sign of spatial autocorrelation at distances of 50km or greater.

Filtered Variables Compared to Raw Variables

For the metropolitan-area analyses, descriptive statistics are provided for both
raw and filtered data. Four variables were found to exhibit no spatial autocbrrelation in
their raw form (mean income, number of doctors per 100,000, poverty index and ozone)
and were therefore not filtered. Of the spatially autocorrelated variables, it was not
possible to eliminate spatial autocorrelation in mean maximum temperature, carbon
monoxide and nitrogen dioxide through filtering, precluding their use in the filtered

analyses. In most cases, filtering the data resulted in only minor changes to the range of
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the ecologic covariate and to its correlation with sulfate air pollution. However, for two
ecologic covariates, population change and mean relative humidity, filtering has an
appreciable impact on their range and correlation with sulfates (see Table 6.1).

For the most part, the raw variables are highly correlated with their filtered
counterpart, with coefficients of 80% or more. However, raw population change and raw
mean relative humidity are weakly correlated with their filtered counterparts (7% and 6%
respectively). This is because the two variables in raw form demonstrated a high degree
of spatial autocorrelation which was then removed by filtering. The high level of spatial
autocorrelation in population change is likely due to the regional patterns of economic
growth in the US. The West is booming with high tech industry and the older industries
of the East, particularly in the Ohio Valley are dwiﬁdling so people are moving from East
to West.

Filtering also changed the correlation between these two variables and other
variables. For example, the correlation between population change and raw sulfates is -
40% before filtering and 2% after filtering. Similarly the correlation between mean
relative humidity and sulfates is 59% before filtering and -12% after filtering. In general,
the correlations between filtered variables are lower than those between unfiltered
variables, since the spatial filtering process removes the correlation between ecologic-

level variables attributable to broad spatial patterns.
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6.4 Results of Residual Tests

Previously Reported MA Models

The random effects models outlined in the previous chapter used variables
which are spatially autocorrelated. This is not a problem unless the residuals of these
models are also spatially autocorrelated. It can be seen in Tables 5.1 and 5.2 that the vast
majority of the independent MAs models do have spatially autocorrelated residuals at a
distance of 600km. The notable exceptions are the all-cause and cardiopulmonary models
including SO, and the all-cause model including water hardness. The lung cancer models
were not tested for spatial autocorrelation because the independent variable was not
spatially autocorrelated. Unlike the two covariate models, very few of the multiple
ecologic covariate models had spatially autocorrelated residuals.

With a few exceptions, all of the spatial autocorrelation was eliminated in the
sulfate models when broad regions were controlled for through the inclusion of indicator
variables. A comparison of Figures 5.2 and 6.4 reveals that the EPA regions are of a
similar size to the search circle of 600km radius used in calculating Moran’s I. The
residuals of the altitude and all-cause mortality and variation in maximum temperature
and cardiopulmonary mortality models continued to show spatial autocorrelation at 0.10
level of confidence. This may be due to the small number of MAs included in these
models, so that the number of points in each of the regions became too small to be stable.

Previously Reported County Models

Significant spatial autocorrelation was also detected in the Independent

Counties models for both all-cause mortality and cardiopulmonary mortality. Spatial
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autocorrelation that was significant at 0.05 level of significance was found in the
residuals of the model containing only sulfates, as well as in the residuals of all the
models with sulfates and an ecologic covariate. Unlike the Metropolitan-scale models,
the inclusion of sulfur dioxide did not remove the spatial autocorrelation.

Because the counties with air pollution monitors and ACS participants are
concentrated in the Eastern US, I was unable to derive a suitable matrix to enable the
spatial filtering of the county-scale data. Therefore, at the county-scale, it is not possible
to calculate estimates of the risk posed by sulfate air pollution on all-cause or

cardiopulmonary mortality with spatial filtering techniques.

6.5 Results of Metropolitan Analysis With Filtered Variables

While the regional adjustment model adjusts for omitted variable(s) that
operate within the boundaries of the EPA airshed regions, the filtered variable analysis
allows for the control of processes which operate on the basis of proximity. Filtering
further reduced the RR from sulfates (see Tables 6.3 and 6.4) to 1.09 (1.01, 1.19) for all-
cause mortality and 1.13 (1.01, 1.27) for cardiopulmonary mortality (as compared to 1.25
and 1.29, respectively, in the independent cities model). However, it also rendered the
RR for sulfates more robust to the inclusion of other covariates. Nevertheless, SO, still
had the largest effect, reducing the sulfate RR to 1.05 (0.97 - 1.14) for all-cause and 1.10

(0.99 - 1.22) for cardiopulmonary mortality.
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Table 6.3a A comparison of using raw data versus using spatially filtered data in assessing the impact of
metropolitan area-specific covariates on all-cause mortality rate ratio associated with sulfate exposure.

Ecologic Covariates Independent MAs Spatial Filtering
Sulfate Covariate Sulfate Covariate
Sulfates Alone 1.25%* 1.09
(1.13,1.37) (1.01, 1.19)
Demographic
Population Change 1.16** 0.88 1.1 1.02
(1.05, 1.29) (0.80, 0.96) (1.00, 1.20) (0.86, 1.22)
Race
Whites % 1.27* 1.06 1.1 1.03
(1.15, 1.39) (0.99, 1.14) (1.01, 1.20) (095, 1.11)
African Americans % 1.26%* 0.96 1.1 0.99
(1.15,1.39) (0.88, 1.04) (1.01, 1.20) (0.93, 1.05)
Health Services
Doctors per 100000 1.23%* 0.92 1.09 0.94§
(1.12,1.36) (0.84, 1.02) (1.00, 1.19) (0.86, 1.03)
Hospital Beds per 10000 1.24%* 1.13 1.09 1.08
(1.13,1.36) (1.02, 1.25) (1.00, 1.19) (0.99, 1.17)
Socio-Economic
High School Educated % 1.20%* 0.92 1.07 0.92
(1.08, 1.33) (0.82,1.02) 0.98, 1.17) (0.83, 1.02)
1979 Mean Income 1.23*%* 0.91 1.09 091§
(1.12, 1.35) (0.83,0.99) (1.00, 1.18) (0.84,0.98)
Poverty Rate 1.25%* 0.97 1.09 1.01§
(1.14,1.37) (0.89, 1.05) (1.00, 1.18) (0.94, 1.09)
Income Inequality 1.24* 0.92 1.1 0.96
(1.13,1.36) (0.83,1.01) (1.01, 1.19) (0.88, 1.06)
Unemployment Rate 1.22%* 1.11 1.08 1.08
(1.11, 1.34) (1.01, 1.22) (1.00, 1.18) (0.98, 1.19)
Climate
Mean Maximum 1.23%* 0.94 1.09 0.95
Temperature (1.11, 1.36) (0.87, 1.01) (1.00, 1.19) (0.40, 2.26)
Variation in Max. Temp. 1.22%%* 1.13 1.08 1.07
(1.11, 1.35) (1.03, 1.25) (0.99, 1.18) (0.96, 1.19)
Mean Relative Humidity 1.17** 1.02 1.12 1.1
(1.01, 1.35) (0.90, 1.16) 0.99, 1.26) (1.03, 1.18)
Variation in Relative 1.21%* 0.92 1.09 0.96
Humidity (1.07,1.37) (0.83, 1.03) (0.96, 1.24) (0.86, 1.08)
Physical Environment
Water Hardness 1.24 1.07 1.08 1.08
(1.11, 1.39) (098, 1.17) (0.98, 1.19) (098, 1.20)
Elevation 1.24** 1.07 1.08 1.05
(1.09, 1.40) (0.95, 1.20) (0.97, 1.19) (0.95, 1.17)
Gaseous Co-pollutants
Carbon Monoxide 1.25%* 0.99 Not possible to remove spatial
(1.14, 1.37) (0.90, 1.09) autocorrelation in these
Nitrogen Dioxide 1.27%* 0.93 covariates
(1.13,1.44) (0.83, 1.04)
Ozone 1.26%** 0.93 1.08 0.96§
(1.15,1.38) (0.84, 1.02) (1.00, 1.18) (0.87, 1.05)
Sulfur Dioxide 1.13 1.27 1.05 1.19
(1.02. 1.25) (1.15. 1.40) (0.97. 1.14) (1.10. 1.29)

* The residuals are spatially autocorrelated at 0.10 confidence using a Moran’s [ test statistic.
** The residuals are spatially autocorrelated at 0.05 confidence using a Moran’s [ test statistic.

§ There was no evidence of spatial autocorrelation found in the original for these variables, therefore they were not filtered.



Table 6.3b A comparison of using raw data versus using spatially filtered data in assessing the impact of
multiple metropolitan area-specific covariates on the all-cause mortality rate ratio associated with
sulfate exposure.

Ecologic Variables Included Number Relative Risk Adjusted Relative Risk From
Covariate of from Exposure to
MAs Sulfates
Alone Sulfate SO,

Socio-economic and Demographic Covariates

Independent  Population change, 139 1.24 1.17
MAs Education, (1.13, 1.37) (1.05,1.31)
Unemployment,
Spatial Poverty, Income, 139 1.11 I.11*
Filtering Income inequality (1.01, 1.21) (1.01, 1.21)
All Gases
Independent SO,, NO,, CO, O, 58 1.25 1.05 1.39
MAs (1.10, 1.43) (0.93, 1.18) (1.24, 1.55)
Spatial SO,, O, 102 1.09 1.05 1.19
Filtering (0.99, 1.19) (0.96, 1.14) (1.09, 1.29)

All Covariates Which Changed the RR from Sulfates by 25% on their Own

Independent SO, and Population 103 1.28 1.10 1.10
MAs Change (1.16, 1.42) (0.99, 1.22) (0.97, 1.24)
Spatial SO,, Altitude, Mean 50 1.05 1.09 1.07
Filtering Relative Humidity, (091, 1.22) (0.94, 1.26) 0.95, 1.22)
Education

° The residuals are spatially autocorrelated at 0.10 confidence using a Moran’s [ test statistic.
** The residuals are spatially autocorrelated at 0.05 confidence using a Moran’s I test statistic. (See
Chapter 6)

118



Table 6.4a A comparison of using raw data versus using spatially filtered data in assessing the impact
of metropolitan area-specific covariates on the cardiopulmonary mortality rate ratio associated with

sulfates.
Independent MAs Spatial Filtering
Sulfate Covariate Sulfate Covariate
Sulfates Alone 1.29 1.13
(1.15, 1.46) (1.01, 1.27)
Demographic
Population Change 1.17** 0.84 1.12 1.08
(1.03, 1.33) (0.76,0.94) (1.00, 1.25) (0.85, 1.37)
Race
Whites % 1.32%* 1.07 1.14 1.04
(1.17, 1.50) (098, 1.18) (1.02, 1.28) (0.94, 1.16)
African Americans % 1.31%* 0.96 1.14 0.99
(1.15, 1.49) (0.86, 1.07) (1.01, 1.28) (091, 1.07)
Health Services
Doctors per 100000 1.25%* 0.85 1.10 0.85§
(1.11, 1.41) (0.75, 0.96) (0.98, 1.23) (0.76, 0.96)
Hospital Beds per 1.27%* 1.15 1.11 1.08
10000 (1.13, 1.44) (1.01, 1.30) (0.99, 1.25) (0.96, 1.20)
Socio-Economic
High School Educated 1.22%* 1.50 1.08 0.86
% (1.06, 1.39) (1.14, 1.98) (0.96, 1.22) (0.74, 0.99)
1979 Mean Income 1.27** 0.87 1.13 1.00 §
(1.13, 1.43) (0.78, 0.97) (1.01, 1.26) (1.00, 1.00)
Poverty Rate 1.29%* 1.00 1.12 1.00 §
(1.14, 1.46) (091, 1.09) (1.00, 1.26) (1.00, 1.00)
Income Inequality 1.29%* 0.94 1.16 1.02
(1.14, 1.46) (0.83, 1.07) (1.03, 1.30) (0.90, 1.16)
Unemployment Rate 1.24%* 1.21 1.10 1.19
(1.10, 1.40) (1.07,1.36) (0.99, 1.23) (1.05, 1.36)
Climate
Mean Maximum 1.25%* 0.93 1.12 0.94
Temperature (1.09, 1.42) (0.84, 1.03) (0.99, 1.26) (0.83, 1.06)
Variation in Max. 1.23%* 1.19 1.10 1.11
Temp. (1.08, 1.40) (1.05,1.36) (0.97, 1.24) (0.96, 1.28)
Mean Relative 1.17** 1.05 1.10 1.09
Humidity (0.96, 1.43) (0.88, 1.26) (091, 1.31) (0.98, 1.20)
Variation in Relative 1.25%* 0.89 1.09 0.93
Humidity (1.06, 1.48) (0.76, 1.03) (0.90, 1.31) (0.79, 1.09)
Physical Environment
Water Hardness 1.26* 1.11 1.11 1.11
(1.10, 1.44) (1.00, 1.24) (0.98, 1.26) (0.97, 1.26)
Elevation 1.28** 1.04 1.12 1.02
(1.09, 1.52) (0.89, 1.22) (0.96, 1.29) (0.88,1.19)
Gaseous Co-pollutants
Carbon Monoxide 1.32%* 0.94 Not possible to remove spatial
(1.18, 1.48) (0.84, 1.05) autocorrelation in these
Nitrogen Dioxide 1.35%* 0.91 covariates
(1.18,1.55) (0.81, 1.02) ’
Ozone 1.32%* 0.96 1.13 0.99 §
(1.18, 1.48) (0.85, 1.09) (101, 1.26) (0.88, 1.12)
Sulfur Dioxide 1.18 1.30 1.10 1.23
(1.04, 1.34) (1.16. 1.47) (0.99. 1.22) (1.11. 1.37)

* The residuals are spatially autocorrelated at 0.10 confidence using a Moran’s [ test statistic.
** The residuals are spatially autocorrelated at 0.05 confidence using a Moran’s I test statistic.

§ There was no evidence of spatial autocorrelation found in the original for these variables, therefore they were not filtered.



Table 6.4b A comparison of using raw data versus using spatially filtered data in assessing the impact of

multiple metropolitan area-specific covariates on the cardiopulmonary mortality rate ratio associated

with sulfate exposure.
Ecologic Variables Included  Number Relative Risk  Relative Risk From Exposure to
Covariate of from
MAs Sulfates Sulfate SO,
Alone
Socio-economic and Demographic Covariates
Independent  Population change, 139 1.28 1.18**
MAs Education, (1.13, 1.45) (1.02, 1.37)
Unemployment,
Spatial Poverty, Income, 139 1.12 1.12
Filtering Income inequality (1.00, 1.26) (0.99, 1.27)
All Gases
Independent SO,, NO,, CO, O, 58 1.31 1.11 1.42
Cities (1.13, 1.52) 0.97,1.27) (1.25, 1.61)
Spatial SO,, O, 102 1.14 1.10 1.33
Filtering (1.02, 1.28) (0.99, 1.23) (1.17, 1.51)
All Covariates Which Changed the RR from Sulfates by 25% on their own
Independent SO,, Population 103 1.34 1.07 1.29
Cities Change and
Education (1.18, 1.51) (0.93,1.24) (1.14, 1.46)
Spatial 72 1.10 1.20 1.19
Filtering (0.92, 1.31) (1.01, 1.43) (1.02, 1.38)

* The residuals are spatially autocorrelated at 0.10 confidence using a Moran’s [ test statistic.
** The residuals are spatially autocorrelated at 0.05 confidence using a Moran's [ test statistic. (See

chapter 6)
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Positive Negative No Spatial Autocorrelation

Figure 6.1 Examples of different types of spatial autocorrelation as measured by a
Moran’s I statistic.
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7. Discussion

This thesis examines the truism that people are exposed to factors that impact
their health in space, and that in a population health approach, epidemiology needs to pay
more attention to space in order to understand disease. Medical geography — a discipline
which, amongst other things, explores issues, of place, scale and patterns of influence in
the context of health — is “concerned with the ways human behaviour, in its cultural and
socioeconomic context, interacts with environmental conditions to produce or prevent
disease among susceptible people” (Meade et al., 1988, p. 29).

In a sense, epidemiology’s classic triangle of causation and confounding fits
within the broader context outlined by Meade (see figure 7.1). The medical geography
triangle is similar to the determinants of health approach to population health. Within
each of the vertices of the second triangle, an investigator might find both relevant
exposures and confounders. Every study of the risks presented by a particular exposure is
done within the context of this broader framework of multiple causal factors for disease.
By remembering that studies are located within this larger framework, it becomes easier
to understand that space plays a part in most research, as two out of the three vertices

involve exposures in space.
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7.1 Place-specific Attributes

Within the discipline of geography, a great deal of qualitative research has been
done into the impact places have on their inhabitants (cf. Willis, 1997; Pile, 1996;
Duncan 1996, Keith and Pile 1993). Some of this work has come to the conclusion that
places in apd of themselves can negatively impact upon people’s psycho-social well-
being (cf. Sibley, 1995; Parr and Philo, 1995). Quantitative research in various fields has
also delved into these issues (cf. Wilkinson, 1996). For the most part, however,
epidemiologists have not embraced the concept of place in their quantitative research.

Many epidemiologists dismiss ecologic-level studies because of the so-called
ecologic fallacy (cf. Morgenstern, 1998). However, if a population health approach is to
be taken in epidemiology, investigators must accept that a legitimate area of research is
how truly ecologic-level covariates (ones which are, in the words of Susser, integral or
contextual) affect people’s health. In this thesis, I have used the term place-specific
ecologic-level covariates to differentiate contextual and integral variables that refer to
attributes of geographic areas from ecologic-level variables in general.

This thesis has shown that place-specific social and environmental covariates,
not to mention sulfates, can influence health outcomes at the individual level. At the
metropolitan scale, a series of place-specific covariates were investigated as potential
confounders. These variables were chosen from both the individuals’ physical
environment as well as from their socio-economic context (see Figure 7.1). When the
covariates were individually entered into Cox proportional hazards regression models that

include only sulfates, a few appeared to change the RR of mortality from sulfate exposure
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(see Figure 7.2). For all-cause mortality and cardiopulmonary mortality, only sulfur
dioxide and population change reduced the RR from sulfates to any great extent. Lung
cancer mortality was a little different, with relative humidity and altitude causing the
greatest decrease in risk. In the latter case, humidity, altitude and ozone were the only
place-specific variables which had a significant RR on their own.

For all-cause and cardiopulmonary mortality, a large number of place-specific
covariates had significant relative risks on their own. While most of the relative risks
were in the expected direction, a few covariates performed contrary to expectation.
Using a Cox regression model, income disparity, which has been widely found to be
positively associated with mortality (see Wilkinson, 1996, for an overview of these
studies), was found to be negatively associated with all-cause and cardiopulmonary
mortality.

There are several potential explanations as to why, for the set of people in this
cohort, income inequality appears to be protective. Since the other studies on income
inequality examined in chapter 2 were done entirely at the ecological level, it is possible
that the results are biased by a lack of control for the individual-level covariates that this
study was able to take into account, such as smoking and alcohol consumption. Itis also
possible that the selection of metropolitan areas somehow affected the results. The RR of
all-cause mortality from sulfates alone varied from 1.09 to 1.16 depending upon which
sub-cohort of metropolitan areas was used. Another possible explanation stems from the
make-up of the ACS cohort itself. As stated earlier, the members of the cohort were

recruited by volunteers; they were not chosen randomly from a well-defined sampling
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frame. The ACS cohort members in each metropolitan area are largely more educated
than the general population (as measured in the 1980 census) and white people are over-
represented (see Figures 7.3 and 7.4). The studies which have found income inequality to
be positively associated with adverse health effects used the general population.
Wilkinson (1996) postulates that income inequality causes health problems through
psychosocial mechanisms, whereby the poorer segments of society suffer from stress and
low self-esteem through being reminded of their lower status in comparison to the richer
elements in their community. Perhaps the converse is true, that the well-off people have
lowered stress and inflated self-esteem through being reminded of their higher status in
comparison to the poorer people. It is conceivable that for well-educated white
Americans, the income inequality of the place in which they live is actually protective.

The effect of the subset of cities on the observed effect of sulfates on mortality
warrants some further discussion. The choice of places to study likely changes the
observed relationship because of the distribution of sulfates over the US. The Re-analysis
Team found some indication of a dose response relationship between sulfates and
mortality (Health Effects Institute, 2000). If a subset of cities in which lower levels of
sulfates are over represented is used, one would expect the observed risk to be lower.
Added to this is the fact that in a smaller sample the power is diminished, making it even
more difficult to detect these small effects. For these two reasons, subsets of the 151
cities for which sulfate data are available may demonstrate different relationships
between sulfates and mortality.

Nitrogen dioxide and water hardness were also found to have an opposite
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association than was expected. In chapter 2 I discussed my misgivings about including
the gaseous co-pollutants as I felt they were too heterogeneous over metropolitan areas to
be considered integral variables. In hindsight it was useful to include them because they
have behaved as anticipated. Elsom (1992) review a large amount of literature that link
nitrogen dioxide to health effects. Elsom also discusses the dispersion of nitrogen
dioxide, namely that it varies over relatively small areas. What happens when a variable
which varies over an area is treated as if it is an integral exposure to residents of that
area? It behaves contrary to expectation. So even though there is a good deal of evidence
that nitrogen dioxide is related to health effects, when it is measured at an inappropriate
scale an inverse relationship is seen. The same process is likely at work with water
hardness. Indeed, previous studies have demonstrated that the scale of analysis has a
dramatic effect on the findings (Borgman, 1985; Sharrett, 1981; Comstock, 1979; Neri
and Johansen, 1978).

Of course, the final potential explanation for these discrepancies is that there is
a certain bias inherent to treating an ecologic-level variable as an individual-level
variable. For one thing, while there are only 151 metropolitan areas, by assigning each of
the 552,138 cohort members an individual value for the ecologic covariate, the analysis
overstates the effective sample size, and correspondingly, the statistical significance of
the results.

Indeed, when the place-specific covariates are more appropriately entered into
the two-stage analysis as ecologic-level variables, fewer were found to be significantly

associated with mortality. In fact, for lung cancer, ozone is the only place-specific
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variable other than sulfates itself to have a significant rate ratio. Sulfur dioxide and
population change continue to lower the effect of sulfates on both all-cause and
cardiopulmonary mortality, but no longer reduce the sulfate RR to the point of
insignificance. Education also decreases the RR of cardiopulmonary mortality from
sulfates by more than 25%, although it does not affect all-cause mortality to the same
extent.

Population change was conceived as a variable to measure the point on the
economic boom and bust cycle that a particular area was in during the early 1980s.
However, during this time, the economic health of a region was heavily tied into the type
of industry that predominated. Those areas with high tech industry were experiencing
growth, while those areas with heavy manufacturing were experiencing a decline.
Unfortunately, these two types of technology also differ greatly in terms of their polluting
emissions. Indeed population change at the MA scale is negatively correlated with both
sulfur dioxide and sulfates at about 40%. Although 40% is not considered high enough to
preclude using both variables in a regression analysis, to some extent they may be
measuring the same thing. To exacerbate the problem, movers tend to be healthier that
non-movers. Therefore, negative population growth may also indicate an increase in the
relative proportion of individuals who are vulnerable to the effects of exposure to ambient
air pollution.

The regional analyses give further clues as to why population change has such
a powerful effect on mortality risk. Once an indicator variable is introduced that

measures the broad region into which an MA fits, population change no longer poses a
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significant mortality risk, nor does it change the RR from sulfates to any great extent.
Region and population change apparently measure the same thing. It would appear that
along with everything else population change measures, it also serves, in part, as an
indicator of region itself. However, since the residuals from the independent MAs model
with population change and sulfates were significantly spatially autocorrelated and the
residuals from the model with sulfates alone and the regional indicator were not, the EPA
airshed regions appear to provide a better means of controlling broad spatial patterns than
population change. However, both reduced the sulfate effect by approximately the same
amount.

That population change exhibits a strong spatial pattern is confirmed by
filtering the data. In fact, so much of population change is spatially dependent, that its
filtered and unfiltered values are only 7% correlated. The only other variable to exhibit
such a change was relative humidity. Interestingly, when spatial autocorrelation is
removed using the more sophisticated filtering methods (as opposed to the regional
indicators), more place-specific variables reduce the rate ratio from sulfates by 25% or
more (see Figure 7.5). Mean relative humidity, sulfur dioxide and education all change
the RR of both all-cause and cardiopulmonary mortality by at least 25%, while altitude
also affects the RR of all-cause mortality, and variation in relative humidity affects the
RR of cardiopulmonary mortality.

Spatial filtering removes the broad regional trends in the data, leaving behind
the finer-grained changes in a variable’s values. The fact that more covariates change the

sulfate effect by 25% or more after filtering (and even more reduce the sulfate RR to the
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point of insignificance) indicates that at least part of the sulfate effect seen earlier (in the
two-stage analysis for example), was due to the coincidence of broad spatial trends in
data.

When the scale of measurement was changed from MAs to counties, the rate
ratio of either all-cause or cardiopulmonary mortality from sulfate exposure became more
robust to the inclusion of place-specific ecologic-level covariates. In fact, when sulfates
were included in the two-stage regression model for all-cause mortality, all of the
ecologic variables were either not significant or barely significant (with a lower 95%
confidence limit near 0.99 or 1.00) and no ecologic covariate changed the RR from
sulfates by 25% or more. In contrast to the metropolitan-scale analysis, sulfur dioxide is
not significantly associated with all-cause mortality when sulfates are included in the
model. However, it is still one of the two variables (the other being population change)
that have the greatest impact on the RR from sulfates.

At the county scale there are two ecologic-level variables that decrease the RR
of cardiopulmonary mortality associated with sulfates by 25% or more: population change
and the unemployment rate. Because of the spatial arrangement of counties, it was not
possible to do either a regional or filtered analysis at the county scale. However,
assuming that population change exhibits similar characteristics at the county scale as at
the MA scale, it is most likely operating as an indicator of region again here.

It appears that the unemployment rate, which is measuring the place-specific
construct of employment insecurity, partially confounds the relationship between sulfate

exposure and cardiopulmonary mortality. Even when unemployment is controlled for,
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however, the RR of sulfates remains strongly significant.

7.2 Scale

As demonstrated in the preceding discussion of place-specific attributes, there
are two issues of scale that can affect the results of an analysis involving ecologic-level
covariates. The first is that the scale of measurement affects the observed relationships
between the variables of interest. The second is that different results are obtained when
variables are analysed at the same scale as they were measured as compared to when they
are treated as referring to a construct on a different scale.

I will discuss the second statement first, as it is the least complicated.
Conceptually, it is not correct to treat as an individual-level covariate, a covariate that
actually measures a place-specific attribute like the average ambient sulfate levels in a
metropolitan area. Statistically, assigning the same area attribute to each individual
within an area contradicts the assumption that the individuals represent independent
observations, (Kleinbaum et al, 1988), as all individuals within an MA will have the same
value for that variable.

The two-stage method of analysis developed by the Re-analysis Team (Health
Effects Institute, 2000) allows investigators to treat individual-level data and ecologic-
level data appropriately within the framework of a cohort study. The difference in the
results obtained when the two-stage method is used, as opposed to the Cox model used in
the original study, can be seen in figure 7.7. The estimated relative risk of all-cause

mortality from sulfates is higher in the independent MAs model than in the Cox model,
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and the 95% confidence interval is larger, due to the incorporation of both the variance
within and between MAs. Similar differences can be seen when comparing the Cox and
the independent MA models for cardiopulmonary and lung cancer mortality although the
difference in RR estimates for cardiopulmonary mortality is less than that for all-cause
and lung cancer.

Although the importance of the scale of measurement of place-specific
variables was touched upon in section 7.1, a more complete discussion of the issue is
warranted. The root of this issue is that, in order to avoid the ecologic fallacy, ecologic-
level covariates must be either integral or contextual; that is to say, they must represent
exposures which are the same for all individuals within the group (Susser, 1994a). By no
means are all groups in epidemiological studies defined on the basis of geography, but in
the ACS Study, they were. For the sake of distinguishing contextual and integral
ecologic-level variables which are associated with places from those which are associated
with groups defined according to some other characteristic, I have called the geographical
variables place-specific ecologic covariates. Therefore, in order for these place-specific
covariates to have construct validity, they must actually be integral or contextual
variables. In the ideal case, every individual within an area is exposed to an integral
variable to the same degree. In practical terms, the actual variation in exposure to that
variable amongst the individuals within the area should be smaller than that between
individuals in different areas.

Thus, as discussed above, one of the reasons that variables such as nitrogen

dioxide did not behave as expected in relation to mortality may be that it is not a truly
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integral variable at the metropolitan scale. What is clear from the reviews of the literature
on water hardness provided by Sharrett (1981) and Comstock (1979) is that the
association between water hardness and health is sensitive to the scale of analysis used.
The most appropriate scale at which to measure water hardness would be at the scale of
drinking water provision zones or of geological substrata.

However, sulfates, not water hardness, were the focus of this study, and the
scale at which it is appropriate to measure water hardness is probably not the best scale at
which to measure sulfate exposure. Obviously it is not possible at this time to conduct
multi-level analyses that allow for each variable to be measured and incorporated at the
exact scale at which it operates. No such methods exist; even if appropriate methods
were available, it is by no means apparent that it would be more desirable to use them
than to approximate integral and contextual variables. Instead, I propose a guideline for a
place-specific variables: exposure to a place-specific variable within an area should be
more homogenous than exposure between areas.

In comparing the metropolitan-scale analysis to the county-scale analysis, there
is reason to believe that the county-scale might be the more appropriate scale of
measurement. As Figure 7.7 illustrates, the estimated RR for all-cause mortality
associated with long-term sulfate exposure from the county-scale analysis is much higher
than that from the metropolitan-scale ar-lalysis (1.50 as opposed to 1.25).

As explained in chapter 3, the US Census Bureau aggregates metropolitan
areas from counties. The county scale, therefore, is smaller than the MA scale. Since

points (monitors) were the source of the air pollution data and both the MA and county-
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scale analyses used sulfate data aggregated from these points, there is reason to believe
that exposure may be more accurately measured at the county scale, as it was averaged
over fewer values. Moreover, the method by which cohort members were assigned to
MAs meant that the area the cohort represented was actually larger than the MAs and,
therefore, larger than the area for which exposure was calculated. By using the complete
5-digit ZIP codes, instead of only the first 3-digits, in assigning individuals to counties,
the area covered by the cohort members matched the area over which exposure was
assessed more accurately. Therefore, in all likelihood, the true variation in exposure of
individuals within an area to sulfates is probably smaller in the county-scale analysis than
in the metropolitan-scale analysis.

In essence, using an inappropriate scale of measurement for a place-specific
covariate represents a misclassification error. As one would expect in a situation in
which there is a misclassification error (Hennekens and Buring, 1988), the RR of
mortality associated with sulfate exposure is less in the problematic Metropolitan-scale
analysis than in the county-scale analysis. Because of the suspected misclassification at
the MA scale, the rate ratios of mortality in the independent county models probably
provide a more accurate estimate of the effect of long-term sulfate exposure than do the
independent MA models. The county-scale RR estimate for all-cause mortality is 1.50
(1.30, 1.73), and the RR for cardiopulmonary mortality is 1.75 (1.48, 2.08).
Unfortunately, I was unable to perform a county-scale analysis of the effect of sulfate
exposure on lung cancer because there were too few (sometimes zero) cases of lung

cancer deaths in some of the counties. The analytic techniques outlined in this thesis
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break down in such a situation.

Of course, while misclassification may be less of a problem in the county
analysis, residuals of all the county models did exhibit significant spatial autocorrelation.
Consequently, the estimates of risk may be biased, and the tests of significance may be

inaccurate.

7.3 Spatial Autocorrelation

Issues relating to spatial autocorrelation and methods to test for it have been
recognized by medical geographers for some time. Meade et al. (1988) cite a 1976 study
that used spatial autocorrelation to study disease diffusion. While many epidemiologists
are now comfortable with time-series analyses, which require filtering for temporal
autocorrelation, epidemiology has not given spatial autocorrelation the same attention.
One reason for this may be that ecologic studies — the studies which most commonly use
geographical data — have been considered to be less desirable than individual-level
studies such as cohort and case-control studies. With the advent of new analytical
methods which can incorporate both individual-level and ecologic-level data and the
upsurge in interest in population health approaches, there may be renewed interest in
place-specific ecologic-level covariates.

Because ecologic studies have been regarded with skepticism in the past,
investigators who choose to examine the influence of place-specific ecologic covariates
on health outcomes need to be extremely careful to avoid bias in their studies. This

means that spatial autocorrelation will need to be tested for, and adequately controlled for
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if it is detected, otherwise, the risk estimates might be biased and the standard tests of
significance may not apply.

By conducting analyses at the metropolitan scale with an indicator variable for
EPA airshed regions, a larger scale was incorporated into the research. However, the
regional indicator variable also served as a rudimentary control for spatial autocorrelation.
When it was included in the two-stage analysis, the spatial autocorrelation in the residuals
of the models was eliminated in most cases. The exceptions were altitude in the all-cause
mortality models, and variation in maximum temperature in the cardiopulmonary models.
These two variables were only available for 110 and 135 MAs respectively. Therefore,
as with the set of 132 counties, the spatial matrix of MA points may not have been
appropriate for the use of an indicator variable for controlling spatial autocorrelation.
Provided that appropriate regional boundaries can be derived for the exposure variable, it
appears to be possible to eliminate spatial autocorrelation using an indicator variable for
region.

Although the EPA airshed regions were defined prior to testing the variables
for spatial autocorrelation, one of the reasons why their incorporation so successfully
removed the autocorrelation was because the size of the regions happened to be roughly
the same size as double the distance at which the sill was observed for the sulfate data.
This distance was used as the radius for the areas used to derive the spatial matrix in
calculating the spatial filters. In other words, both the regional analysis and the filtering
operated at the same scale to remove spatial autocorrelation from the models.

Comparing the regional model to the filtered model for all-cause mortality (see
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figure 7.8), it can be seen that despite the fact that both methods operate on more or less
the same scale, and both successfully remove spatial autocorrelation from the models, the
estimated RR in the filtered model (RR of 1.09 with a 95% CI of 1.01 to 1.19) is lower
than that in the regional model (RR of 1.19 with a 95% CI of 1.06 to 1.34). The question
is, why do these two methods produce different estimates.

The use of regions defined on the basis of previous knowledge regarding the
spatial processes underlying the exposure of interest is conceptually appealing and is
relatively easy to interpret. The regional analysis is based on an understanding that
different regions of the US have different air pollution profiles. When these broad
regional trends are controlled for, what remains are the more pollutant-specific smaller
area fluctuations. It appears that the smaller scale changes in sulfate levels are associated
with the smaller scale changes in mortality rates within the cohort.

The spatial filtering method based on the Getis statistic outlined in chapter 6
can be understood in a similar way, only the regions are relative rather than fixed. With
this spatial filtering approach, the regional influence is defined as being an area with a
radius of 600km around each MA. In other words, while the regional analysis assumes
that each MA is influenced by the airshed in which it is located, the filtered analysis
assumes that each MA is influenced by the area, 600 km or less, surrounding it. As both

techniques remove spatial autocorrelation from the models, both have merit.

7.4 Conclusions

As epidemiologists, our role is both to use the best available analytic methods
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and to provide useful information to population health risk management decision makers.
So, while I hope that this thesis has demonstrated that spatial issues are central to many
population health questions and may bias results if they are not taken into account, I
would also like to offer some discussion of the sulfate effect.

Despite the fact that some of the analyses presented in this thesis reduced the
relative risk associated with sulfates to the level of insignificance, the weight of evidence
points in the direction of confirming an association between long-term exposure to
ambient sulfates and all-cause, cardiopulmonary, and lung cancer mortality.

The most telling results are those obtained at the county scale, where the risk of
misclassification error in assigning exposure is lowered. These results showed higher rate
ratios associated with sulfates, which were more robust to the inclusion of place-specific
covariates, including sulfur dioxide. However, the residuals of all the county-scale
models exhibited highly significant spatial autocorrelation, indicating that these estimates
are probably biased. Unfortunately, there were not enough counties in the western haif of
the US with sulfate data to enable either a regional or a filtered analysis, so the spatial
autocorrelation could not be fully controlled for. It is also unfortunate that the methods
outlined herein could not be applied to lung cancer at the county-scale because of the lack
of lung cancer deaths in some areas.

Many analyses were done for this thesis leading to concerns that the findings
are merely the result of multiple testing. However, this work was done in the broader
context of research on the health effects of particulate air pollution. The ACS Study is

one of three cohort studies that have been examined long-term exposure to particulates
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(of which sulfate is one component). All three cohort studies have shown significant
positive associations between chronic exposure and mortality (Pope et al., 1995; Dockery
et al. 1993; and Abbey et al., 1991). Like the ACS Study, the Harvard Six-cities Study
found a significant association between sulfates and all-cause mortality (Docker et al.
1993). Burnett et al. (1998) provide a comprehensive overview of the literature on the
health effects of particulates. The results of this thesis add to the growing weight of
evidence linking particulates, and sulfates specifically, to adverse health outcomes.

The rate ratios found in the county analyses were larger than those found in the
metropolitan-area analyses, but they are still relatively small risks (1.50 for all-cause
mortality and 1.75 for cardiopulmonary mortality). However, because the vast majority
of people are exposed to ambient sulfate air pollution, and the levels of sulfates are higher
in the more populated Eastern half of the US, sulfates likely represent a significant risk
factor from a population health perspective.

In summary, while it appears that long-term exposure to ambient sulfur air
pollution is associated with all-cause mortality, cardiopulmonary mortality and lung-
cancer mortality, this thesis was not able to calculate accurate unbiased estimates of the
magnitude of this association. It is hoped that subsequent investigations will be able to
obtain sulfate data for a greater geographical spread of counties so that the spatial
autocorrelation at this scale of analysis can be controlled for. Also, if data on the next
nine years of ACS follow-up can be obtained, it may be possible to examine the
association between sulfate exposure and lung-cancer at the county scale, as more lung

cancer deaths may have occurred during this time period.
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A Modification of the Medical Geography Triangle.

Figure 7.1. A Comparison of Etiological Models
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Figure 7.3. A comparison of the ACS cohort to Census data for metropolitan areas in the
US.
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Figure 7.4. A comparison of the ACS cohort to Census data for metropolitan areas in the
US.
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8. Further Research

Interestingly, both epidemiology and medical geography trace their roots back
through John Snow’s study of cholera in London, and claim Snow as one of their own
(Hennekens and Buring, 1987; Meade et al., 1988). At one time, therefore, epidemiology
and medical geography were effectively one and the same. Moreover, Snow’s approach
to discovering the source of the epidemic was inherently spatial. Since then, however,
epidemiology has diverged from medical geography, and has lost interest in the role space
plays in disease etiology. Now that certain sectors of epidemiology are redefining
themselves as population health investigators, space may regain some of its lost
prominence in epidemiology.

This thesis has demonstrated that the inclusion of ecologic-level variables that
refer to place-specific constructs can change the estimated relative risk from long-term
exposure to ambient sulfates. Further research is needed on other potential place-specific
confounders and on the effect of including place-specific covariates on estimates of risk
from exposure to other factors.

Changing the scale of measurement for both the exposure of interest (sulfates)
and the ecologic-level confounders also changes the findings. Basic research into the
scale at which different processes impact on health is needed. What are the physical

processes in the distribution of sulfate air pollution? At what scale can sulfate exposure
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really be called integral: county, city, region? At what scale does income inequality effect
people: is it the inequality within a neighbourhood, within a city, within a country?

While the two-stage method employed in this thesis enabled the inclusion of
both individual-level and ecologic-level data, it only allowed for one geographic scale for
the ecologic data. For population health approaches to be most effective, methods need
to be developed which can efficiently incorporate data at many different scales of
measurement.

Spatial autocorrelation was found in the residuals of most of the independent
area models. To the best of my knowledge, spatial autocorrelation has not been tested for
before in epidemiological studies. Given the implications of its presence in residuals, the
lack of homoscedasticity, a great many results in ecological epidemiology may be biased
and their p-values erroneous because of spatial autocorrelation. Future epidemiological
research in which subjects are grouped by geographic location, or in which areas
themselves are the cases (ecologic-level studies), should therefore include tests for spatial
autocorrelation, and employ appropriate spatial methods of analysis if it is present.

The spatial filtering methods used in this thesis to remove spatial
autocorrelation are only effective on the scale chosen as the filtering distance. Any
spatial autocorrelation on broader scales than the filtering distance may remain. Methods
need to be developed which control for spatial autocorrelation at more than one scale.

While the primary goal of this thesis was to explore the impact of spatial issues
on a cohort study which examined an ecologic-level exposure, it has also raised the

question of whether that exposure (sulfates) is related to mortality. While this question is
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dealt with more definitively in the Re-analysis report (Health Effects Institute, 2000),
some conclusions may be drawn here. Although it is difficult to specify the actual
quantitative risk posed by long-term exposure to sulfates given all of the problems
discussed in this thesis, it does appear that there is a risk.

One of the difficulties in conducting epidemiologic research on the health
effects of ambient air pollution is the high correlation between the different combustion-
source pollutants. However, no one pollutant has exactly the same distribution as
another. That is to say, no one ambient air pollutant operates in exactly the same way
spatially. While the more micro-level epidemiologists, toxicologists and medical
investigators are working hard to find the biological mechanisms by which different
pollutants might act on a person’s health, population health epidemiologists can
contribute to this endeavour by taking space into account in their population based
studies. All of the further research outlined in this chapter may be usefully applied to the
goal of identifying which ambient air pollutant(s) causes which adverse health effect.

Overall, the research agenda outlined here shows the importance of trans-
disciplinary research into population health issues. Epidemiologists alone will not be
able to address these research questions. Instead, research teams involving
epidemiologists, geographers, sociologists, biostatisticians, atmospheric scientists, and
others are needed to explore how spatial processes cause disease or f)rornote good health.

Space matters.

152



References

Abbey DE, Mills PK, Petersen FF, and Beeson WL. 1991. Long-term ambient
concentrations of total suspended particulates and oxidants as related to incidence of
chronic disease in California Seventh-day Adventists. Environmental Health
Perspectives; 94:43-50.

Adami J, Gridley G, Nyren O, Dosemeci M, Linet M, Glimelius B, Ekbom A, Zahm SH.
1999. Sunlight and non-Hodgkin’s lymphoma: a population-based cohort study in
Sweden. International Journal of Cancer; 80(5): 641-5.

Amick 3% BC, Levine, S, Tarlov AR, Walsh, DC, eds. 1995. Society and Health. Oxford
University Press, Oxford, England.

Amsel J, Waterbor JW, Oler J, Rosenwaike I, Marshall K. 1982 Relationship of site-
specific cancer mortality rates to altitude. Carcinogenesis; 3(5): 461-5.

Anonymous. 1998. State differences in reported healthy days among adults -- United
States, 1993-1996. MMWR - Morbidity & Mortality Weekly Report; 47(12): 239-43.

Borgman, RF. 1985. Dietary factors in essential hypertension. Progress in Food &
Nutrition Science; 9(1-2): 109-47.

Brenner MH, Savitz DA, Jockel KH, Greeland S. 1992. Effects of nondifferential
exposure misclassification in ecologic studies. American Journal of Epidemiology 135:
85-95.

Brenner MH, Mooney A. 1983. Unemployment and health in the context of economic
change. Social Science & Medicine; 17(16): 1125-38.

Brown ME, Bindman AB, Lurie N. 1998. Monitoring the consequences of uninsurance:
a review of methodologies. Medical Care Research & Review; 55(2): 177-210.

Bull GM, Morton J. 1978. Environment, temperature and death rates. Age & Aging;
7(4): 210-24.

Bullard, RD. (editor) 1993. Confronting Environmental Racism: Voices from the
Grassroots. Boston: South End Press.

Burnett, R.T., Jessiman, B., Steib, D. Krewski, D. 1998. Health effects of ambient
particulate matter: A Canadian perspective. Health Effects of Particulate Matter in
Ambient Air. Edited by J.J. Vostal. Pittsburgh: Air and Waste Management Association.

Burnett R, Krewski D. 1994. Air pollution effects on hospital admission rates: A random
effects modeling approach. Canadian Journal of Statistics; 22: 441-458.

Carr W, Zeitel L, Weiss K. 1992. Variations in asthma hospitalizations and deaths in
New York City. American Journal of Public Health; 82(1): 59-65.

153



Catalano R.1991. The health effects of economic insecurity. American Journal of Public
Health; 9:1148-52.

Christenson BA, Johnson NE. 1995. Educational inequality in aduit mortality: an
assessment with death certificate data from Michigan. Demography; 32(2): 215-29.

Clay CM, Dyer AR, Liu K, Stamle, J, Shekelle RB, Berkson DM, Paul O, Schoenberger
JA, Lepper M, Lindberg HA., et al. 1988. Education, smoking and non-cardiovascular
mortality: findings in three Chicago epidemiological studies. International Journal of
Epidemiology; 17(2): 341-7.

Cohen BL. 1995. Test of the linear-no threshold theory of radiation carcinogenesis for
inhaled radon decay products. Health Physics; 2:157-74.

Colledge M. 1982. Economic cycles and health. Towards a sociological understanding
of the impact of the recession on health and illness. Social Science & Medicine; 16(22):
1919-27.

Committee on Environmental Justice. 1999. Toward Environmental Justice: 1999.
Research, Education, and Health Policy Needs. National Academy Press: Washington.

Comstock GW. 1979. Water hardness and cardiovascular diseases: American Journal of
Epidemiology; 110(4): 375-400.

Cote TR, Stroup DF, Dwyer DM, Horan JM, Peterson DE. 1993. Chronic obstructive
pulmonary disease. A role for altitude. Chest; 103(4): 1194-7.

Coultas DB, Samet JM, Wiggins CL. 1984. Altitude and mortality from chronic
obstructive lung disease in New Mexico. Archives of Environmental Health; 39(5): 355-
9.

Danet S, Richard F, Montaye M, Beauchant S, Lemaire B, Graux C, Cottel D, Marecaux
N, Amouyel P. 1999. Unhealthy effects of atmospheric temperature and pressure on the
occurence of myocardial infarction and coronary deaths. Circulation; 100(1): E1-7.

Decarli A, La Vecchia C. 1986. Environmental factors and cancer mortality in Italy:
correlational exercise. Oncology; 43(2): 116-26.

Delfino RJ, Murphy-Moulton AM, Burnett RT, Brook JR, Becklake MR. 1997. Effects
of air pollution on emergency room visits for respiratory illnesses in Montreal, Quebec.
American Journal of Respiratory and Critical Care Medicin; 155: 568-576.

DerSimonian R, Laird N. 1986. Meta-analysis in Clinical Trials. Control Clinical Trials
7:177-188.

Dockery DW, Pope CA, Xu X, Spengler JD, Ware JH, Fay ME, Ferris BG, Speizer FE.
1993. An association between air pollution and mortality in six US cities. New England
Journal of Medicine; 329:1753-1759.

Driessen G, Gunther N, Van Os J. 1998. Shared social environment and psychiatric

154



disorder: a multilevel analysis of individual. Social Psychiatry and Psychiatric
Epidemiology; 33(12): 606-12.

Duncan N (ed). 1996. Body Space. Routledge: New York.

Easton DF, Peto J, Babiker AGA. 1991. Floating absolute risk: An alternative to relative
risk in survival and case-control analysis avoiding an arbitrary reference group. Statistics
and Medicine; 10: 1025-1035.

Ebdon D. 1990. Statistics in Geography, second edition. Basil Blackwell: Cambridge.

Elo IT, Preston SH. 1996. Educational differentials in mortality: United States, 1979-85.
Social Science & Medicine; 42(1): 47-57.

Elsom DM. 1992. Atmospheric Pollution. A Global Problem. Blackwell: Cambrdige,
UK.

English D, Geographical epidemiology and ecological studies. In P Elliott, J Cuzick, D
English, R Stemn (eds.) Geographical & Environmental Epidemiology Methods for Small-
Area Studies (Oxford University Press) pp. 4-13.

Evans RG, and Stoddart GL. 1994. Producing Health, Consuming Health Care, in Evans
RG, Barer ML, and Marmor TR, Why are Some People Healthy and Others Not? (Walter
de Gruyter Inc.: Hawthorne, New York) pp. 27-64.

Evans RG, Stoddart GL. 1990. Producing health, consuming health care. Social Science
and Medicine; 31:1347-1363.

Fabsitz R, Feinleib M. 1980. Geographic patterns in county mortality rates from
cardiovascular diseases. American Journal of Epidemiology; 111(3): 315-28.

Feldman JJ, Makuc DM, Kleinman JC, Cornoni-Huntley J. 1989. National trends in
educational differentials in mortality. American Journal of Epidemiology; 129(5): 919-33.

Ferrie, J.E. 1995. Health effects of anticipation of job change and non-employment:
Longitudinal data from the Whitehall study. British Medical Journal; 311:1264-9.

Fiscella K and Franks P. 1997. Poverty of income inequality as predictor of mortality:
longitudinal cohort study. British Medical Journal; 314(7096): 1724-7.

Garrison RJ, Gold RS, Wilson PW, Kannel WB. 1993. Educational attainment and coronary
heart disease risk: the Framingham Offspring Study. Preventive Medicine; 22(1):54-64.

Geronimus AT. 1986. The effects of race, residence and prenatal care on the relationship of
maternal age neonatal mortality. American Journal of Public Health. 76(12):1416-21.

Geronimus AT, Bound J, Waidmann TA. 1999. Poverty, time, and place: variation in
excess mortality across selected US populations, 1980-1990. Journal of Epidemiology &
Community Health; 53(6): 325-34.

Getis A, and Ord K. 1992. The analysis of spatial association by use of distance statistics.

155



Geographical Analysis 24: 189-206.

Getis A. 1995. Spatial filtering in a regression framewo-rk: examples using data on urban
crime, regional inequality, and government expenditures. In New Directions in Spatial
Econometrics Anselin, L. and R.J.G.M. Florax ed. (Berline: Springer-Verlag).

Getis A, Ord C. 1996. Local spatial statistics: An overview. In Longley P, Batty M, (eds)
Spatial Analysis: Modeling in a GIS Environment (GeoInformation International, Cambridge
MA).

Gorjanc ML, Flanders WD, VanDerslice J, Hersh J, Malilay J. 1999. Effects of temperature
and snowfall on mortality in Pennsylvania. American Journal of Epidemiology; 149(12):
1152-60.

Greeland, S., and Robbins, J. 1994. Invited commentary: Ecologic Studies - Biases,
Misconceptions, and Counterexamples. American Journal of Epidemiology; 139:747-760.

Greenberg JH, Bromberg J, Reed CM, Gustafson TL., Beauchamp RA. 1983. The
epidemiology of heat-related deaths, Texas—1950, 1970-79, and 1980. American Journal of
Public Health; 73(7): 805-7.

Guest AM, Almgren G, Hussey JM. 1998. The ecology o-frace and socioeconomic distress:
infant and working-age mortality in Chicago. Demography; 35(1): 23-34.

Haan M, Kaplan GA, Camacho T. 1987. Prospective evidence from the Alameda County
Study. American Journal of Epidemiology; 125(6): 989-98.

Hahn RA, Eaker ED, Barker ND, Teutsch SM, Sosniak WA, Krieger N. 1996. Poverty and
death in the United States. International Journal of Health Services; 26(4): 673-90.

Hart KD, Kunitz SJ, Sell RR, Mukamel DB. 1998. Metropolitan governance, residential
segregation, and mortality among African Americans. A merican Journal of Public Health;
88(3): 434-8.

He XZ, Chen W, Liu ZY, Chapman RS. 1991. An epidemiological study of lung cancer in
Xuan Wei County, China. Environmental Health Perspectives; 94:9-13.

Health Effects Institute. 2000. Re-analysis of the Harvard Six Cities Study and the
American Cancer Society Study of Particulate Air Pollution and Mortality: A Special
Report of the Institute's Particle Epidemiology Reanalysis Project. Health Effects
Institute, Cambridge MA.

Hennekens CH, Buring SL. 1988. Epidemiology in Medicine. Little, Brown and
Company: Boston.

Hoek G and Brunekreef B. 1993. Acute effects of winter air pollution episode on
pulmonary function and respiratory symptoms of children. Archives of Environmental
Health; 4:328-335.

Higgins IT. 1977. Epidemiology of lung cancer in the United States. IARC Scientific

156



Publications; 16:191-203.

Jarvelin MR, Elliott P, Kleinschmidt I, Martuzzi M, Grundy C, Hartikainen AL,
Rantakallio P. 1997. Ecological and individual predictors of birthweight in a northern
Finland birth cohort 1986. Paediatric & Perinatal Epidemiology; 11(3): 298-312.

Kahn HA and Sempos CT. 1989. Statistical Methods in Epidemiology. Oxford
University Press.

Kaplan GA, Pamuk ER, Lynch JW, Cohen RD, Balfour JL. 1996. Inequality in income
and mortality in the United States: analysis of mortality and potential pathways. British
Medical Journal; 312(7037): 999-1003.

Kaplan GA. 1996. People and places: contrasting perspectives on the association
between social class and health. International Journal of Health Services; 26(3): 507-19.

Katsouyanni K, Pantazopoulou A, Touloumi G, Tselepidaki I, Moustris K,
Asimakopoulos D, Poulopoulou G, Trichopoulos D. 1993. Evidence for interaction
between air pollution and high temperature in the causation of excess mortality. Archives
of Environmental Health; 48(4): 235-42.

Kawachi I, and Kennedy BP. 1997. The Relationship of Income Inequality to mortality:
Does the Choice of Indicator Matter? Social Science and Medicine; 45(7): 1121-1127.

Kawachi I, Kennedy BP, Wilkinson RG. 1999. Crime: social disorganization and
relative deprivation. Social Science & Medicine; 48(6):719-31.

Kee F, Wilson RH, Harper C, Patterson CC, McCallion K, Houston RF, Moorehead RJ,
Sloan JM, Rowlands BJ. 1999. Influence of hospital and clinician workload on survival
from colorectal cancer: cohort study. British Medical Journal; 319(7195): 576-7.

Keith M, Pile S (eds). 1993. Place and the Politics of Identity. Routledge: New York.

Kennedy BP, Kawachi I, Lochner K, Jones C, Prothrow-Stith D. 1997. (Dis)respect and
black mortality. Ethnicity & Disease; 7(3): 207-14.

Kennedy BP, Kawachi I, Prothrow-Stith D. 1996. Income distribution and mortality:
cross sectional ecological study of the Robin Hood index in the United States. British
Medical Journal; 312(7037): 1004-7.

Kinney PL, Ozkaynak H. 1991. Associations of daily mortality and air pollution in Los
Angeles County. Environmental Research; 54(2): 99-120.

Kleinbaum D G, Kupper L L, Muller K E, Nizam A. 1998. Applied Regression Analyis
and Multivariable Methods. Duxbury Press: Pacific Grove, CA.

Kreindel S, Rosetti R, Goldberg R, Savageau J, Yarzebski J, Gore J, Russo A, Bigelow C.
Health insurance coverage and outcome following acute myocardial infarction. A
community-wide perspective. Archives of Internal Medicine; 157(7): 758-62.

Larsen U. 1990. The effects of monthly temperature fluctuations on mortality in the

157



United States from 1921 to 1985. International Journal of Biometeorology; 34(3): 136-
45.

Lawther PJ, Waller RE. 1976. Coal fires, indicuatrial emissions and motor vehicles as
sources of environmental carcinogens. IARC Scientific Publications; 13:27-40.

Lee JA. 1997. Declining effect of latitude on melanoma mortality rates in the United
States. A preliminary study. American Journal of Epidemiology; 146(5): 413-7.

Lee JA, Scotto J. 1993. Melanoma: linked temporal and latitude changes in the United
States. Cancer Causes & Control; 4(5): 413-8.

Lipfert FW. 1993. Community air pollution mortality: analysis of 1980 data from US
metropolitan areas I. Particulate air pollution, BNL 48446-R, prepared for US
Department of Energy, Brookhaven National Laboratory, August.

Loomis, D., Castillejos, M., Gold, DR., McDonnell, W., Borja-Aburto, VH. 1999. Air
Pollution and Infant Mortality in Mexico City. Epidemiology; 10(2): 118-23.

Mannino JA, Washburn RA. 1989. Environmental temperature and mortality from acute
myocardial infarction. International Journal of Biometeorology; 33(1): 32-5.

Mansfield CJ, Wilson JL, Kobrinski EJ, Mitchell J. 1999. Premature mortality in the United
States: the roles of geographic area, socioeconomic status, household type, and availability
of medical care. American Journal of Public Health; 89(6): 893-8.

Marmor M. 1975. Heat wave mortality in New York City, 1949 to 1970. Archives of
Environmental Health; 30(3): 130-6.

Marmot, M and Wilkinson, RG. 1999. Social Determinants of Health. Oxford University
Press. Oxford, England.

Meade M, Florin J, Gesler W. 1988. Medical Geography. Guilford Press: Oxford.

Menotti A. Blackburn H. Seccareccia F. Kromhout D. Nissinen A. Karyonen M. Fidanza
F. Giampaoli S. Buzina R. Mohacek I. Nedeljkovic S. Aravanis C. Dontas A. 1998.
Relationship of some risk factors with typical and atypical manifestations of coronary heart
disease. Cardiology. 89(1):59-67.

Menotti A, Blackburn H, Kromhout D, Nissinen A, Karkoven M, Aravanis C. 1997. The
inverse relation of average population blood pressure and stroke mortality rates in the seven
countries study: a paradox. European Journal of Epidemiology; 13(4): 379-386.

Miron J. 1984. Spatial autocorrelation in regression analysis: A beginner's guide. In Gaile
GL, Willmott CJ, (eds) Spatial Statistics and Models (D Reidel Publishing, Boston) pp
201-222.

Moore LG, Rohr AL, Maisenbach JK, Reeves JT. 1982. Emphysema mortality is increased
in Colorado residents at high altitude. American Review of Respiratory Disease; 126(2):225-
8.

158



Morgenstern H. 1998. Ecologic Studies, in KJ Rothman and S Greenland (eds.) Modern
Epidemiology, Second Edition, (Lippincott-Raven Publishers: Philadelphia).

Morris RD, Munasinghe RL. 1994. Geographic variability in hospital admission rates for
respiratory disease among the elderly in the United States. Chest; 106(4): 1172-81.

Mortimer, EA Jr., Monson, RR., MacMahon, B. 1977. Reduction in mortality from coronary
heart disease in men residing at high altitude. New England Journal of Medicine. 11:581-5.

Mortimer EA Jr, Monson RR, MacMahon B. 1977. Reduction in mortality from coronary
heart disease in men residing at high altitude. New England Journal of Medicine; 296(11):
581-5.

Nakanishi Y, Chen S, Inutsuka S, Ma Y, Jiang X, Hara N, Sera N, Tokiwa H. 1997.
Possible role of indoor environment and coal combustion emission in lung carcinogenesis
in Fuyuan County, China. Neoplasma; 44(1):69-72.

National Research Council, United States. 1999. Health Effects of Exposure to Radon, BEIR
VI, National Academy Press: Washington DC.

National Research Council. 1998. Research Priorities for Airborne Particulate Matter I:
Immediate Priorities and a Long-Term Research Portfolio. Washington, D.C.: National
Academy Press.

National Research Council. 1999. Research Priorities for Airborne Particulate Matter II:
Evaluating Research Progress and Updating the Portfolio. Washington, D.C.: National
Academy Press.

Navidi W. Thomas D, Stram D, Peters J. 1994. Design and analysis of multilevel analytic
studies with applications to a study of air pollution. Environmental Health Perspectives;
102(sup 8): 25-32.

Neri LC, Johansen HL. 1978. Water hardness and cardiovascular mortality. Annals of the
New York Academy of Sciences; 304: 203-21.

Odland J. 1988. Spatial Autocorrelation. Sage Publications: Beverly Hills CA.

Ozkaynak H, Thurston G. 1987. Associations between 1980 US mortality rates and
alternative measures of airborne particle concentration. Risk Analysis; 7:449-—460.

Parr H, Philo C. 1995. Mapping ‘Mad’ Identities in Pile S, Thrift N (eds) Mapping the
Subject. Routledge: New York.

Pearce N. 1996. Traditional Epidemiology, Modern Epidemiology and Public Health.
American Journal of Public Health; 86(5): 678-683.

Pile S, Thrift N (eds). 1995. Mapping the Subject. Routledge: New York.

Peter, L., Otremski, L, Livshits, G. 1996. Geographic variation in vascular mortality in
Eurasia: spatial autocorrelation analysis of mortality variables and risk factors. Annals of
Human Biology;. 6:471-90.

159



Pile S. 1996. The Body and the City: Psychoanalysis, Space and Subjectivity. Routledge:
New York.

Polednak AP. 1998. Mortality in Hartford, Connecticut: a comparison with the South
Bronks, New York. Journal of Urban Health; 75(3): 550-7.

Polednak AP. 1991. Black-white differences in infant mortality in 38 standard metropolitan
statistical areas. American Journal of Public Health; 81(11): 1480-2.

Pope CA 3%, Hill RW, and Villegas GM. 1999. Particulate air pollution and daily mortality
on Utah’s Wasatch Front. Environmental Health Perspectives; 107(7): 567-73.

Pope CA 3™, Thun MJ, Namboodiri MM, Dockery DW, Evans JS, Speizer FE, Heath CW.
1995. Particulate air pollution as a predictor of mortality in a prospective study of US adults.
Am J Respir Critical Care Medicine; 151:669-674.

Ramlow, JM., Kuller, LH. 1990. Effects of the summer heat wave of 1988 on daily mortality
in Allegheny County, PA. Public Health Reports; 3:283-9.

Roemer W, Hoek G, and Brunekreef B. 1993. Effect of ambient winter air pollution on
respiratory health of children with chronic respiratory symptoms. American Review of
Respiratory Disease; 147: 118-124.

Rogot E, Sorlie PD, Backlund E. 1992. Air-conditioning and mortality in hot weather.
American Journal of Epidemiology; 136(1): 106-16.

Rogot E, Padgett SJ. 1976. Associations of coronary and stroke mortality with temperature
and snowfall in selected areas of the United States, 1962-1966. American Journal of
Epidemiology; 103(6): 565-75.

Samet JM, Zeger SL, Dominici F, Curriero F, Coursac I, Dockery DW, Schwarz J, Zanobetti
A. 2000. The National Morbidity and Mortality Air Pollution Study, Part II: Morbidity and
Mortality from Air Pollution in United States. Research Report 94. Health Effects Institute:
Cambridge MA.

Sartor F, Snacken R, Demuth C, Walckiers D. 1995. Temperature, ambient ozone levels,
and mortality during summer 1994, in Belgium. Environmental Research; 70(2): 105-13.

Sawada M. 1999. Global spatial autocorrelation indices— Moran's I, Geary's C and the
general cross-product statistic. University of Ottawa website www.uottawa.ca/academic/arts/
geographie/lpcweb/sections1/reports/moransi/moran.htm.

Schwartz J. 1994a. Air pollution and daily mortality: a review and meta analysis.
Environmental Research; 64: 36-52.

Schwartz J. 1991. Particulate air pollution and daily mortality: a synthesis. Public Health
Review; 19:36-52.

Schwartz S. 1994b. The Fallacy of the Ecological Fallacy: The Potential Misuse of a
Concept and the Consequences. American Journal of Public Health; 84(5): 819-824.

160



Seretakis D, Lagiou P, Lipworth L, Signorello LB, Rothman KJ, Trichopoulos D. 1997.
Changing seasonality of mortality from coronary heart disease. Journal of the American
Medical Association; 278(12): 1012-4.

Sharrett AR. 1981. Water hardness and cardiovascular disease. Circulation; 63(1):247A-
250A.

Shryock HS. 1976. The Methods and Materials of Demography. New York:
Academic Press.

Sibley D. 1995. Geographies of Exclusion. Routledge: New York.

Sly RM, O’Donnell R. 1989. Lack of effect of geographic elevation on mortality from
asthma. Annals of Allergy; 63(6 pt 1): 495-7.

Smoyer KE. 1998. A comparative analysis of heat waves and associated mortality in St.
Louis, Missouri - 1980 and 1995. International Journal of Biometeorology; 42(1): 44-50.

Sorlie PD, Rogot E. 1990. Mortality by employment status in the National Longitudinal
Mortality Study. 132(5): 983-92.

Stengard JH. Kardia SL. Tervahauta M. Ehnholm C. Nissinen A. Sing CF. 1999. Utility
of the predictors of coronary heart disease mortality in a longitudinal study of elderly Finnish
men aged 65 to 84 years is dependent on context defined by Apo E genotype and area of
residence. Clinical Genetics; 56(5):367-77.

Susser M and E. 1996a. Choosing a Future for Epidemiology: I. Eras and Paradigms.
American Journal of Public Health; 86(5): 668-673.

Susser M and E. 1996b. Choosing a Future for Epidemiology: II. From Black Boxes to
Chinese Boxes and Eco-Epidemiology., American Journal of Public Health; 86(5): 674-677.

Susser M. 1994a. The Logic in Ecological: I. The Logic of Analysis. American Journal of
Public Health; 84(5): 825-829.

Susser M. 1994b. The Logic in Ecological: II. The Logic of Design. American Journal of
Public Health; 84(5): 830-835.

Tselepidaki IG, Asimakopoulos DN, Katsouyanni K, Moustris C, Touloumi G,
Pantazopoulou A. 1995. The use of a complex thermohygrometric index in predicting
adverse health effects in Athens. International Journal of Biometeorology; 38(4): 194-8.

US Bureau of the Census. 1988. County and City Data Book. US Government Printing
Office: Washington DC.

Waddell CE. 1983. Population crowding and death rates due to heart disease. Ecology of
Disease;. 4:271-5.

Waitzman, NJ.1998. Smith KR. Separate but lethal: the effects of economic segregation on
mortality in metropolitan America. Milbank Quarterly; 3:341-73. 304.

161



Wilkinson, RG. 1996. Unhealthy Societies: The Afflictions of Inequality. Routledge;
London.

Willis A. 1997. The Role of Space and Place in Enabling Resistance at a Global Scale: The
Case of Pearson College. M.A. Thesis. Carleton University: Ottawa.

Wissow LS, Gittelsohn AM, Szklo M, Starfield B, Mussman M. 1988. Poverty, race, and
hospitalization for childhood asthma. American Journal of Public Health; 78(7): 777-82.

Woodruff, TJ., Grillo, J., Schoendorf, KC. 1997. The relationship between selected causes
of postneonatal infant mortality and particulate air pollution in the United States.
Environmental Health Perspectives; 105(6): 608-12.

World Health Organization. 1975. International Classification of Diseases. 9" Version.
Vol. 1. Geneva: WHO.

Xu Z, Brown LM, Pan GW, Liu TF, Gao GS, Stone BJ, Cao RM, Guan DX, Sheng JH, Yan
ZS, Dosemeci M, Fraumeni JF Jr, Blot WJ. 1996. Cancer risks among iron and steel
workers in Anshan, China, Part II. American Journal of Industrial Medicine; 30(1):7-15.

Yen IH, Kaplan GA, 1999. Poverty area residence and changes in depression and perceived
health status: evidence from the Alameda County Study. International Journal of
Epidemiology; 28(1): 90-4.

Yen IH, Kaplan GA. 1998. Poverty area residence and changes in physical activity level:
evidence from the Alameda County Study. American Journal of Public Health; 88(11):
1709-12.

Zahm SH. 1999. Sunlight and non-Hodgkin's lymphoma: a population-based cohort study
in Sweden. International Journal of Cancer; 80(5):641-5.

162



Appendix A - Data Used in the Thesis

163



Table A.1 Metropolitan Area-specific Demographic and Race Data

MA Metropolitan Area State Total Population Percent Percent Percent
Code (1980) Population White African
Change ('80-'86) American
1000 Bimingham AL 883993 3.1 72.06 27.17
3440 Huntsville AL 196966 18.6 79.20 19.8
5160 Mobile AL 443536 6.0 70.34 28.64
4400 Little Rock-North Little Rock AR 474464 6.6 79.17 19.12
6200 Phoenix AZ 1509227 259 93.84 3.17
8520 Tucson AZ 602400 13.4 92.67 2.7
360 Anaheim CA 2166800 12.1 90.10 1.27
2840 Fresno CA 587600 14.2 89.24 5.00
4480 Los Angeles-Long Beach CA 8295900 10.9 78.88 12.61
6780 Riverside-San Bernardino CA 1558215 284 90.60 5.06
6920 Sacramento CA 1099814 17.4 87.38 5.60
7320 San Diego CA 2201300 18.2 86.31 5.61
7360 San Francisco CA 1488895 6.7 73.45 8.56
7400 San Jose CA 1401600 8.2 83.94 3.31
1720 Colorado Springs 6(0) 380400 229 90.41 6.18
2080 Denver 6(0) 1428836 14.3 91.96 5.30
2670 Fort Collins-Loveland CO 174600 17.0 97.68 0.39
3060 Greeley CO 123438 9.4 98.00 0.49
6560 Pueblo CO 125972 0.9 97.18 1.93
1160 Bridgeport-Milford CT 383836 75.36 12.65
3280 Hartford CT 527006 85.13 12.09
5480 New Haven-Meriden CT 421782 85.92 13.35
8840 Washington DC 2655167 53 63.27 26.78
9160 Wilmington DE 523221 53 84.03 13.99
2680 Fort Lauderdale-Hollywood- FL 2643766 10.1 81.96 14.93
ompano Beach
3600 Jacksonville FL 722252 18.1 77.25 21.57
5960 Orlando FL 699906 284 85.98 12.92
8280 Tampa-St. Petersburg- FL 1964296 19.1 90.55 8.75
learwater
520 Atlanta GA 2138143 19.7 7491 24.58
1800 Columbus GA 239196 4.8 61.69 3499
1360 Cedar Rapids 1A 251492 1.0 97.21 1.65



MA Metropolitan Area State Total Population Percent Percent Percent
Code (1980) Population White African
Change ('80-'86) American
2120 Des Moines IA 367561 3.8 93.93 3.81
2200 Dubuque IA 93745 -2.9 99.20 0.33
8920 Waterloo-Cedar Falis IA 162781 -6.9 93.41 5.38
1080 Boise City ID 173125 12.0 97.56 0.33
1600 Chicago IL 7171437 29 76.91 19.90
1020 Bloomington IN 98785 29 95.76 2.67
2440 Evansville-Henderson IN 276252 1.8 93.67 5.63
2960 Gary-Hammond IN 642733 43 78.69 19.66
3480 Indianapolis IN 1305911 3.0 8593 12.79
7800 South Bend-Mishawaka IN 378947 23 91.53 7.26
8320 Terre Haute IN 137247 -2.2 94.72 4.50
8440 Topeka KS 154916 3.8 89.92 7.66
9040 Wichita KS 411870 6.6 88.47 7.78
4280 Lexington-Fayette KY 317548 43 77.31 1091
760 Baton Rouge LA 494151 10.4 70.83 27.85
5560 New Orleans LA 1256668 6.2 64.65 34.51
7680  Shreveport LA 333158 9.4 65.83 33.15
1120 Boston MA 2428005 90.53 6.55
5400 New Bedford MA 108007 90.61 2.54
8000 Springfield MA 400451 88.59 6.93
9240 Worcester MA 261069 95.97 2.06
720 Baltimore MD 1543882 43 66.67 25.44
730 Bangor ME 82561 98.74 0.24
4240 Lewiston-Aubum ME 78075 99.23 0.36
6400 Portland ME 94436 99.13 0.27
2162 Detroit-Ann Arbor MI 4752764 3.2 78.61 19.35
2640 Flint MI 450499 -3.5 80.14 17.47
4040 Lansing-East Lansing MI 419750 1.2 92.23 5.55
6960 Saginaw-Bay City-Midland  MI 421518 43 89.29 8.85
2240 Duluth MN 266650 -8.7 97.65 0.34
5120 Minneapolis-St Paul MN 2137133 7.4 94.68 231
3760 Kansas City MO 1433464 59 85.98 12.52
7040 St Louis MO 2376971 2.6 81.80 17.13



MA Metropolitan Area State Total Population Percent Percent Percent

éode (1980) Population White African
Change ('80-'86) American
3560 Jackson MS 362038 83 57.33 46.59
880 Billings MT 108035 1.2 96.75 0.19
3040 Great Falls MT 80696 -1.6 94.27 1.19
1520 Charlotte-Gastonia-Rock Hill NC 885552 9.9 77.87 20.00
3120 Greensboro-Winston-Salem-gh NC 950763 54 79.96 19.01
Point
6640 Raleigh-Durham NC 560775 16.0 72.84 26.15
1010 Bismarck ND 79988 74 97.36 0.08
2520 Fargo-Moorhead ND 137574 5.6 98.45 0.16
2985 Grand Forks ND 66100 5.0 95.62 1.62
4360 Lincoln NE 192884 6.8 96.03 1.70
5920 Omaha NE 585122 5.0 90.43 7.51
4760 Manchester NH 100706 7.0 98.85 1.18
6450 Portsmouth-Dover-Rochester NH 159749 . 98.16 0.94
3640 Jersey City NJ 556972 -0.7 8231 12.52
5640 Newark NI 1879147 0.5 74.99 21.75
875 Paterson NJ 1292970 0.4 89.27 7.13
8480 Trenton NJ 307863 4.2 78.86 17.98
200 Albuquerque NM 420262 12.9 92.74 2.14
4120 Las Vegas NV 463087 23.0 86.08 9.99
6720 Reno NV 193623 16.0 93.33 1.92
160 Albany-Schenectady-Troy NY 835880 0.9 95.29 3.65
1280 Buffalo NY 1015472 -5.0 88.04 10.20
2335 Elmira NY 97656 -7.3 95.23 4.05
5380 Nassau-Suffolk NY 2605813 1.1 91.56 6.22
5600 New York NY 8274961 24 70.30 23.09
6460 Poughkeepsie NY 245055 438 90.85 6.94
6840 Rochester NY 971230 0.9 90.30 8.02
8160 Syracuse NY 642971 1.0 93.49 4.82
8680 Utica-Rome NY 320180 -1.5 96.88 2.39
80 Akron OH 660328 -2.4 89.79 9.14
1320 Canton OH 404421 -1.0 92.98 6.03
1640 Cincinnati OH 1401471 1.2 86.50 2.03
1680 Cleveland OH 2173734 -2.4 81.43 16.80



MA Metropolitan Area State Total Population Percent Percent Percent
Code (1980) Population White African
Change ('80-'86) American
1840 Columbus OH 1243827 45 87.58 11.36
2000 Dayton-Springfield OH 942083 -0.9 86.03 12.59
3200 Hamilton-Middletown OH 258787 49 94.34 4.76
4800 Mansfield OH 131205 -1.8 92.26 7.10
8080 Steubenville-Weirton OH 163734 -3.5 95.51 3.89
8400 Toledo OH 616864 -09 88.00 10.62
9320 Youngstown-Warren OH 531350 -4.0 88.35 10.49
5880 Oklahoma City OK 860969 14.2 86.11 9.13
6440 Portland OR 1105750 43 92.64 291
240 Allentown-Bethlehem PA 635481 34 97.55 1.41
280 Altoona PA 136621 -3.0 98.77 0.76
2360 Ere PA 279780 -0.2 94.64 4.34
3240 Harrisburg-Lebanon-Carlisle PA 556242 3.8 92.55 6.10
3680 Johnstown PA 264506 -39 98.44 1.35
4000 Lancaster PA 362346 8.6 96.59 1.92
6160 Philadelphia PA 4716559 2.3 79.16 18.73
6280 Pittsburgh PA 2423311 4.4 91.51 749
6680 Reading PA 312509 2.7 96.46 2.46
42069 Scranton (Lackawanna) PA 227908 =22 98.87 0.47
7610  Sharon PA 128299 -3.7 95.25 4.30
8050 State College PA 112760 1.6 97.07 1.51
9140 Williamsport PA 118416 -1.8 98.07 1.44
9280 York PA 381255 43 96.50 2.64
6480 Providence RI 487781 92.84 483
1440 Charleston SC 430346 12.8 68.36 31.05
1760 Columbia SC 409955 8.5 69.73 28.68
3160 Greenville-Spartanburg SC 747100 6.2 82.11 17.06
1560 Chatanooga N 426540 -0.2 84.42 14.01
3840 Knoxville N 565970 45 92.94 6.04
4920 Memphis N 913472 5.0 57.95 39.84
5360 Nashville ™ 933847 9.4 83.25 16.24
840 Beaumont-Port Arthur pe 373210 0.7 75.89 21.77
1880 Corpus Christi ;8 326228 114 95.17 3.94



MA Metropolitan Area State Total Population Percent Percent Percent
Code (1980) Population White African
Change ('80-'86) American
1920 Dallas §D. 4 2877238 234 83.83 14.48
2320 ElPaso D4 479899 17.0 94.82 3.83
2920 Galveston-Texas City X 365325 10.4 85.25 13.56
3360 Houston X 2734595 18.1 77.89 18.78
4600 Lubbock 19,4 211651 6.2 91.34 7.25
7200 San Angelo §D. ¢ 84784 15.8 95.00 4.02
7240 San Antonio X 1072125 9.1 91.83 6.75
8800 Waco D¢ 170755 99 83.13 15.95
9080 Wichita Falls X 121082 5.0 87.99 3.94
7160 Salt Lake City-Ogden uT 910222 14.4 96.07 0.98
1950 Danville VA 283677 0.3 72.80 26.26
5720 Norfolk-Virginia Beach- VA 1160347 12.8 69.36 28.11
ewport News
6760 Richmond-Petersburg VA 787044 6.3 64.45 29.09
6800 Roanoke VA 220393 2.0 87.30 1..73
7600  Seattle WA 1607618 89 89.46 3.60
7840 Spokane WA 341835 4.4 95.63 1.29
8200 Tacoma WA 632819 11.0 88.81 5.19
2290 Eau Claire WI 130932 4.4 98.54 0.14
3800 Kenosha WwI 123137 =25 96.36 2.54
4720 Madison w1 462965 43 95.87 2.24
5080 Milwaukee WI 1497955 -1.0 87.86 10.09
6600 Racine WI 173132 -0.5 90.65 7.99
1480  Charleston wv 311341 -1.0 94.93 4.44
3400 Huntington-Ashland wv 388888 -1.6 97.67 1.86




Table A.2 Metropolitan Area-specific Health Services and Socio-economic Data

MA Metropolitan Area State  Percent Mean Poverty Rate Unemploy- Gini
Code Finishing Income Individuals ment Coeffcient
High School  (1979) (%) Rate
(%) (%)
1000 Birmingham AL 61.7 6824 153 82 0.426
3440 Huntsville AL 70.1 7068 13.8 7.2 0.406
5160 Mobile AL 614 6066 18.3 10.7 0.423
4400 Little Rock-North Little Rock AR 68.2 6844 12.8 6.9 0.404
6200 Phoenix AZ 75.0 7744 10.5 5.6 0.395
8520 Tucson AZ 74.6 7181 13.0 5.7 0.409
360 Anaheim CA 80.4 9612 7.3 4.0 0.380
2840 Fresno CA 63.7 7010 14.5 12.3 0.420
4480 Los Angeles-Long Beach CA 69.8 8365 134 6.7 0.430
6780 Riverside-San Bernardino CA 70.1 7316 11.2 6.4 0.403
6920 Sacramento CA 77.7 7958 11.2 6.2 0.401
7320  San Diego CA 78.0 7992 11.3 5.0 0.410
7360 San Francisco CA 79.2 10360 9.7 4.6 0.421
7400 San Jose CA 79.5 9576 7.1 5.8 0.369
1720 Colorado Springs CO 82.7 7061 103 73 0.391
2080 Denver CO 80.5 8891 8.2 7.2 0.388
2670 Fort Collins-Loveland cO 82.7 7489 11.0 6.6 0.389
3060 Greeley CO 68.8 6542 14.1 8.4 0.400
6360 Pueblo co 66.5 6744 13.7 12.1 0.411
1160  Bridgeport-Milford CT 62.3 7055 10.1 3.7 0.395
3280 Hartford CT 70.6 8417 9.2 42 0.396
5480 New Haven-Meriden CT 68.7 7055 10.3 6.1 0.395
8840 Washington DC 79.2 10131 9.2 3.8 0.383
9160 Wilmington DE 69.6 7785 10.9 5.0 0.392
2680 Fort Lauderdale-Hollywood- FL 66.6 8100 12.7 5.8 0.435
ompano Beach
3600 Jacksonville FL 67.0 6828 15.1 54 0.415
5960 Orlando FL 71.3 7126 15.0 4.7 0.425
8280 Tampa-St. Petersburg- FL 66.5 7230 11.4 5.0 0414
learwater
520 Atlanta GA 66.7 7746 12.5 4.6 0.408
1800 Columbus GA 583 5734 18.8 7.6 0.430



MA Metropolitan Area State  Percent Mean  Poverty Rate Unemploy- Gini
Code Finishing Income Individuals ment Coeffcient
High School  (1979) (%) Rate
(3) (%)
1360 Cedar Rapids IA 80.0 7977 9.4 4.8 0.382
2120 Des Moines A 78.5 8175 8.1 5.7 0.380
2200 Dubuque IA 68.6 7155 8.3 7.7 0.384
8920 Waterloo-Cedar Falls IA 73.5 7684 9.0 12.2 0.377
1080 Boise City D 81.7 7805 8.5 5.8 0.389
1600 Chicago IL 67.6 8614 1.2 72 0.401
1020 Bloomington IN 74.7 6322 15.0 3.9 0.430
2440 Evansville-Henderson IN 64.2 7426 9.7 6.8 0.398
2960 Gary-Hammond IN 65.4 7897 9.9 11.7 0.370
3480 Indianapolis IN 68.8 7765 9.4 5.2 0.387
7800 South Bend-Mishawaka IN 66.9 7331 8.7 5.5 0.379
8320 Terre Haute IN 67.7 6668 10.7 7.0 0.393
8440 Topeka KS 78.3 7970 7.8 5.1 0.378
9040 Wichita KS 76.2 8135 89 6.0 0.384
4280 Lexington-Fayette KY 66.3 7000 14.1 53 0.415
760 Baton Rouge LA 68.2 7160 149 11.0 0.419
5560 New Orleans LA 62.7 6999 17.5 10.9 0.439
7680  Shreveport LA 63.4 7071 15.8 12.0 0.432
1120 Boston MA 77.3 7950 9.8 4.7 0.411
5400 New Bedford MA 41.8 5752 15.1 8.9 0.415
8000 Springfield MA 66.1 6701 12.5 6.1 0.407
9240 Worcester MA 64.8 6648 1.1 5.2 0.399
720 Baltimore MD 62.0 7747 5.7 5.6 0.396
730 Bangor ME 76.0 6042 11.3 73 0.405
4240 Lewiston-Auburn ME 56.5 5700 12.6 6.5 0.391
6400 Portland ME 75.6 6937 7.7 53 0.392
2162 Detroit-Ann Arbor MI 67.7 8513 10.1 7.9 0.394
2640 Flint MI 67.8 7983 10.6 10.6 0.377
4040 Lansing-FEast Lansing MI 77.3 7644 10.7 7.0 0.376
6960 Saginaw-Bay City-Midland MI 67.3 7423 10.4 10.0 0.385
2240 Duluth MN 71.0 6966 93 9.5 0.385
5120 Minneapolis-St Paul MN 79.7 8679 6.8 4.2 0.380
3760 Kansas City MO 73.6 8116 9.0 4.7 0.390



MA Metropolitan Area State  Percent Mean  Poverty Rate Unemploy- Gini
Code Finishing Income Individuals ment Coeffcient
High School  (1979) (%) Rate
)] (%)
7040 St Louis MO 64.1 7704 10.4 7.0 0.394
3560 Jackson MS 67.9 6336 18.8 8.0 0.440
880 Billings MT 76.6 7639 93 7.8 0.396
3040 GreatFalls MT 75.2 7006 10.3 2.7 0.391
1520 Charlotte-Gastonia-Rock Hill NC 57.6 7005 10.6 4.6 0.408
3120 Greensboro-Winston-Salem- NC 570 6980 11.0 46 0.397
igh Point
6640 Raleigh-Durham NC 69.0 7278 12.3 33 0.401
1010 Bismarck ND 71.5 7344 8.8 7.1 0.340
2520 Fargo-Moorhead ND 76.5 7302 9.8 7.8 0.337
2985 Grand Forks ND 76.2 6561 11.0 3.8 0.357
4260 Lincoln NE 8L.5 7739 8.6 3.1 0.381
5920 Omaha NE 76.6 7570 9.1 53 0.385
4760 Manchester NH 61.9 6822 9.7 52 0.340
6450 Portsmouth-Dover-Rochester NH 73.5 6626 8.8 50 0.369
3640 Jersey City NJ 51.5 6504 16.9 8.0 0.419
5640 Newark NJ 68.9 8514 11.2 53 0414
875 Paterson NJ 68.6 9200 7.1 4.6 0.397
8480 Trenton NJ 67.8 8178 9.4 43 0.398
200 Albuquerque NM 76.5 7154 13.2 6.5 0.408
4120 Las Vegas NV 74.0 8284 9.1 6.2 0.393
6720 Reno NV 80.1 9524 7.0 5.1 0.387
160 Albany-Schenectady-Troy NY 69.7 7094 9.8 52 0.386
1280 Buffalo NY 65.4 7147 10.6 7.2 0.394
2335 Elmira NY 69.5 6393 11.0 6.8 0.382
5380 Nassau-Suffolk NY 75.8 8866 5.7 44 0.381
5600 New York NY 62.4 7739 18.1 6.7 0.455
6460 Poughkeepsie NY 70.6 7834 73 3.8 0372
6840 Rochester NY 70.4 7911 8.8 5.7 0.380
8160 Syracuse NY 70.7 6942 10.4 74 0.385
8680 Utica-Rome NY 64.5 6140 11.4 7.1 0.384
80 Akron OH 69.5 7549 5.4 8.0 0.384
1320 Canton OH 67.1 7273 8.6 10.2 0.370



MA Metropolitan Area State  Percent Mean  Poverty Rate Unemploy- Gini
Code Finishing Income Individuals ment Coeffcient
High School  (1979) (%) Rate
($) (%)
1640 Cincinnati OH 63.2 7542 10.3 6.5 0.398
1680 Cleveland OH 68.2 8062 9.8 7.8 0.395
1840 Columbus OH 71.8 7497 11.1 6.1 0.389
2000 Dayton-Springfield OH 69.4 7492 10.3 6.6 0.386
3200 Hamilton-Middletown OH 64.7 7384 9.8 7.7 0.373
4800 Mansfield OH 66.1 6907 94 9.2 0.369
8080 Steubenville-Weirton OH 62.3 7374 93 8.7 0.380
8400 Toledo OH 68.2 7533 11.0 84 0.418
9320 Youngstown-Warren OH 66.7 7259 9.7 10.6 0.382
5880 Oklahoma City OK 73.0 7700 10.6 6.8 0.406
6440 Portland OR 78.7 8454 9.0 7.2 0.396
240 Allentown-Bethlehem PA 63.2 7565 74 74 0.372
280 Altoona PA 654 6105 10.9 9.2 0.379
2360 Erie PA 69.9 6692 10.0 85 0.376
3240 Harrisburg-Lebanon-Carlisle PA 68.3 7478 8.0 4.7 0.365
3680 Johnstown PA 60.1 6292 10.3 10.7 0.387
4000 Lancaster PA 59.6 7151 8.5 34 0.364
6160 Philadelphia PA 66.0 7522 119 52 0.406
6280 Pittsburgh PA 67.3 7624 9.2 83 0.395
6680 Reading PA 58.5 7404 8.2 6.4 0.374
42069 Scranton (Lackawanna) PA 63.8 6162 9.8 7.6 0.391
7610 Sharon PA 66.8 6811 9.1 8.4 0.374
8050 State College PA 758 5967 16.7 6.0 0.408
9140 Williamsport PA 65.6 6217 10.8 7.1 0.376
9280 York PA 61.3 7189 7.2 53 0.363
6480 Providence RI 61.4 6985 11.1 73 0.384
1440 Charleston SC 63.3 6144 16.5 4.6 0.405
1760 Columbia SC 66.3 6729 133 3.8 0.394
3160 Greenville-Spartanburg SC 51.9 6461 12.4 5.7 0.399
1560 Chatanooga N 583 6481 13.7 7.1 0.410
3840 Knoxville TN 59.8 6584 15.0 7.8 0.420
4920 Memphis N 63.8 6540 20.0 6.8 0.434
5360 Nashville TN 63.7 7158 11.7 52 0.404



MA Metropolitan Area State  Percent Mean  Poverty Rate Unemploy- Gini
Code Finishing Income Individuals ment Coeffcient
High School  (1979) (%) Rate
(%) (%)
840 Beaumont-Port Arthur X 62.5 7460 124 14.5 0.396
1880 Corpus Christi X 57.7 6548 17.0 12.2 0417
1920 Dallas X 69.6 8304 10.0 6.5 0401
2320 ElPaso X 59.5 5322 21.7 11.5 0.421
2920 Galveston-Texas City §D. ¢ 65.2 8099 9.5 11.2 0.373
3360 Houston X 69.9 8987 103 10.3 0.394
4600 Lubbock ™ 66.4 6970 14.3 6.8 0416
7200 San Angelo X 59.8 6886 12.5 7 0425
7240 San Antonio X 62.7 6200 18.1 7.2 0417
8800 Waco X 58.5 6298 17.2 7.8 0431
9080 Wichita Falls ™ 65.4 7148 12.3 83 0415
7160  Salt Lake City-Ogden uT 80.7 6853 8.4 5.3 0373
1950 Danville VA 46.7 6181 13.4 7.8 0.400
5720 Norfolk-Virginia Beach- VA 66.2 6802 14.0 49 0.396
ewport News
6760 Richmond-Petersburg VA 62.3 7640 113 4.5 0.391
6800 Roanoke VA 62.0 7380 11.0 4.8 0.401
7600 Seattle WA 81.7 9368 1.7 6.5 0.385
7840 Spokane WA 78.2 7244 11.5 8.2 0401
8200 Tacoma WA 77.1 7565 10.0 7.8 0.388
2290 Eau Claire WI 70.3 6264 11.8 6.6 0.389
3800 Kenosha Wi 64.8 7818 7.0 12.4 0.361
4720 Madison WI 79.9 7934 3.9 5.6 0.381
5080 Milwaukee WI 71.4 8279 7.9 6.1 0378
6600 Racine WI 67.7 8063 7.0 8.5 0.363
1480 Charleston wVv 63.3 7208 11.2 10.2 0.398
3400 Huntington-Ashland wv 54.6 6128 16.8 11.8 0.42




Table A.3 Metropolitan Area-specific Climate Data

MA Metropolitan Area State Mean Maximum Variation in Max. Mean Relative Variation in
Code Temperature (F) Temperature  Humidity (%) Relative
Humidity
1000 Birmingham AL 73.483 67.127 46.02 237971
3440 Huntsville AL 71.065 77.473 48.543 223.498
5160 Mobile AL 77.052 49.448 50.281 254.294
4400 Little Rock-North Little Rock AR 71.181 84.096
6200 Phoenix AZ 86.992 45.758 19.766 83.22
8520 Tucson AZ 83.256 49.208 19.269 90.692
360 Anaheim CA
2840 Fresno CA 76.901 54.597
4480 Los Angeles-Long Beach Ca 76.304 47.884
6780 Riverside-San Bernardino CA 78.156 64.513
6920 Sacramento CA 73.455 51.751
7320 San Diego CA 71.494 23.846
7360 San Francisco CA 66.081 32.754
7400 San Jose CA 71.4 39.008
1720 Colorado Springs CcO 61.971 124.504 29.698 262.457
2080 Denver CO 64.172 125.832 30.424 247.582
2670 Fort Collins-Loveland Cco 63.044 104.388
3060 Greeley CcO 64.388 116.908
6360 Pueblo CcO 68.892 132.146 29.873 265.449
1160 Bridgeport-Milford 59.597 56.018 51.392 301.323
3280 Hartford CT 60.31 79.545 45.254 258.808
5480 New Haven-Meriden
8840 Washington DC 65.809 83.727 47.206 238.952
9160 Wilmington DE 63.919 71.426 49.176 218.97
2680 Fort Lauderdale-Hollywood- FL 83.6 14.002
ompano Beach
3600 Jacksonville FL 79.308 47.381
5960 Orlando FL 82.737 32.827
8280 Tampa-St. Petersburg- FL 81.664 27.609
learwater '
520 Atlanta GA 72.094 66.377 45.104 253.867
1800 Columbus GA 76.196 58475 43.475 250.563
1360 Cedar Rapids IA 58.802 98.163



MA Metropolitan Area State Mean Maximum Variation in Max. Mean Relative Variation in
Code Temperature (F) Temperature Humidity (%) Relative
Humidity
2120 Des Moines IA 60.72 106.249
2200 Dubuque IA
8920 Waterloo-Cedar Falls 1A 58.179 98.537
1080 Boise City D
1600 Chicago I
1020 Bloomington IN 63.451 93.315
2440 Evansville-Henderson IN 66.596 90.466 49.832 193.01
2960 Gary-Hammond IN
3480 Indianapolis IN 62.363 87.774 52.142 188.18
7800 South Bend-Mishawaka IN 59.079 87.935 51.898 180.824
8320 Terre Haute IN
8440 Topeka KS 65.694 106.189 48.159 203.09
9040 Wichita KS 67.677 106.284 45.517 222.171
4280 Lexington-Fayette KY 64.885 91.81 50.428 204.753
760 Baton Rouge LA 77.556 56 50.735 212.94
5560 New Orleans LA 77.679 50.525 54.455 187.249
7680 Shreveport LA 76.204 75.25 47.53 224358
1120 Boston MA 58.955 80.378 49.99 312.554
5400 New Bedford MA 58.86 60.35
8000 Springfield MA
9240 Worcester MA 56.282 79.6 50.363 267.508
720 Baltimore MD 65.025 78.552 46.635 217.851
730 Bangor ME 53971 75.735 50.327 294.875
4240 Lewiston-Aubum ME 56.062 74.03
6400 Portland ME 55.468 69.52 49.602 293.792
2162 Detroit-Ann Arbor MI 58.236 81.009 51.276 167.709
2640 Flint MI 56.843 82.282 53.43 180.633
4040 Lansing-East Lansing MI 56.986 84.858 54.082 183.235
6960 Saginaw-Bay City-Midland MI 55.339 80.263
2240 Duluth MN 49.343 87.054 53.069 233.956
5120 Minneapolis-St Paul MN 55.624 95.108 49.641 166.658
3760 Kansas City MO 66.347 102.239
7040 St. Louis MO 65.749 102.366 47.598 214.043



MA Metropolitan Area State Mean Maximum Variation in Max. Mean Relative Variation in
Code Temperature (F) Temperature Humidity (%) Relative
Humidity
3560 Jackson MS 76.273 72.74 48.247 241.288
880 Billings MT 60.242 144.673 34.795 207.9
3040 Great Falls MT 58.208 137.738 37.511 217.616
1520 Charlotte-Gastonia-Rock Hill NC 70.583 69.045 44.062 237.446
3120 Greensboro-Winston-Salem- NC 68.306 76.258
igh Point
6640 Raleigh-Durham NC 70.189 77.629 46.202 242.704
1010 Bismarck ND 55.897 120.976 46434 187.583
2520 Fargo-Moorhead ND 53.816 106.375 51.526 174.358
2985 Grand Forks ND 53.252 106.479
4360 Lincoln NE 64.25 118.318
5920 Omaha NE 61.199 113.366 47.655 197.081
4760 Manchester NH
6450 Portsmouth-Dover-Rochester NH
3640 Jersey City NJ 58.783 68.45
5640 Newark NJ 63.308 74.438 45.266 234.839
875 Paterson NJ
8480 Trenton NJ
200 Albuquerque NM 70.483 58.571 25.002 123.587
4120 Las Vegas NV 79.883 53.78 17.008 76.295
6720 Reno NV 66.896 75.51 25.769 103.634
160 Albany-Schenectady-Troy NY 57.754 81.985 50.566 216.129
1280 Buffalo NY 56.363 89.134 52.5 198.676
2335 Elmira NY 58.591 86.239
5380 Nassau-Suffolk NY 61.657 67.6 48.6 215.178
5600 New York NY 61.222 56.896 50.301 274.772
6460 Poughkeepsie NY 59.55 76.607
6840 Rochester NY 57.024 90.52 52.63 188.31
8160 Syracuse NY 57.36 89.319 53.146 198.225
8680 Utica-Rome NY 55.204 89.55
80 Akron OH 59.26 91.836 53.277 195.646
1320 Canton OH
1640 Cincinnati OH 64.6%4 89.749
1680 Cleveland OH 58.937 97.021 52.297 171.211



MA Metropolitan Area State Mean Maximum Variation in Max. Mean Relative Variation in
Code Temperature (F) Temperature Humidity (%) Relative
Humidity

1840 Columbus OH 61.774 91.119 49.059 176.035
2000 Dayton-Springfield OH 61.29 93.068 50.735 176.128
3200 Hamilton-Middletown OH

4800 Mansfield OH 58.65 90931 56.376 230.089
8080 Steubenville-Weirton OH 61.634 92.367

8400 Toledo OH 58.8193 89.532 53.14 201.258
9320 Youngstown-Warren OH 58.462 95.962 53.329 207.117
5880 Oklahoma City OK 70.894 102.006 44 364 228.225
6440 Portland OR 62.958 52.558 52.228 191.552
240 Allentown-Bethlehem PA 61.168 73.526 47.959 221.242
280 Altoona PA 57.564 89.178

2360 Erie PA 57.116 89.345 54.118 178.944
3240 Harrisburg-Lebanon-Carlisle PA 61.506 75.293 47.688 225.686
3680 Johnstown PA 62.913 93.445

4000 Lancaster PA 63.369 70.26

6160 Philadelphia PA 63.963 72.352 47.773 207.258
6280  Pittsburgh PA 60.263 95.953 48.84 186.769
6680 Reading PA 62.56 77.216

42069 Scranton (Lackawanna) PA 58.386 80435 49.675 208.78
7610 Sharon PA

8050 State College PA 58.861 87.629

9140 Williamsport PA 59912 74.326 47772 216.125
9280 York PA

6480 Providence RI 60.145 72.594 48.25 302.517
1440 Charleston SC 75.579 57.336 49417 232.415
1760 Columbia SC 75.036 67.391 42.807 242471
3160 Greenville-Spartanburg SC 70.653 64.357 46.034 280.725
1560 Chatanooga ™ 70.74 69.21 46.849 228.6
3840 Knoxville TN 69.53 73.763 48.51 212.604
4920 Memphis ™ 72.094 80.693 48.842 217.506
5360 Nashville N 70.104 86.491 46.794 225.746
840 Beaumont-Port Arthur 9.8

1880  Corpus Christi ™ 80.843 56.036 52.82 193.358



MA Metropolitan Area State Mean Maximum Variation in Max. Mean Relative Variation in
Code Temperature (F) Temperature Humidity (%) Relative
Humidity
1920 Dallas X 76.136 89.332 42.965 215.114
2320 ElPaso X
2920 Galveston-Texas City X 74.607 35.248
3360 Houston X 79.135 60.976 48.95 212918
4600 Lubbock X 73.547 112.154 34.961 302.436
7200 San Angelo X 77.379 91.667 36.826 230.562
7240 San Antonio X 79.86 65.191 42.169 227.163
8800 Waco X 78.117 84.392 44.866 221.071
9080 Wichita Falls X 75.349 108.539 40.283 204.141
7160  Salt Lake City-Ogden uT 63.636 73.673 36.106 119.894
1950 Danville . VA 70.04 84.886
5720 Norfolk-Virginia Beach- VA 68.494 81.635 49.332 214.962
Newport News
6760 Richmond-Petersburg VA 68.862 85.025 46.052 246.058
6800 Roanoke VA 66.731 84.061 45.192 247912
7600 Seattle WA 59.591 41.19 54.953 192.37
7840 Spokane WA 57418 70.13 47.427 163.122
8200 Tacoma WA
2290 Eau Claire WI 55.378 96.021 49.005 174.49
3800 Kenosha WI 54.608 86.345
4720 Madison wI 56.537 89.688 52.39 193.574
5080 Milwaukee WI 55.355 90.259 54.514 196.334
6600 Racine WI 54.375 82.694
1480 Charleston wv 66.121 100.641 46.77 222.191
3400 Huntington-Ashland wv 65.501 98.222 47.839 223.487




Table A.4. Metropolitan Area-specific Health Services and Physical Environment Data

MA Metropolitan Area State Doctors Hospital Beds Water Hardness Altitude
Code per 100,000 per 100,000 (ppm) (m)
1000 Birmingham AL 248 663 59 183
3440 Huntsville AL 153 452 195
5160 Mobile AL 182 628 20 2
4400 Little Rock-North Little Rock AR 270 904 18
6200 Phoenix AZ 194 425 244 332
8520 Tucson AZ 269 433 727
360 Anaheim CA 239 379 49
2840 Fresno CA 182 368 119 90
4480 Los Angeles-Long Beach CA 261 479 125 101
6780 Riverside-San Bernardino CA 157 367 262
6920 Sacramento cAa 213 259 21 8
7320 San Diego CA 229 350 207 13
7360 San Francisco CA 442 555 58 19
7400 San Jose CA 257 354 194 27
1720 Colorado Springs 160) 127 435 1831
2080 Denver CO 250 447 116 1609
2670 Fort Collins-Loveland Cco 148 222 1525
3060 Greeley CcO 123 254 1422
6560 Pueblo CO 189 990 1421
1160 Brdgeport-Milford CT 29
3280 Hartford Ct 12
5480 New Haven-Meriden CT 43
8840 Washington bC 342 594 102 15
9160 Wilmington DE 183 693 48 37
2680 Fort Lauderdale-Hollywood- FL 256 591 3
ompano Beach
3600 Jacksonville FL 175 454 274
5960 Orlando FL 156 428 123 32
8280 Tampa-St. Petersburg- FL 177 568 81 17
learwater
520 Atlanta GA 192 453 20 320
1800 Columbus GA 132 740 25 76
1360 Cedar Rapids IA 512 965 99 223
2120 Des Moines 1A 153 647 78 245



MA Metropolitan Area State Doctors Hospital Beds Water Hardness Altitude
Code per 100,000 per 100,000 (ppm) (m)
2200 Dubuque IA 149 657 282 198
8920 Waterloo-Cedar Falls IA 137 558 241 264
1080 Boise City D 164 463 85 831
1600 Chicago L 243 564 133 182
1020 Bloomington IN 146 253 111
2440 Evansville-Henderson IN 176 813 100 120
2960 Gary-Hammond IN 129 525 136 185
3480 Indianapolis IN 234 544 241 219
7800 South Bend-Mishawaka IN 133 459 203
8320 Terre Haute IN 134 561 208 155
8440 Topeka KS 229 1424 100 290
9040 Wichita KS 209 529 86 398
4280 Lexington-Fayette KY 354 1056 300
760 Baton Rouge LA 143 369 38 6
5560 New Orleans LA 286 659 74
7680  Shreveport LA 261 821 68
1120 Boston MA 12 6
5400 New Bedford MA 15 15
8000 Springfield MA 12 21
9240 Worcester MA 9 146
720 Baltimore MD 388 790 50 10
730 Bangor ME 48
4240 Lewiston-Auburn ME 37
6400 Portland ME 14 21
2162 Detroit-Ann Arbor MI 221 532 98
2640 Flint MI 156 408 86
4040 Lansing-East Lansing MI 165 398 86
6960 Saginaw-Bay City-Midland MI 130 572
2240 Duluth MN 156 655 44 189
5120 Minneapolis-St Paul MN 225 448 68 256
3760 Kansas City MO 209 649 276 244
7040 St. Louis MO 224 649 182 143
3560 Jackson MS 283 1231 47 90
880 Billings MT 189 440 148 952



MA Metropolitan Area State Doctors Hospital Beds Water Hardness Aldtude

Code per 100,000 per 100,000 (ppm) (m)
3040 Great Falls MT 189 763 151 1016
1520 Charlotte-Gastonia-Rock Hill NC 133 450 22 213
3120 Greensboro-Winston-Salem- NC 192 404 40

igh Point

6640 Raleigh-Durham NC 490 736 30

1010 Bismarck ND 210 801 512
2520 Fargo-Moorhead ND 233 760 274
2985 Grand Forks ND 253 870 254
4360 Lincoln NE 169 710 206 358
5920 Omaha NE 252 833 236 313
4760 Manchester NH . 912 69
6450 Portsmouth-Dover-Rochester NH . 6
3640 Jersey City NJ 175 630 36

5640 Newark NJ 265 677 26 45
875 Paterson NJ 272 425 30
8480 Trenton NJ 255 739 15
200 Albuquerque NM 269 549 112 1511
4120 Las Vegas NV 133 378 616
6720 Reno NV 249 689 40 1371
160 Albany-Schenectady-Troy NY 235 563 54 46
1280 Buffalo NY 259 806 124 183
2335 Elmira NY 182 814 266
5380 Nassau-Suffolk NY 299 643 - 18
5600 New York NY 355 641 61 9
6460 Poughkeepsie NY 180 1156 64
6840 Rochester NY 257 627 82 157
8160 Syracuse NY 237 443 109 124
8680 Utica-Rome NY 141 1065 16 129
80 Akron OH 187 551 106

1320 Canton OH 145 608 413

1640 Cincinnati OH 241 575 115 208
1680 Cleveland OH 269 620 128

1840 Columbus OH 202 467 90

2000 Dayton-Springfield OH 170 720 358



MA Metropolitan Area State Doctors Hospital Beds Water Hardness Altitude
Code per 100,000 per 100,000 (ppm) (m)

3200 Hamilton-Middletown OH 100 390

4800 . Mansfield OH 120 516 229

8080 Steubenville-Weirton OH 97 369 111

8400 Toledo OH 227 692 170

9320 Youngstown-Warren OH 156 551 86 262
5880 Oklahoma City OK 213 554 90 379
6440 Portland OR 257 449 9

240 Allentown-Bethlehem PA 164 517 157 111
280 Altoona PA 149 679 357
2360 Erie PA 154 636 129 227
3240 Harrisburg-Lebanon-Carlisle PA 204 709 13 110
3680 Johnstown PA 139 722 360
4000 Lancaster PA 125 348 116
6160 Philadelphia PA 276 615 75 14
6280 Pittsburgh PA 242 721 232
6680 Reading PA 173 604 88 79
42069 Scranton (Lackawanna) PA 179 951 26 230
7610 Sharon PA 102 570 304
8050 State College PA 129 363 352
9140 Williamsport PA 174 648 161
9280 York PA 115 278 122
6480 Providence RI 24 7
1440 Charleston SC 239 514 36
1760 Columbia SC 221 1066 29

3160 Greenville-Spartanburg SC 158 410

1560 Chatanooga ' N 213 582 59 209
3840 Knoxville N 181 665 116 271
4920 Memphis ™ 237 742 38 80
5360 Nashville N 237 766 90 134
840 Beaumont-Port Arthur X 126 568 66

1880 Corpus Christi X 153 495

1920 Dallas 1.4 172 450 66 141
2320 ElPaso 9.4 132 433 146 1147
2920 Galveston-Texas City X 256 541 115



MA Metropolitan Area State Doctors  Hospital Beds Water Hardness Altitude
Code per 100,000 per 100,000 (ppm) (m)
3360 Houston ;4 219 527 73
4600 Lubbock X 260 696 422
7200 San Angelo D, ¢ 157 814 563
© 7240  San Antonio < 195 654 223
8800 Waco X 149 885 156
9080 Wichita Falls X 180 1044 67 291
7160  Salt Lake City-Ogden Ut 214 346 186 1298
1950 Danville VA 134 379
5720 Norfolk-Virginia Beach- VA 177 570 74
ewport News
6760 Richmond-Petersburg VA 272 757
6800 Roanoke VA 248 1161
7600 Seattle WA 274 347 18
7840  Spokane WA 219 621 156
8200 Tacoma WA 135 535 21
2290 Eau Claire WI 162 697 54 243
3800 Kenosha wI 108 352 132 186
4720 Madison WwI 329 684 345 263
5080 Milwaukee WI 227 646 193
6600 Racine W1 119 328 130 191
1480 Charleston wv 190 616 32 189
3400 Huntington-Ashland wvV 151 544 173




Table A.S Metropolitan Area-specific Gaseous Co-pollutant Data

MA Metropolitan Area State Fine Part Sulfates CO (ppb)NO, (ppb) O, (ppb) SO, (ppb)
Code (pgm’)  (ug/m’)
1000 Birmingham AL 24,51 13.1 1497.74 . 242799
3440 Huntsville AL 12 833.53 23.3892 27.4492
5160 Mobile AL 20.89 12.6
4400 Little Rock-North Little Rock AR 17.84 5.9 . 28.2315
6200 Phoenix AZ 1524 4.3 195043 7.7505 21.8269 5.595
8520 Tucson AZ 4378 2260.24 30.3248 27.9032 0.8273
360  Anaheim CA 11.5 3178.48 4349 21.4205 7.461
2840 Fresno CA 1032 5.8 124098 322721 29.8996 2.7319
4480 Los Angeles-Long Beach CA 21.81 14 3050.16 51.0586 27.957 7.3806
6780 Riverside-San Bemardino CA 14.6 2008.63 37.136 41.14 4.0829
6920 Sacramento CA 5.8 111645 223883 25.4675 1.6195
7320 San Diego CA 11.2 1165.04 27.5719 34.4784 5.7941
7360 San Francisco CA 12.16 6.6 15145 26.0611 10.9253 0.6046
7400 San Jose CA 12.44 6.2 1735.14 350364 19.1518
1720 Colorado Springs CcO 6.1 1828.34 27.3435 264474
2080 Denver co 16.09 6.2 2371.84 43.635 23.8645 12.8136
2670 Fort Collins-Loveland CO 5.2 1819.44 . 26.7062
3060 Greeley CcO 4.7 1316.97 . 23.4081
6560 Pueblo co 6.7 1106.83
1160 Bridgeport-Milford 9.9 3017.08 27.7215 35.6284 11.6687
3280 Hartford CT 14.77 94 2134.18 29.0827 26.2289 10.9828
5480 New Haven-Meriden 8.5 93998 . 28.4976 8.3722
8840 Washington DC 22,51 149 1010.07 24.5431 21.962 11.841
9160 Wilmington DE 19.4 1109.56 31.3804 23.0042 6.5264
2680 Fort Lauderdale-Hollywood- FL 6.9 1827.1 . 20.8301 2.1638
ompano Beach
3600 Jacksonville FL 11.2 1214.68 14.5925 31.5988 6.6877
5960 Orlando FL 7.9 1247.29 . 22.5354 3.2398
8280 Tampa-St. Petersburg-learwate FL 11.42 103 996.82 158848 21.2725 5.545
520  Atlanta GA 20.29 12 1620.18 32.0999 21.8366 9.1701
1800 Columbus GA 9.4 . 18.6757
1360 Cedar Rapids IA 10.6 928.47 . 19.0759 10.4142
2120 Des Moines IA 10.6 2893.02 . 36.6805 7.1919



MA Metropolitan Area State Fine Part Sulfates CO (ppb)NO, (ppb) O; (ppb) SO, (ppb)
Code (ug/m’)  (ug/m’)

2200 Dubuque IA 89 229266 3.5766
8920 Waterloo-Cedar Falls IA 9.1 3.245
1080 Boise City D 12.12 2915.17 3.011
1600 Chicago IL 21.04 1847.58 34.7521 18.4675 12.3266
1020 Bloomington IN 13.7

2440 Evansville-Henderson IN 142 548.86 195714 16.7954 109113
2960 Gary-Hammond IN 25.24 19.1 1253.95 . 18.1991 14.9361
3480 Indianapolis N 21.09 12.6 228852 36.0572 22.3678 14.7531
7800 South Bend-Mishawaka IN 11.7 . 17.2343 11.6914
8320 Terre Haute IN 13.2 15.1772
8440 Topeka KS 10.33 6.8

9040 Wichita KS 13.59 49 1236.13 . 24.0435

4280 Lexington-Fayette KY 143 1280.73 18.091 23.8779 7.219
760  Baton Rouge LA 11.2 . 20.3814 11.3686
5560 New Orleans LA 14.6 . 209763 14.0168 2.7248
7680 Shreveport LA 10.1

1120 Boston MA 11 199248 323804 27.9584 10.445
5400 New Bedford MA 11.8 11.5469
8000 Springfield MA 12.8 3952.27 . 28.0353 13.1876
9240 Worcester MA 10.7 . 31.2428 12.6826
720  Baltimore MD 13 1831.54 26.0584 21.3704 10.7959
730  Bangor ME 10.2 1137.05 8.6328
4240 Lewiston-Auburn ME 10.7 136848 18.2383
6400 Portland ME 11.25 . 38.7877 9.2342
2162 Detroit-Ann Arbor MI 14.7 1171.14 25.5844 18.3015 7.5792
2640 Flint MI 9.5 . 17.8606 5.1382
4040 Lansing-East Lansing MI 13.1 . 30.9568 25.9848 12.5026
6960 Saginaw-Bay City-Midland MI 11.3 1069.98 25.2117 5.7974
2240 Duluth MN 7 2489.58 . 22.8789 59161
5120 Minneapolis-St Paul MN 13.68 8.4 186299 23.1245 239132 9.6014
3760 Kansas City MO 10.15 2273.33 . 28.0396 .181
7040 St. Louis MO 13.5 1225.57 248372 23.2838 .788
3560 Jackson MS 1571 8.8 . 144303 27.4267

880  Billings MT 7.1 116699 13.7613 16.7379 13.0969



MA Metropolitan Area State Fine Part Sulfates CO (ppb) NO, (ppb) O; (ppb) SO, (ppb)

Code (ng/m’)  (ug/m’)
3040 Great Falls MT 36 840.74 9.5454 1.6874
4360 Lincoln NB 6.6 1519.71 . 24.8052
5920 Omaha NB 13.07 8.7 95585 . 18.5345 6.5079
1520 Charlotte-Gastonia-Rock Hill NC 22,6 11.5 1783.98 . 21.1752 8.789
3120 Greensboro-Winston-Salem-ighNC 129 1314.84 . 26.0647

Point

6640 Raleigh-Durham NC 16.79 119 2489.21
1010 Bismarck ND 5.267
2520 Fargo-Moorhead ND 6.3
2985 Grand Forks ND 4.8
4760 Manchester NH 11.05 1973.59 . 25.4629 8.8532
6450 Portsmouth-Dover-Rochester NH 8.7
3640 Jersey City NJ 17.34 13.8 2060.34 30.3302 22.0809 14.1362
5640 Newark NJ 114 2711.83 33.4288 21.8421 11.9722
875  Paterson NJ 12.8 . 30.9951 25.1851 10.317
8480 Trenton NJ 12.1 1349.85 . 26.5732 9.0038
200  Albuquerque NM 8.95 4.533 1608.82 19.6085 25.692 1.8612
4120 Las Vegas NV 42 2587.61 35.1434 21.8161
6720 Reno NV 11.82 4.1 2481.17 48.5684 23.2992
160  Albany-Schenectady-Troy NY 10.5 627.75 . 19.7 15.1519
1280 Buffalo NY 23.53 11.7 919.92 23.2878 25.3045 13.423
2335 Elmira NY 6.6 573.72 . 228194 7.8
5380 Nassau-Suffolk NY 84 1307.35 27.4797 23.9209 7.8225
5600 New York NY 10.7 2194.97 347118 21.058 18.7846
6460 Poughkeepsie NY 8.1 1036.04 . 14.1345 11.9676
6840 Rochester NY 9.9 1096.44 . 21.0899 19.627
8160 Syracuse NY 102 86277 21.0792 20.3576 10.1229
8680 Utica-Rome NY 8.6 9.3356
80 Akron OH 24.6 14.1 877.59 . 27.9995
1320 Canton OH 13.6 1094.5 28.8635 25.086 26.0653
1640 Cincinnati OH 23.12 143 1438.41 249634 20.284 11.9489
1680 Cleveland OH 24.58 13.7 2269.14 . 20.6126 13.7568
1840 Columbus OH 11.8 1448.75 19.3025 17.0739 9.0792
2000 Dayton-Springfield OH 18.8 13.5 1258.96 21.9899 21.1564



MA Metropolitan Area State Fine Part Sulfates CO (ppb)NO, (ppb) O, (ppb) SO, (ppb)
Code (hg/m’)  (ug/m’)

3200 Hamilton-Middletown OH 13.2 83582 15277 223161 12.3369
4800 Mansfield OH 13.1 7.9128
8080 Steubenville-Weirton OH 23.09 23.5 2311.68 22.6784 19.1758 293167
8400 Toledo OH 10.8 864.06 . 25.1098 8.5724
9320 Youngstown-Warren OH 20.23 15.7 . 40.712 19.0045 10.6884
5880 Oklahoma City OK 15.86 6.3 53501 19.796 226629 0.0246
6440 Portland OR 14.66 7.7 2174.62 27.268 10.4054 6.0041
240  Allientown-Bethiehem PA 17.88 14.5 1798.81 24.9068 23.6763 11.0875
280  Altoona PA 14.2 ’

2360 Ere PA 12.1 . 17.1442 29.4256 13.2245
3240 Harrisburg-Lebanon-Carlisle PA 11.9 19246 22.0135 225786 9.7296
3680 Johnstown PA 17.2  751.59 239155 224635 21.6266
4000 Lancaster PA 12.5

6160 Philadelphia PA 214 11.469 1403.37 33.7065 24.824 15.1254
6280 Pittsburgh PA 15.8 2325.69 254752 229163 20.6491
6680 Reading PA 12.1 . 254654 20.2168 14.2785
42069 Scranton (Lackawanna) PA 11.7

7610 Sharon PA 12.4

8050 State College PA 153

9140 Williamsport PA 12.4 ; . 214821 7.1145
9280 York PA 13.217 1382.53 25.8918 24.6722 12.3812
6480 Providence RI 12.89 8.7 1718.62 353876 226853 13.839
1440 Charleston SC 13.8 5.609
1760 Columbia SC 16 1083.87 . 25.8152 3.3531
3160 Greenville-Spartanburg SC 11 1857.83 2.1164
1560 Chatanooga TN 16.64 13.9

3840 Knoxville TN 13.9 3168.89 . 19.9358 7.5971
4920 Memphis N 12.8 1820.59 15.6636 26.8985 10426
5360 Nashville TN 20.45 8.7 2166.5 . 17.4195 9.321
840  Beaumont-Port Arthur 1P, ¢ 144 347.83 13.3138 27.7125 .2966
1880 Corpus Christi X 8.8 53737 . 25.0577 4527
1920 Dallas ™ 16.48 10 746.09 18.142 24.9043 1.5769
2320 ElPaso ™ 15.74 163598 24.805 21.6872 13.6428
2920 Galveston-Texas City X 9 194.2 169444 25.0872 4.8061



MA Metropolitan Area State Fine Part Sulfates CO (ppb)NO, (ppb) O; (ppb) SO, (ppb)
Code (ng/m®)  (pg/m’)

3360 Houston X 13.37 10.5 771.74 25.7925 22.2223 43977
4600 Lubbock X 4.5
7200 San Angelo X 4.4
7240 San Antonio X 6.6 671.4 155472 21.8569 0.847
8800 Waco X 10
9080 Wichita Falls X 6.9
7160 Salt Lake City-Ogden Ut 15.39 48 1770.17 27.2913 25.2682 16.537
1950 Danville VA 13.6
5720 Norfolk-Virginia Beach-ewport VA 16.91 14.8 1159.63 . 35.1657 11.5687
News
6760 Richmond-Petersburg VA 11 1409.57 30.5673 32.3228 12.1028
6800 Roanoke VA 12.4 . . 21.6118 6413
7600 Seattle WA 11.87 7.5 2360 . 14.5649 5.0855
7840 Spokane WA 938 5.6 2579.79 . 15.0641 9.984
8200 Tacoma WA 6.8 2718.32 . 15.0644 5.1042
2290 Eau Claire WI 8.3
3800 Kenosha WI 10.8 . 12,7029 29.0526 5.4446
4720 Madison WI 9.8 . . 271173 6.6926
5080 Milwaukee WI 11.6 969.92 184156 22.6244 6.9378
6600 Racine w1 11.1 61633 . 23349 6.6131
1480 Charleston wVv 20.1 17.8 971.63 18.8835 15.6787 15.0005
3400 Huntington-Ashland wv 3335 15.3 1049.67 11.7755 20.8387 9.3366




vL6'L ¥89°S1 68 Iv0 ¢l 67981 t'19 $59 SLL  0§'SeE 60’19 t'L- £919¢C ueB oI oukep
v66'11 001'v1 €L 6£0 Ttl 68081 0'8L 6SS ot TL 8968 80 §909¢ ueg oI wey3uy
Igrs 0¥s'6 901 LEO 901 9660C 8'L9 80¥ 9¢1  o6b'Li 1’08 ¢'e- 6¥09C uedyoIN 93sauUdh)
8s¢eCl Ly1'01 0 8¢0 16 asILL  L'99 6L9 65C S¢l [9'L6 ¢£C LTOST snosnyoBsse]y 121592104
wore b L0 08 6vL81  1'LL L79 0l 107 9¢€'96 L'V £C0ST  SNIsnydusSBA yinowA|d
191°C1 [TS°01 6T 8¢°0 0L EEVOT  VLL SEL 12e 681 £196 ° L10ST  SNosmyoussejy XSIIPPIN
996°C1 Pr8°C1 €V 680 L'11 99191 §'99 (A2’ €61 LT9 L8'86 V0 €10ST  SHasnyousseAl uspdweyy
688’8 ITL'IL 8'S 6£'0 101 eLYS1T  9°CS LIy SOt 10°1 9¢'L6 TT S00ST snosnoussey [oisg
(A4 SR 0 L9 s6¢CC V'LL 9LT 91 LT'LE LS'ES T 1330144 pue[AIB| S9B109L) SOULL]
LYS'8 ¢ceor +v9 8¢0 0°¢l 181¥1  6'IL L €8l 070 ¥S'86 60 610¢C outely 1095qOUd
18L°6 1€L01 LT 6£0 01 65¢ST  0°SL L89 0Le 90 IL'86 LS S00£T SuielN  puepquIng
SvT8l LILOl 69 8€'0 9Tt 12471 R 1Y 9749 bLL Y20 e'66 9'1 100€¢ oulgyl  urdgodsorpuy
YOSyl T 87’0 +'9¢ bI8I1  T6S LEOT  Lvb LTSS £e6t 9°0- 1L0TT BURISINOT m:MotO
ag3noy
€8¢° 11 el ve o 6'vl 1081  €TL LLY 881 ¢e'l¢ 9099 7L £e0cC BUBISINGT uojeg Jse]
Yov's1 19 8¢0 101 S61LL  0'6S 9LS Lot SLT 6896 0 LI11T Aponjuay uoudy
LoT’L 88TY1 ¢ 1o ¢'¢l Slest  9'IL 01S1 €IS 8T'tl 16¥8 €V L901T Ayomyuoy NBICR|
9L'9 1'S LE0 8L eILLl  €8L byl 67T V9L 6’68 8¢t LL10T sesued) duMBYS
LILTT 09 8¢0 16 £ee8l S9L ges 6CC L9'8 9T’L8 99 eL10T sesuejy AoIM3pag
600°'L S19°01 8¢S 8¢0 '8 6¥881  8'8L 6L ¥81 TSV ¥8'C6 TV £slol BMO[ Aiod
€801 97901 T9 9¢'0 89 $800C 9°LL TLS okt 1971 65'L6 90" cli6l BMO] uu
L09'¢ 056’8 L'L 8€'0 €8 96£61  9'89 LS9 6v1  STO 0766 6C 19061 eMO] enbnqgn(g
bLT'E 611'6 L'Cl LED €6 pov6l  6'¢L ¥8¢ Lyl €79 8¢'C6 S'L- £1061 BMO[  MBH Yoelg]
65811 81T¢l 0L 680 L0l bTTS1 €89 [19 IST  6V'S $9'¢6 9T L9181 suspuj odIA
0ge' 11 LITY1 6'S ot'o €ol 0L091  T9 80T1 €€T Tl'L L8'16 10 £9181 gueipu]  y3inqopuep
1278 059'11 6°S 8¢0 T6 0LSLT  9'L9 549 ¢Sl 16'8 €68 1°0- I¥181 eugipu| ydesor 1§
IL9°El 6'¢ 1A AVEY 1gLel Lyl 1374 91 09T 9L'S6 6'C S0181 suelpu] S0IUON
001°L1 01161 TTI LEO 011 LOEIT  £'¢9 L9S 6C1 01'%C el 09 68081 suBlpu[ A
1ZV'6 69 ev'0 081 ereel 609 <SL 891 €0'Pbt 79 ¥ sicel e1g100D 92303sA
Zs1'01 81021 €9 Lyo Tt 8861 099 (41 s8st  SY'IS 889y 9°¢ [ZI€i 131000 uoynyg
9LI'TL TY I¥'0 86 Pover €89 01L PLT  8SL W6 6'11 t01Cl epuolq se[jauld
aWT'e 6S8L LY oo el 86Z¢1 V0L L¥S 881 LLVI LI'E8 T'CT S60Z1 BpLIOLY ague1Q
£68'Y 8€L'6 LS 0 0vl 898yl 899 L9S Sic 9¢'el 19°68 661 LSOT1 epuol ]  y3nooqsi|i
6¢€’L 6CCIl €§ 10 86t geort 899 6CS £0C T9'vC 1TeL el 1£0¢1 BpLIO[{ [eanqg
6’9 Vv oo 1’6 08591  +'0L 98¢ 881 9I'1l 8v'98 ¢TI 11021 EpLIOL] plemolg
%) 000001 {98,-08,)
(%) oy ot spenpraipu] (6L61) [ooyosySi  1od  000‘001 ueoudWY aduey)
(;w/Sr) wowk oyjeoy owy  owooup Jumsiul spag| Jod  uedlyy  oNyp uongmdoq  dpo)
(qdd) ‘0§ soigjing ojdwoun wun  AWdAOJ UBIPAJ JUdI]  ENdSOH] SI0100( U AN JuddIR  Auno) qvg Aumo)

BIE(] Og10ads-Auno)) 9’y qEL




658'L LAY I Se'0 99 6S€CC L'EL 626 €61  66°¢ ¥9't6 TT £019¢ JIOA MON Jloyng
LSLTL PSL'8 8 6€'0 L8 8C691  SIL 1299 Lse tl'e 8C'S6 C0 £609¢ JOA maN  Apejosuaog
obL'S1 688’11 €6 LE0 T8 $0TIT  $'89 8y 08¢ LTL 6v'68 9 6809¢ JIOA MaN puouryory
SIrg I'¢ s8¢0 Tl 0L6ST  0'99 0ty Lel 1Lt 8¥'96 1°0- £809¢ JIOA MON Joejassuay
£8C'91 £L6'6 €9 680 Vvl 8COLT  1'€9 11874 AN AR Y 6v'TL L'l 1809¢ FIOA MON susdnQ
e1rotl L698 V9 8¢'0 96 pLSLT  L'TL 96Y L6T 6v'9 ¢e'l6 TO- L909¢ FIOA MON egepuouQ
ove6 L6, €9 8¢'0 01t 19261 0'S9 LYT1 €91 G0'¢ S1'9%6 0°C §909¢ JIOA MAN eprauQ
€Lt Yov'Zl 0L 6v'0 8§'IC P06El  0'89 8GTI 668 69'IT SO'IL §°¢ 1909¢ JI0A MON JI0A MON
820'8 97¢'s 0V 9¢0 9V 0609C L'LL 96¢ Wy L89 806 10 6509¢ FIOA MON nesseN
S8L'81 66 0¢ 8¢'0 88 bo10c  L'1L 98¢ 0ze  Tl'ol 69'L8 10 §S09¢ HIOA MON S0IUON
§59'81 L6t 9'8 o 0V 61611  6'VS 8hb 10 0Ov'Te 63809 8T LY09¢ JIOA MON s3ury
824! ovo'1L T'L 6£0 901 6l1LT  #'99 908 65C ¥1°01 v0'88 0°6- 6209¢ HI0A MON oL
S6°11 S60'8 8t LE0 €L L9270t  90L 9¢1t 081 669 $8°06 8V LT09¢ JIOA MON ssafpon(
IL8°L 6LS9 89 8¢€'0 011 ¢Izst  §69 y18 8l €0v £C's6 €L S109¢ JIOA MaN Junway)
81'ee 0L0Cl v'8 SP0 9°LT L¥601 808 1€9 AA AR LY 819 1C $009¢ HIOA MON xXuolg
50'te gLLOT TV 6£'0 CTOl 900L1 L'1L €8 60 659 6L'16 60 1009¢ 104 MON Aueqy
1L8'] 86L'Y S99 oo T¢el 6£791 S9L 6¥S 69C ¢££C vL't6 6'CI 1005¢ ODIXON MON of[ijewag
€28'¢l 09 AV Lo6Ll €8¢ Y47 691 ¢TT'¢l 1Tv8 0'¢ [€0vE Kas1of moN oressed
$E8'8 180°C1 €V 6£0 ¥'o 65961  8'LY otL 6sT 081 98'8L TV [20ve Kas1of MoN 10013
LTl [LOP1 08 o 691 12:1%4 SRS RS 0€9 SLl 89Tl 1£°28 L0 L10ve Kassa[ MaN uospny
anysdweyy
8598 L'¢ ¢e'0 99 £6681 €'LL 214 ¢t 100 wee 91 cl1oge MON  wey3unjooy
aysduweyy
12394 68401 0°C LE0 08 L1191 0vL (4% 91 TT0o LEG66 911 1A (11%3 MaN HOBWLLISIA]
anysdwep]
14844 01T 8'C LE0 TL 68981 I'IL 824 Lyt 050 79’86 9'¢l [10€€ MON  y3noloqs[|Ii
vty 1'S 8¢0 0L 09s61  1°08 689 6vc €81 £e'e6 091 [€0T¢ EpBAIN S0([sB M\
Svey 9 60 16 0181 oYL 8LE el 666 8098 0°¢C £002¢ BpBAON AR
$9¢'9 1'¢ 8¢€'0 9'8 8TYL1  §'18 01L 691 €81 €096 89 6011¢ eySeIqON Jajseouer]
0se’'s £L9'8 €€ 6£0 66 0TLLL  8'9L 0601 Iy €001 c0'88 SV §So1¢ BYSeIgaN se[dnoq
128'C1 el gL 6£0 €6 0vLT  99L ovv 681 LTO SL'96 T11 [110¢ BUBJUOIA]  QUOISMO[[2A
L3891 08L'¢ LT 6£0 €01 05091 T'SL £9L 681 CT1 LTv6 9'1- £100€ BURIUOIN apeodse)
€SL'8 18 £r'0 681 9L6%1 0'0L cell 16 VvI'SY Ires s'e 6v08¢C iddississtiy SputH
1vT'8 8198 TV 8€0 I'8 6£681 TLL 08¢ g€LC 0C'E 0£T6 I't €CILe BjOSIUUTIA Koswiey
0L'01 Yi8'L 6t 680 S'L LL00e L'18 £89 ove 0S¢ 68'C6 6V £60LT BJ0OSaUULA urdauusy
%) 000001 (98,-08,)
(o) oveyy ot spenprapuy (6L61) [ooyosydiyy  tod 000001 ueoLduy agusy)
(qw/3) wowk ogyooy ey  owoouy Suystur] spagi[ Jod  uedlyy  OMUM uoneindod  9po)
(qdd) o sawyngopdwoun i  AUSAOJ UBIPI]N 1DdI]  BIASOY $I10100(] U921 JuddIed WIdd  Ajunod awg Auno)

BIB(] 0 100Us-AIUN0)) 9’V Ojqe],




cov'el 911 0’0 ¢Sl [4:74 40 WAY €8¢ €L 6L'E 68'S6 €T Isozy  eueAjAsuuag apakey
spyel STL'IT S8 LEO 001 09L91 669 9¢9 118 24 4 9v6 T0- 6V0Ty  elueAjAsuuag auy
(A3 8! oyl v'v 8¢'0 ¥v'L 05661  €TL 19¢ 12 106 L3888 0O'I SYOoTh  elueAjAsuued atemeRd
SY6'11 0°¢ LE0 66 6EILl 6’69 998 vOog  9P'El Lvr'v8 6'1 €b0Ty  eluBA[Asuudq urydneq
$80°€l 9°¢ ge0 8¢ oLeel 6L Lov 91  8¢'1 e'Le LS 40Ty  elUBAJASUUDJ  puB[IIqUIND
st oy LED V9 90TtcC  P9L £96 vl 6TL L1 ' 670Ty  elueA[Asuud 19159D
0LT St 09 00 L9l 981l 8§'SL £9¢ 6cl  0¢'l LO'L6 9t LT0Ty  ®lueAjAsuuag Uy
12yt +v'01 LEO 9L 69¢Sl VLS 01¢ vL 900 6566 1T SZ0Ty  eiueA[Asuud uoqie)
£99°'1¢ 68691 ¥'01 8€0 L6 TLLS]T 1'19 989 o1 8l 08'L6 S¢S 120Ty  BlueAfAsuud euque’)
0SS'¢l L6801 0'S Se'0 8¢ 910t L'vL 1€ 8¢l 6¥'C $0'96 06 L10Zy  BlueA[Asuud syong
65Tyl T6 8¢€'0 601 89Lvl  ¥'SY 6L9 6vl  0L°0 LL'86 0'¢- €107y  elueAldsuud] zerg
LSTY1 168'11 ¥'9 LE0 T8 0g€SLl  6'86 $09 €Ll LT 996 L'T [10zy  erueAjAsuua syrog
91861 LO6'SE T'L oo 76 bbeLl  0'69 L6 ¢£ee  9¢01 Y788 €< €007y  elueAlAsuuag Auaydaqy
¥26's 1L9°L S8 oo vl 8L091  V¥'9L 8iL €0y 0g'S ¥L'88 80 1S01¥ uoga1Q yewounjy
§z0'0 €679 89 o¥'0 L0l octo1  L'gl 199 c8¢ ¢e'tl $9'C8 8°01 6010t BUIOYRNO LwoyepiO
§6S°Ct 99 LE'0 001 ¢e88l  OCL Cll 6 Tl 086 LT gLIOE oo pPooM
6S1°L bl LL yeo €L 69L0CT L'T9 0 0s Tl 6L'L6 €6 916t oo uaLIe
a8L'L ogsct ¢l LEO I'8 9¢S61 2’89 (A4 ool  +09 €8't6 S'¢- gel6t oo [nquuni ],
86S°C1 6L 8¢€'0 ¥'6 I18€81  T6Y 143 61T ¥8°01 86'L8 Tt~ gsleg oljO jnwumg
128'SC gceel 1°01 LEO S8 07981  8'¢9 059 ¢Sl 9¢9 $$'t6 Pl- 1S16¢ (0] eI
901'8 680°¢l T6 LEO ¥6 91L1 1'99 91¢ 0cl vl 97't6 8'1- 6£16¢ oo pueyory
68Y'¢l 69 6£'0 011 9Ll v'69 £S6 15 FARR 1) 65’18 6°0- el116¢ oo  Aswog o
¢8L9C 12S°€C 6 8€'0 701 €LI8T €79 8¢9 €01 16°¢ 8'¢6 +'9- 1806€ oo uosIgfyof
Geo'1l YeL'el 19 Iv'0 ¢ 9vbLl  0'S9 £8L cee 1061 Sl'6L 60 1906¢ oo UOIueH
8Cl'6 oLl S¢S 6£0 €Tl 180L1 0O'¢L 08¢ 86T LOSI 61'e8 ¥'¥ 6v006¢ oo uppjuely
618°¢l 969'¢l ¥'L 0 Sl 60081  L'99 S9L 6ve  9L'TT L8'YL St Se06t oo edoyedn)
Lerel oL 8€'0 911 89l €69 (427 6l LL'8 6606 6'1- €206t oMo b 2119
1 XA AA 86S°CI L'L LEO 86 12354 L'v9 06¢ 001 99 ve've 6'v L106¢ oo Jnng
. vul[OIB])
Pyl 6°¢ 680 601 LEBLT €69 18 10T LY'9C evIL ST 611LE YuON  3Inquapoa
gurjoIE)
6L8°C1 9V oo 911 00991 L'?9 1€9 60V 8¢YT 60'SL L9 L90LE UON ihs104
vuloIR)
8¢6'11 9°¢ AR S6tcl 1'69 6811 1€6 8T9¢ 7909 6 £90LE YHON weyandg
901°01 [€l'6 8¢ o t'L GeLee  TSL £c9 9y  60°Cl 68 ¥0- 6119¢ IOX MBN  JOISAYIISOM
(%) 0007001 (98,-08.)
(o) oy st spenpiatpu] (6L61) [ooyosySiy  Jod  000‘001 ueoLOWY aduey)
((u/B) uswk oyjso)  oyey  oswoouy Fuiysiu] spagj Jod  uedlyy  SNUM uonendog  apo)
(qdd) {pg sagyngojdwauny n  AudAod  UBIPIJN WdIdg eSO $10100( JUIDIOJ UV IR Kiuno) SITATN Kuno)H

BJU(] OJ1030S-A)UN0) 9y OfqeL




¥86'6 L19's T8 oo S'1 0e6St  T'8L 129 61T 971 £9°S6 v'v £90¢€S uol3uryse ouxodg
866t £v6’s 9 880 L'L L1LOT 98 00y 9Tt 1vY 6L'L8 €L £eoes uoj3uryse 3ury
SoTYl 6V €0 L0 60s¢l  L'19 6EL 65T 0TSt 6519 67 0ILIS enudiA H10JION
8I1ST1 9°¢ 8¢°0 LIt 1L691  §°L9 [AY] LOT 1Pt 6C'19 8T 0591¢ BIUDIA uojdwer]
1eV'9 tepTl St Se'0 8¢S 8S¥0T  0°0L 9t¢ Tl 1tC 68°L6 1'T 19116 eIEIA Mousoy
veL'e €L9°01 €01 6£0 vOI S080T SOL 8LS  TVT 9961 S6'9L 191 1028Y SBXa, SLUBH
Sov'1 eere LS 0’0 901 1Ls81  TIL 91§ ¥ET L¥'8I TT6L 8L e118Y SBX3], sejied
108°0 9909 V'L 170 §'81 G80S1  1't9 61L 11z 00°L §S'16 ¢£81 6208Y SexoL, Texog]
ShI'll LLL'TT 99 er'0 961 68¢Sl 6’99 €98 9L 8L1Y 09'SS TV LSILY 998SUUI ], Aqrous
9t6'tl 89 10 S'¢el 6951 L'€9 €CL 8ec 16l 8T6L Tl- S90LY 93ssqUUT ], UOJ[IUEE]
LLI'TI 1g'6 € 00 ¢TI 80v91 199 6SIT  T0b 9TCC 1S9L TV LEOLY 9955aUUR |, uospiae(]
guy[o18)
8SL'Y S1E01 T'§ LEO 011 SLOLT  9°TS L1E 98 9T €6'9L TEl 1605 yinog MO
vujoIe)
tit'e LYol T 0’0 €¢I 16951 ¥'L9 L9S1  9l¢ LS'8E 1085 8’1 6LOSY [nos pueyary
BujoIR)
v8v'0l 8'S 80 L0l 986t §0S €61 19 8¢l 1826 ¥'01 LLOSY inos Suaydld
gujoIe)
1€€°C iL6'6 8% o¥'0 811 86651 19§ €IS w6l 99°Ll 16'08 ¥'9 SYOSY yinos SflIAURID
surjoIe)
8LL'S 1eer 8y 10 6'L1 98yl 9'¢€9 298 ¥8¢  6LVE SI'y9 ¢S'¢ 610S¥ nog uolsapteyd
se8el <8001 v'¥ 10 611 pesyl 199 69L  9LT VOV LT'E6 81 LOOVY  pub|S[ apoyy 92uaplA0IL]
se6 9t 8€'0 66 LY891 0T Iy ¥l 0Lt 8Sv6 Tv SO0V  Puespapory HodmoN
Lee'L Le Leo 1L SSy81 899 97t il 6£0 0L'86 Vvt €00by  puejs]spoly 3
11¥Cl vSO'el €S 9¢'0 0L 68¢81 819 01¢ STl 06C L19% ¢ €EITY  eluBA[ASUUD] 04
686°S1 £ee'sl 9'8 8t'0 68 YO9LL  ¥'T9 pee  TO1T L't 66'S6 1T SZlty  eweajdsuudg  uojdurysep
(AXA 7se6l 69 ev'0 9'0¢C 691¢l €S [4%'] g8t ¥8LE oL'8S LT [0Izy  wueAfsuudg  enydpopeqiyd
1929 v08'T1 L'L LEO 8L OLy81 819 €I 891 9L LEL6 6'€ S60cy  eiweAlfsuusgd  uoydwieypoN
6vL'11 001°C1 €7 L0 L'y 80SCC  8'SL LS9 Ity 08¢ 09°t6 SV 160ty  eweaffsuuod  ArawoFjuon
(AAARR A LE0 16 091Lt 899 0L T0l STY STS6 L'e- $80Ty  wiueAjAsuuag 19019
150°L 80Vl 1L Le'0 801 gTost 999 8¥9  PL1 8V L086 8'1- 180z  EluBAJASUUS Bunuooky
aI'tl 960°Cl ¥'L L0 TL 06L81 949 1S9 00T TSI L6 v'e LLOTy  elueAlAsuuog Y3y
680°Cl 9'¢ SE0 VL 699L1 965 LSIT €T E¥0 6886 1't SLOTP  elUBAASuud uoueqa]
PSSl v'e 9¢0 S8 LeoLl  9'6S 143 STl o'l 6596 98 1L0Ty  elueAjfsuuag Jojseoue]
TEL'11 LSL'TL 9L 6£0 86 L9Tkl  8'tH 166 6L1 6V'0 L8'86 TT 6907y  ®luvAlAsuua  euueMENORT
(%) 0007001 (98,-08.)
(%) oy et spenpiatpu (6L61) 1ooyosySiy  1od  000Q0] ueoLRWY oSuey)
(;w/3) wowk oyjoon owy  owooup Juwswg spag| Jod  uwolyy  aNyA\ uonendod  9po)
(qdd){pg sajng ojdwouny Wi  AUOAO{ UBIPIJA JU0d1d eSO SI0100(] 9010 UG JuddIR  Ajuno) 28IS Kunop

BIE(] OJIooUs-Ajuno.) ‘'Y d[qe L,




¥$9°9 L6011 S8 9¢0 0L 60T  L'L9 8C¢ 611 €08 §9°06 S0~ 10166 UISUOISI A aurdey
9LL'8 809°11 S9 8¢€'0 TOI ¢CI8L  §'89 £C8  WLT 6¥'SI 118 v'e- 6L0SS UiSuodst QNBMIIA
85T'8 6 8¢'0 6Tl 00€ST  0'SL 9,9 vl 810 ¥0'86 S'S SE0sS UISuoost olterd ney
959'6 98L6 SV 80 L'6 60€81  L'¢8 9L9 ey 9.1 01'96 99 ST0SS UISuoIsI |\ aue(]
(%) 000001 (98,-08,)
(%) orey 1wt spenpiapuf (6261) 1ooyasydiyy  1ad  0p0‘001 ueouswy aduey)
(quy/3r) wowk oyjeoy ey  owooup Juwysiui spag| Jtod  umolyy oMYA\ uonendod  9pod
(qdd) *0s sowjngojdwouny D AAAOJ UBIPIJA JU9dIdg  BNASOH SIONO(] 224 IddIe] R  Ajuno) YIS Kunop

BIE(] 91100ds-Aun0)) ‘9'y O[qE,




Appendix B - Assignment of ACS Cohort Members to Metropolitan Areas and

Selection of Counties Used to Aggregate Metropolitan Area-Specific Covariates

194



Ajuno)) ourprewrag ues 12090

Auno) opIsIAR]  $9090 VSINd 0849  ST6'vT6°ct6 VO  HANM  08L9

816

L16°916

‘S16 V16 ‘€16

‘TI6°116 ‘016

‘806 ‘L06 ‘906

‘506 ‘v06 ‘€06
Auno) safeduy S0 L£090 VSINd  08tP  ‘T06°106°006 VO  ONVT  08bb
Aunop ousaty 61090 VSN  Ob8Z  8€6°L£6°9€6 VO  SH¥d 0987
Aunog a3uelg 65090 VSINd 09  8T6°LT6'9T6 VO HVNV 09€
‘Quno) ewtd 61040 VSN 0ZS8 LS8°958 ZV  SONL 0S8
Kunop edoousy €100 VSN 0029 £58 '7S8 ‘058 YA HOHd 0029

Auno) autes  §7160
Aunod pisend - 61150
Kuno) axouoT 68050

Auno) seuyned  $p0SO VSN 00bb  CTL°lTL‘OZL 4V D091  00bb
Ano) s1q0 L6010

Awunop wmpreg  €0010 VSN 091§ 9960 IV IGOWN 091§
Auno) uosipelN 68010 VSN Ob¥bE 8s€‘Lse IV INNH  ObbE

Auno) 1oN[BM,  LT110
Aunod 1D IS SI110
Auno) AqRys L1110
AunoD uosiajer  €L010

‘Alunop Junojg 60010 VSIN 0001  zs€‘isc‘ose IV WY 0001

siskjeuy AJIAnIsuag uj papnjou] souno) sjuswoy) [9A9] VIN dlZ IS ALID VSIS
sIsA[eug-oy siskjeuy jewidQ

$3JBLIBAOD)

ojtoads-sary ueyjodonay 21832138y 01 pasp) saNUNOY) JO UONII[RS puk sealy ue)jodondA 0) SISQUISIA LOHOD) SOV JO Juswudissy *I'q dlqe,




(1d) Kruno) usaey MON 60060 ‘0911 VS

‘(1d) Kuno) proyated 10060 0) 19Ja1 oy saeadde apoo J17Z 9y,
(hd) Lunoy uassy MIN 60060 ‘SuotiuIP YSN €861 U1 Ul IStxa
(1d) K1uno) prayaed 10060 10U 830p €91 [, J3quUUt YA 9y L, VSINd 0911 99 10 and €911
Aunoy ojgand 10180 VSN 0969 013 03 dand  09¢9
Aunod oM. €2180 VSIN 090¢ 908 0O IO 090¢€
Auno) 1pwueT 69080 VSN 0L9T ¢08 OO 1004 0L9¢

Aunop uosIajjer  6S080
funo) sednoq €080
Auno) 10AUs(q €080
Kuno) soyedery 50080

Auno) swepy 10080 VSIAd 0802 708°108°008 0O ANIA 080T
Auno) osed 14 14080 VSN 0CL1 608°808 0O 0100  0CTLI
AunoD eig) Biues 68090 VSINd  00bL 1S6°0S6 VO sors  o0ovL
Auno) ode ues 18090
funoy) oostouerj ueS /090 1244
Ayunod uLeiN - 14090 VSINd  09¢L  ‘eh6‘I¥6'0¥6 VO VIS 09eL
Aunop 03a1q uss  ££090 VSN 0Tl 126°0t6 VD gias  ozeL

Auno) ojox  €1190
funo) ojuatueidoes  £9090

Lunod 108 19090 856
Auno) operod 4 1090 VSN 0769  ‘LS6°9S6°Th6 VO  YIVS 0769
sisA[Buy AJAISUSS Ul papnjou| sapuno) sjuswwo) [9A97] VIN dlZ LS ALD VSIS

sisAjeug-oy sisjeuy [euiduQ




VA ‘Auno) piojjeis  6LI11S

VA ‘Auno) welipg 9oug  €5116
VA ‘K110 yied sesseuelyl  G891S
VA ‘Ko sesseurjl  €891S

VA ‘fluno) unopno1  £011S

VA ‘A yomy) sjied  0191€

VA ‘Ao xepuey - 0091

VA ‘Auno) xejuieg 65016

VA “funo) uoiBuiry - ¢101¢

VA ‘Ao eupuexaly 0151

dn ‘Auno) s 98100p soutly  €EOHT

AN ‘Auno) AIwoJuo  [E04T €2 ‘TTT
QI ‘K1uno) Youopal]  1Z0bT ‘12T '0TT 60T
Qi ‘Auno) sspeyd  L1ove ‘802 ‘LOT ‘90T

QN “AIUN0D LOAIED 600K *L1TJO P9 dIZ ¥ SEY NG YSIA o) 'S0T ‘0T €0¢

BIquinjod Jo Josia 10011 ut st (UAL }OHOpaL] Jo Ajunod A, VS  0v88  ‘T0OT'10C°00z Od HSYM  0b88

(1d) fyuno) xasAPPINL L0060
VSIWd LD ‘umoraippiy
(1d) Ajuno) usaey MaN 60060
(1d) KunoD) X9S3APPIN L0060 $90J0 d1Z © sey
VS 1D oADK MaN VS sty jo uoniod fjews e £juQ VSN 08%S §90‘Y90 1D AVHN  €8%S

(1d) Kunop) projusH  £0060

VSN LD ‘Uivilig MaN

(1d) Kuno) puejiol,  €£1060

(1d) K&iuno) uopuo MaN 11060

(1) Kuno) xasaIppIAL - L0060

(1d) KHuno) preyyonT  $0060

(1d) funoyy projuey 0060  AVHN UF S YOIYM $9( JO 9pod J]Z

VS IO ‘piofivy 8 sey SO st urospe styom (VSN (0208

(1d) Kuno) proyyonT 50060  (020S) UMORIPPYA “(0bHS) wieIg g u

(1d) AyunoD projueH  £0060 moN pue (0L11) [oisug (08z¢) Spnioxg)  njoxa)
VSN LD ‘loistig PIOJMBL] JO SYSIN 3yl sopn[ou]  ‘YSIND 78T 190090 1D I¥VH €8¢
sis{jeuy ANANISUSS Ul papnjou] sayuNo) pitleliiilve] [oA] VA diZ IS ALID VSIS

sis[eue-2y sisA[euy jewduQ




Aunop) vjoseses 11zl
VS Tol 'DIOSDADS
Auno) asjeuely 18071
VS T ‘uoiiapnig
Aunop sefsuld  €0121

funopy oasey 10121 01SL
AwunoD ySnotogsity  LSOT1 'SYSIAL MO 1aY) »
Auno) opusday  €50T1 ale pue gy¢ Jo sd1Z 2aey (016L) ovlt 9b€ ‘THE
VS Tol “1a1vauwa)y-dingsiatad "ig-vdun] ejoseieg pue (Qp[ 1) uousperg VSN ‘0878  ‘LEc'9ge'see 14 JNVL  08T8
Aunop vjo20sQ L6071
Auno) ajourweg L1171 ‘LP€ JO apoo J[7Z © sey
fluno) oduvI)  G60TI  InQ YSIAL SIS UT 8t KJunoD) £[039SQ VSN 096§ 8ZELTE 14 VTIO 096§
Awuno) suyor 1§ 60121
Auno) nesseN 68021
Auno) [eAn(  1€071
Awuno) A8y 610T1 VSN 009¢ zeeoze 14 OVE 009¢€
Aunop apeq  §Z0Z1
VS T "Ypauip-1uvtpy (0006) yeajerH-1wely pue
funop premorgg 11071 (0897) yorag ouedwo-poomAjjoH
YSId T4 ‘fovag -o[epapne HoJ [SYSId €€E
ouvdilof-poomdjjo-a1opaapnvy 140 ayp o) Ajdde sapoo g1z 9sayl, VSO  ¢66F  ‘zee‘lggfoge 14 AVIA 089¢
[N *Auno) wapes  €€0pe
Qi ‘Auno) 119D S10bT ‘papn|oul 10U St YOIYM (80 JO IpOd
34 ‘“Auno) apse) MmN €001 diz esequoniod Kosiof MON9YL,  VSINd 0916 617861 °L61 IA  WTIM 0916
s1sA[Buy ANAINISUSG Ul PapN[ou[ SONUN0)) sjuawuIo)) [oAdT VIN dIZ IS ALID VSIS

sisA[eue-oy

sisAjeuy jeurduQ




Aunod epy 10091 VSIW 0801 L€8 Al 1109 0801
vD ‘Qluno) 9a8oasnpy  ClZgl
VD ‘Kunoy satoooyeneyd  £50€1
TV ‘Kunod fjossny  €1110 VSN 0081  89£6l€‘8I€ VD NT0D 008l
Aunop uojepy  L6TEI
Ayunop Buipeds  ¢ozEl
Aunod o[epyo0y  LyeEl
Ayuno) Buipineq - €77€l
b::oU UOIMON  L1ZE1
Aunop Alusl  161€1
Auno) yauuimn - GEIEl
Aunop uoyng  [ZI€l
Auno) yiksiod  L11€L
Kunop anekey  ¢ligl
fAuno) sejdnoq  L60€1
Aunod qedeq  680¢1
funo) vlamo)  LL0g1
Auno) qqoD  L90E1
Aunod uolke[d €901
Aunop eaxorayD  LSOE!
Kunod snng  GE0€] 66€ ‘11€ ‘€0€
Kuno) moueq  1€0¢€1 VSIW 0TS ‘Tog‘log'ooe VO VILVY (0TS
mmmbx:/\ b_Z:m:om ul papuajouj sanuno)) sy [oA9T VIN diZ LS ALID VSIS
sisAjeue-ay sishjeuy [euiduQ




Auno) UosSIpLIAl  S6081
VS NI ‘wosidapuy

Awno) Aqiays - SpIgl
Aunoy uedio 60181
Aunop) ol 16081
Ayuno) uosuyor 18081
Aunod sYoLpus - £9081
b::oU qoodurl G6S08I
Auno) uoyiwey]  £6081 00¥0
Aunop suoog 11081 09% d1Z 34 sapnjout (000) R
VS NI ‘stjodvuvipuy uos1apuy Jo ySIA usoelpe ay, SYSI 08¥¢ T9F ‘19t ‘09% NI IANI 08ve
Aunop euod L7181
Alunod e 68081 0deoy) Jo VSO ot Jo 1ed VSINd 0962 Ppeoy NI AMVD  096C
A “Kjuno) uosiopusl  [Q11¢
NI ‘Aunop yoruepm  €L181
NI ‘Aiuno)y ydanqsopuep €918
NI ‘Kyunop Kasod 62181 VSN  0b¥e LLY*9LY vy NI NVAT  Ob¥bC
KunoD) sommoy - 0181 VSN 0701 vly NI OO01d 0701
Auno) oqe L60L1 ‘(mopaq 995)
VS TI ‘Guno) ayvg Apms SOV oy ur saoefd ajeiedas
Auno) [IM LGILT  Se papn[oul o1 ByYSOUS pue puowy
Kuno) Apuniny €901 -A1en) “1onamo} '(596¢€) L iuno)
VS TI 121101 e (008¢) eysoua) (069€)
Auno) [epusy] €60L1  otfor ‘Apmis SOV oy ul Ao sjeiedas
AunoD auey 680L1 € ST YoM (0967) puowwIeyy (008¢
VSIWJ I ‘W8)g-pi0amy -1 ‘( €09 pue 709 2oejdas pue
Aunoj AlusHoW  [[1L]  oAey Aew yorym) 809 pue £09 spoo  (SYSId 06T
Auno) o8ed @ £HOLI dIZ o sopnouf os[e yorym (0091) Sup  Buip-n 909
Auno) %00 1€0LI o8eoly) (0z90) wd[g-elomy  -npoxa)  [9X39) 609 ‘H09 ‘€09
VSN "TI '0321yD 'SYSIN o) sopnjoul VSO AUL  VSIAD 2091 ‘209 ‘109 ‘009 1 DJIHO 0091
sisAjeuy KJANISUSS Ul papnjouf sanuno) SJUAWIWO)) [9A9] VIA diZ IS  ALID VSWS
s1sA[eue-2y] sisAjeuy [euIsuQ




funo) projpoop  6£Z1T

Auno) 103§ 60712
\QEBOU aunuessef  ¢€111¢

Auno) anede  £L901T
Aunod e 6+01Z

Auno) uoqunog L1012 VSN 08¢y Sov ‘bOb ‘coy AN IXH] 08¢v
Ayuno) yormaldpas  ¢€L10T
Aunoy saping 1002 VSN 006  TLO'1L9'0L9 S HOIM  0V06
Auno) saumeys L4107 VSN 0v8 999 ‘699 ‘499 S 4401 0vp8
Auno) owalg L1061
Auno) yme ovig  €1061 VI 2q p|noys uonerAsiqqe aus ay J, VSN 0768 L0S O HLVM 0268
Ajunod anbnqn 19061 V198q p[roys uonhieiaaiqqe ams o |, VSN 00zt 0cs Ol  Ndgnd 00¢¢
Awmop uauepy 18161 VI 9q pInoys uoneiadiqqe
Auno) jjod €161 ams oy, (Aiuno) y[o()
Auno) sejied 61061 SOUIOA] §9(] Ut Os1E 81 GG OpOI ([Z VSN ocic £0s (0] IONd 0clc
Kiuno) uosuyor €0161 V] 9q pjnoys
VSI VI ‘611D bmoy uoRIARIqqE 2IWIS O |, '£TS pur 00S¢
Auno) uury  ¢ri6l TTS $2p0d {17 oy sey ose (00S¢E) D
VSN O ‘spidvy iwpa) A1) BMO] JO YSIA uddBfpe A, SVSIN 09¢l ZA A4S Ol dVi0 09¢1
Auno) oS1A L9181
Ayunop L8y 17081 VS 0zes SLYy NI  (OVHL 07¢8
Auno) ey 6£081
VS NI ‘Uoyson-1amyylsy 0gee
Kunop ydasor 1S 14181 $9¥JO dIZ ¥ sey os[e (0g€T) uayson L
VS NI ‘puag ymog -JeY[H JOo YSIN uaoelpe oy |, SVYSIN 008L 9% ‘S9¥ NI NAdS 008L
sisAjeuy ANANISUSS Ul papnjou] sanunoy) Rjlilliive) [0AD] VIA diZ 1S ALID VSIS

sisA[pue-0y sisk[euy [puIdLIQ




(1d) Hunop anysdwey 105z

‘0008 VSIAId 01 19§01
0} seadde sap0od ([]7Z Y1 10AMOY

‘SUCHIULOP €861 Y Ul ISIXD

(1d) Hunop uopdwiel €105z 10U S0P €008, QN VSIS A1, VSN 0008 1o‘oro VW [AdS €008
AyunoD sang  £00 §T
Auno) osfquistueg 100 ST
VI U1 S20UN0D (nany ‘K1) sayng
(1d) Kiumo) yinowlk [ £Z0ST pue A1) sjqusuing *£10 Yinowk|J
() fHunop uoisg  goosz  Jo Med o) Ajdde o) saeadde gz opoo
VS VI ‘piofpag MaN  d1Z 941, "LT0 dPOd J17Z A4 sey MON VSN 00¥S ¢ VN QdEN tovs
(1d) KHunop) 1is90100  LZ0ST
(1d) Kunop yjoyng - 70T
(1d) KHunop yinowik]] €205z
(1d) Kunod HjopoN 1702 '0Z11 VSN 01 19g01
(1d) HHruno) xaSPPIN L10SZ o} aeadde sapod 17 o) 10A0M0Y
(1d) KHiunop xoss  600ST ‘SUONIULIOP €861 O UL ISIXD 70
(hd) Qunoy joisg  g00ST  Jou 80P €711, Pqunu VSINS 9y, VSId 0Tl 120°0T0°L10 VN 1SOd ¢Cll
0iLJo
ystie oppe)y  L10TT  9POd {(I7Z © Sey VS S ul sTolym
ysueg JaIssog] - GIOZZ  OppED JO Ajunod aup Jo Ajuofew oy, VSW 089 11, V1 HIHS 089L
ystied isndeg sy uyor 1§ $602T
UsHeq sa[1eyd IS 680TC
ysted pieweg S L80CT
ystied suespig  [L0TT t0L JO ap0a (17 B sey inq
UsHeq UOSIJJAL  [S0TC  VSIALSIUM Ul st Ajunod Auewue, ‘1S VSN 09SS 10L00L V1 TION 095§
st o8noyf uoleg 1S90 12122
ysueg UOISTUIAIT - €902
ysuied o3noy uoleq isey  ££07T
Ysligd uolsuassy  600¢¢ VS 09L 80L°L0L V1 OLvd 09L
sisAjeuy AJADISUSS Ul papnjouj sanunoy) SIAWIW0)) [9A9] VIN diZ IS ALID VSIS

sisA[eug-ay

sisAjeuy [BuduQ




‘00%9 VSN 01 Jajad
01 1eadde sopod J17 M Joaomoy

(1d) Kiunop SO X 1£0€C ‘SUONITULIAP €861 OY) UI ISIXD
(1d) Kuno) puepraquiny - gOOET 10U S0P, £0HY, FPQUINU YSIAS ], VSN 00¥9 0p0 ‘10 HW  LUOd £0¥9
‘0C11 VSN 01 19§21
01 seadde sopod J[7 ) Joromoy
‘SUOIIULJOP €861 oY) ul 181X
(1d) fiunop wdoosorpuy  100gg 10U S0P €T 11, JOQUINU VSIS AL, VSIW  Obty N IMFT 13444
‘0€L0 VSN 01 12j01
o} teadde sapod {7 9 toramoy
Auno) opleM  LT0EL ‘SUONIUL}OP €861 A1) Ul ISIXd
(1d) Kunop 100sqoudd  610E 10U SAOP ,€EL0,, JOqUINL YSINS A, VSN 0¢L bp HN DNVH eeL
Auno) s,autry udan®)  SEObe
AunoD premoy  Z0ve
Ajunop piojiel  SZ0bT
Auno) [jous)  €10be
Auno) azownjeg  SO0FT
Ao arowmeg 01k
Aunop jopury ouuy  €00bT VSN 0zL cligtiz’olc AN L1vd 0ZL
‘0vT6 VSN 01 19§31
0) 1eadde sopoo (17 A1) JardmoY
‘SUOLITULIOP €861 dY) Ul ISIXD
(hd) Kuno) 1152010\ LZOST 10U S0P , €16, JOqUINU YSINS Y, VSN 0vT6 910°S10 VI DUOM (3443
sisAjeuy AJADISUIS Ul POPRJOU] SONUNO) SjudWIO)) [oAd] VIA diZ IS  ALID VSIS

sIsA[pue-9y

sis[puy [pwduQ




1A ‘Kiuno)) sei8noq  1€0SS
NIA “Aiuno) sino11s  LE1LT

Aunop mewrdeg  c19g

Ayunop) pueipin- 11192
Auno) Aeg  L109T

KAunop weySup 9097
Auno) uoles]  SHO9Z
Auno) uoyny)  ££09¢

Auno) 00s0u0D 64097

Ano) meudisery 19197

VSVl IV toquy uuy
Kunoy aukepy  €9192
Aunoy D IS L9z
Auno) puepe  <Z192
Auno) 201OW  S119¢
Auno) quostiy  6609¢
Aunop uoIsTUIAIT - €609C
Liunoy soade]  £8092
VSWd TN ‘Ho.iaq

N 1524\ )OS Uj SO1IUNOD

qeig pue Lojje A uapon) ‘sdulfjigl
‘stepy ‘ugtmogy “1o8uniof] ‘odolg
0y urgpad 0 s1eadde 98¢ apoo ({jZ
L "8%S 9p0d (7 o sey inq VSN
sip jo wed st pp ‘Auno) sednogg

(0912) nonax pue (0y+0)
Joqly uuy [SYSJAd oy sopnpou]

VSIN

VSN

VS

VSIN

VSO

0vee

0969

0voPy
0v9¢

Ie

886 °L86'98¢  NW  NINd

L8V 98y 1IN IDVS

687 ‘88 1IN SNV
S8y 'y8y 1IN NI'Td

€8y
‘T8 I8V 08y TN ¥lAd

0vee

0969

1120)7
0¥yt

091¢

sisjeuy AIANISUDG Ul POpnjou] $a1UN0Y)

sjudwo)

oA

VIN

dlZ IS  ALD VSIS

sIsAjeue-9y

sisKjeuy [pwduQ




S ‘Ko anopuedpy 60202
S ‘Aluno) nmueiiy 12102

S ‘Auno) YUOMUBALYT €107
S ‘Aluno) uosuyor 1600t
VSINJ SY ‘1D sosuny

OW "Kunod A LL167
OW ‘Kunoy aneld  §916¢
OW “Kuno) anakeje  L016C
OW ‘Aiunoy uossyoef <606z
OW ‘“Aumno) &ejd  Ly06T "(09L€)
OW ‘Kunod sse)  LEO6T O ‘KD sesuwy] pub (S6L€) SN 199
VSIWJ OW ‘1D sosupy  ‘AND susuey iSYSINJG P sopappul VSO T9LE ‘099 °1p9°0¥9 O SNV 0YLE
IM ‘Alunod X101 1§ 6015
NI ‘Kuno) Waum  1L1LT
NIA ‘Ano) uoiduiysepy  €91LZ
NI ‘Aiuno) 1oog  6€1LT
NIA ‘Aunoy) Aoswey  €Z1LZ
NI ‘Aunop nuesy  650LZ
NW ‘Aunoy uidouusy  ¢S0LZ
N ‘Auno) ejoxe  LEOLT
NI ‘Aiunop oesiyy - §z0LT
NI *Alunod JoA1e) - 610LT 1433
NI “Aiunod eouy  £00LT VSIN  0ZIS  ‘€SS°ISS'0SS  NW  NNIN  0zTIS
sisjeuy KIANISUIS Ul papnjou] sapuno)) sjuduIwo)) [oA97] VIN diZ IS ALID  VSIAS

SISA[Bue-3Y|

sisAjeuy [euiBLiO




DS ‘Aiuno) 10X 1605

ON ‘“Aumo) uoluny  6LILE

DN Aoy uemoy  6S1L¢

ON ‘K1uno) FanquopyodlN  611LE
DN ‘Ayuno) ujosur  01LE

ON ‘Kjuno) uoysen)  [LOLE

ON ‘Kiuno) snueqe)  SZ0LE

gN ‘funo)y uoiBuiyseph  LL11E
TN ‘Kiuno) Adieg €6 i¢

AN ‘Auno) seidnoq  $501€

NI ‘Aluno) stwenemenod  ssi6l

Auno)) soiseoueT  ¢0II€

fiunoyy apuase)  €100¢
Aunoy) SUOISMO[PA  1110¢

Auno) upjuey 1218
Aluno) uosIpeiN 68082
AwunoD spull]  6408¢

1 ‘Auno) e IS €91L1

[ ‘Kuno) uotur)  LzoL1
VSN TI "2]{iaa]jog-sinoT IS 1sv7
1 ‘Awuno) uosIpeIlL 61141

1 Auno)y Kosof €80L1

VSINd TI ‘Gt anunan-uoipy
OW ‘AnosmoTs 01567

OW ‘Auno) smoT S 68162
O ‘Aluno) sapey) 1S €8167
O ‘Aiuno) uosIgjjef 66062
O ‘Kiuno) uppjuery  1L062
1 ‘“Auno) s0IUO  €E1LI
VSINd O SthorT i

N 9q pInoys uoneIAdIqqe 91v)s Ay |,

TIN 99 PINOYS UONRIAdIGQE d)BS Y],

‘(ovoL)

$IM07 1S pue ($8ZT) 2ANAlled
-s100°7 15 1seg {($L20) A1
INURID-UONY SYSAJ o) Sapn[ou]

VS

VSIN
VSN
VS
VS

VS

VSO

oSt

0266
09ty
0v0t

088

096t

oL

L6T
‘78T ‘18T ‘08¢

616 ‘189 ‘089
$89 ‘489 ‘€89
¥6S

165 ‘06

6¢ ‘16€ ‘06¢€

1€9
‘0€9 ‘779 ‘029

ON

gaN
€N
LN
LN

SN

O

UVHO

HVINO
ONIT
TVIAD

T

ADVI

Nnois

0zs1

0765
09¢y
0v0¢e

088

096t

0v0L

s1sA[euy ANATISUSS Ul papn|ou] sanunoy)

sjusuio))

[AST

VIN

diZ

LS

ALDD VSIS

sisAjeue-ay|

sisA[uy [euIsuQ




(1d) Kiunoy weySumooy  §10€E
£yuno) ydnorogsyiiH  110€€

VS HN "MMYsvN
(1d) Hunop weySuooy  §10€€

1€0 2poo
d17Z 9t sey osje enyseN Jo VSIN
Juooufpe S L, "09Ly VSIA 01 1501

(1d) Alunoy) YovWILO  £10EE 0} 1eadde sapos 17 2y 19A2m0Y 0s¢s
() Kunop ySnotogsiiiH  110€€ ‘SuonIuLyap €861 A Ul 1S1Xd ¥
VSV EIN “ISolainpy 10U S30p €9/ b, Joqunu VSINS UL VSN 09LY 1€0°0€0 HN ONVI £9LY
QZ -%:—300 mmwo N\ —me .WOW .wO P03 JiZ & mum—
NI Aoy ey LZ0LT Inq VS 94 ur st NIA A1unod Kep) VSIN 0csc . 18608 AN  DUVd 0cst
AJUNOD) 3104 PUBID  CE08E VSN ¢86¢ 8¢ AN ¥0ID  S86C
Auno) oMo 6S08E
Aunoy ydiopng  §108¢ VSN 010t 686 AN INSId 0101
Auno) oNepm  €81L¢
Auno) afuLt  SEiLS
Aunop utpjues]  690L¢
Ajunon weying  £90L¢ VSIW 099 LLToLT'slc ON d1vd 0v99
Auno) souswL]y  100LE
VSIV DN to1suiping
Aunop unypes  L61LE
Luno) so401S  6Y1.LE
KAunop ydjopuey  [SILE
Ajuno) projiinD  [80LE
AunoD yhsio  L90LE
Aumo) alaeq  6SOLE
Auno) uospiaeq  LSOLE ‘TLTOpOd 00¢1
PSIW Iz o seq osye (gog 1) uoiButpng » vLL 8L
ON ‘HM10g Y3I-apng-uoisul 4-0.10qstaalry - Jo S uadelpe o jo Ajofew ay VSN 0ZI€  ‘tiziiLz'oLc ON HIMD  0TIE
sisAjeuy AJANISUAS U papnjou] sanunoy) SUAWIO)) oA VIN diz LS ALD VSIS

sis[eue-oy sisA[euy [ewdLQ




Ajunop Junwoyd - §109¢ VSN GEeT 6v1 ‘8l AN INTd  Seet
1341
Aunod oL - 6209¢ VSId 08I ‘TP IpL'oPl AN ddn€g 08I
Aino) Ape1oausyos  £609¢
Kunoy vfoeres  1609¢
Auno)) 19[assuay  £809¢
Auno) AsowoBiwo  £509¢
Auno) auain  6£09¢ £Cl
Ayunop Auvqry — 1009¢ VSIN 091  ‘zerreiorl AN vdlv 091
Kunoy soysep\  1€0Z€ VSN 02L9 S68°‘v68 AN  ONTI  0TL9
Aunod jel) - €00TE VSW 0TIy 168°068 ‘688 AN  DIAT  0T1¥
Aluno) ofjijewsag  [00SE VSN 00¢ TLBIL80L8 WN N1V 00¢
Auno) 10210 170bE VSINd  08Y8 980°680 (N  NAWL 0848
$0p0Od ([7
KLiunoy olessed  [€0bE 9.0 oAey Kiuno)) uoSiog ur sanio
Ao uadiog  €00pE [BI9ADS (VSN dlessed-uaiiag VSId SL8 pLO‘SLO (N HLVd 0909
Aunoy uowiny  6E0vS
Aunoy xossng  LE0bE
Auno) SLIOW  LZOvE 6L0 ‘8LO
Auno) xassy  €10b¢ VSINd  0b9S  ‘TLO'ILOOLO [N VMIN  0b9S
(HLVd 99s) VSN dressed
-uaIag Ul $19/0 ‘YSId SI ut
AWunop uospny]  L10pg  PAUILIu0D Os[e ST (L) 9p0d d1Z dYL VSNd  0t9¢ 9L0‘€L0 [N LIDr 0v9¢
'05¥9 VSN 01 551
(1d) HN ‘Cuno) popyeis  L10€€ 0} 1eadde sopod J[7Z o) J0AIMOY
(1d) N ‘“Sunop weySuryooy  S10¢€€ ‘SUOLIULJOP €861 AU Ul ISIXd
(1d) A ‘AUnoD 0K 1€0ET 10U S0P €69, Joquuntt YSINS oY, VSN 05%9 6£0'8€0  HN  1JOd €S9
sisA[euy A)IANISUOS Ul papn[ou] SaNUN0) Jiielillilive [oAdT VIN dIZ LS ALID VSIS
sIs[eue-9y sisfjeuy [puISLQ




Ao yiwig  [616€
Ayunod [loue) - 6106¢ _ VSIW  0zEl Lyy9vy  HO INVD ~ 0ZEl

Luno) nuwng €565
Aunop afeuod  €£16€ VSN 08 ¢y ‘thr HO  OWAV 08

Kuno) epug  $909¢
AyunoQ sow{IOH  €h0YE VSN 0898  SEI'pEr‘eel AN DJILO 0898

Auno) oGamso  §L0Y¢
Liunop edepuou  £909¢
Alunod uosIpeN - £509¢ VSN 0918 cELIEr’'ocl AN VYAS 0918

Kuno) sukep  L119¢
Auno) suedig  €L09¢
Auno) ouBiup 6909
Auno)) 201Uo  §509¢
Kjunop uolsIWAIT - 1509¢ VSN 0v89 9p1 'Skl P¥1 AN HOOY  0¥89

Kunop ssaqoing - Lz09¢ VS 09t9 9z1'¢ct AN DNOd 099

Auno) 191594019 61 19¢
Auno) puejooy  [809¢
Ayuno) puowyory  $809¢

Auno) sussnd)  [809¢ 911 ‘pit el
Aunod wewng  6L09¢ ‘THLtront
Ajuno) 10X MON  1909¢ ‘801 “LOT ‘901
AyunoD s3ury  Lp09¢ 601 2P0 dI7Z a1 sey g VSIND ‘501 ‘¥01 ‘€01
Ayunop xuorg  §009¢€ ay) uy osfe st AUNOD pueppPoy  VSINd 0095 ‘TOL‘101°001 AN YOAN 009§
Kunod yjoyng - €019¢ 611
Ajuno) nesseN  6509¢ VSINd  08€S  SITLIT'SII AN SSYN  08€S
sishjeuy ANAINISULS ul papnjouj sanuno) sjawio)) oA VI diz LS ALID VSIS

sisAjeue-oy siskjeuy feuduQ




KAuno) pueyory  6£16¢

Auno) saping  £106€

funo) Apwoduo  ¢116€

LAuno)y iy 6016¢
Ajuno) suddInD  LS06¢
Auno) v £206¢

Auno) woluny  6516€
Awnop Aemexdld  6Z16€
Ayunoy) uosipely  L606€
Aoy Suppoi]  6806<
KQuno) urpyuer  6y06¢

Auno) proyae]  SH06E
Aoy asemeR(  1H06S

Auno) U0 €606¢
VSWd HO ‘Dradjsi-uiniory
Kiuno) BuIpdON  £016¢
Awno) axqu] - ¢ROGE
KAunoy ednedan  ¢c06¢
Auno) eoyeAnd  ¢Eo6¢

VS HO ‘Puvjacal)

HO ‘Quno) usue . S916¢
HO ‘AQuno) uoiiwey  [906¢
HO ‘fAuno) jouus[)  SZ06E

AM ‘funoy uoway  L111g
AN Aunoy qeqdwe)  L€01T

AY ‘Kuno) suoog  §10I1¢
NI ‘Aiuno) wioqieaq  6z081

‘pauBisse o19m $9p09 (17
ou aouis Apmis ayf) ur papnjout JoN

(0bpy) 1k

-HIRIOT JO VS Yuooelpe ur Kjuno)
UILI0™] SIPNJOUL O 90D ([Z I

VSN

VSIAd

VSIA

VSN

SYSId

VSINd

000z

ov81i

Ot

0891

091

6by ‘8b
0S¥

SSh “pSH €S

AS 20 $9 11% %

Iy ‘Ovy

1187
‘0LY “TSY 1Sy

HO
HO
HO

HO

HO

HO

HO

[AdS
SNV 008¥
INVH 00Tt

LAvd 000¢

110D 0v81

AHIO 0891

ONID  0¥91

sisA[euy ANARISUSS Ul papnjouj Sauno))

Silisltitivg

[0A]

VIN

dlZ

LS

ALID VSIS

stsAjBue-9y]

sisjeuy ewduQ




funo) Auad 6607V
Auno) uouvqa  SLOTY
Aunop wiydneq  €v07d

Aiuno) puepoquind  140zy VSN ObE IL1'0LL V4 WYVH  ObeE
Anno) ol 640TY VSN 09€2 9191 vd  HIMA  09€T
Awnop vig  €10Zh VSW 082 91 vd OLIV 082

vd ‘funo) uoydweyioN  $60z
vd ‘“Sunod ySa  LLoZY
vd ‘Aluno) uoqied  $zoTh o
[N ‘Aunony wariepy  [40¥E VSN ove 118108l v m_‘3< ovm

Auno) e 1L01Y

Lunop uoiBurysepy L9011

Auno) yewouwny 15014
Aunop seweyoey G001 VSINd  Obb9 TL6IL6'0L6 YO 1d0d 1] 44Y

Aunoy atwomenod  SzIov

Lunoy ewoyepio 60104
Aunod uOW  L800b
Aunop uefoT  €800¥
AunoD pusjaAa)  Lz00d ‘$L JO 9pOD JI7Z B S8y Inq
Aunod ueipeus) - L100y VS SIY) Ul ST AJUNo a1woleMeo g VS 088 1EL0EL MO VIO 088¢

Aumo)) fnquiniy,  ¢S16€
LAuno) Fuuoye iy 6606¢ VSN 0€6 Shv'vbP  HO NNOA  0T€6

Kyunod pooy  €L16¢€
b:on seonT  S606¢
Lunopy uoyng  1606€ VSN 00¥8 oev‘Sevy'vey  HO  TTOL 0048

AM ‘Klunod 3oodusr  6Z0bS
AM ‘Kiuno) aoolg  6004S
HO “Auno) uosidgyar - [806¢ VS 0808 097 ‘6¢¥ HO NALsS 0808

sisAjeuy ANANISUDS Ul papN{oU] SANUNOYD) sjudInio)) [9A97] VIN diZ LS ALID VSIS

SISA[RUB-0Y] sishjeuy [ewdup




Aiuno) FurwoohT 180 VSN 0b16 LLT Vd CTIIM Ovl6
Auno) 101N 80T VSN 019L 191 vd ¥VHS 019,
Auno) 121U3)  LZ0T VSN 0508 891  vd  T00S 0508
Aunod syiog  110Z¢ VSN 0899 961 ‘61 V4 AVAY 0899
Aunoy JeAvag  L0O0ZY
VS Vd ‘“GQunop) toanag

Aino)) pueatounssp  6ZIZY

Aunod uojulysepy  Szizh _

Auno anakey 1507 ((0829) y3magsnid

Auno) Auaydsfly €00z pue (G| JO 9pod {17 & yia (S80) 951 ‘b1 ‘€SI

VSN Vd ‘Y3nqsug  Auno) J0Avag [SYSING W sapnjou]  VSIND 2879 ‘g1 isi‘osl vd LLId 0829
vd ‘funo) eiydispeiyd  101gy
vd ‘Aunop AswoSuo 1602y

vd ‘Aluno) azemepq  SHOTH

Vd ‘Auno) 1s9yD 670y
vd ‘funo) syongl  L10Z

_,Z .b::oU ._Bmooso_o m—ovm.. .o._o: vows_o:_ jou a.ae :oEB ~wo

[N ‘Aunod uspwe)  L00FE  pue 080 SPOd JZ oy oAy VSN v61 ‘€61

[N ‘“Auno) uoiduipngl  §00HE Sl joopis (N O uosand oy,  VSIWd 0919 ‘161 ‘061 ‘681  Vd 1Hd 0919

LY1 pue g8y ‘781

ﬁ:w xh_ wuvs_o:_ OZ_c :5 A\AE:OO

c::w?mv_umv— E —:ce mw_ —u_.—c

¢w_ muﬁOo n=N 05 muv:_o:m o.ﬁmm—
SN[ A\ -LOIURIDG YSIA O], 'V d :

Auno) euuemeyorT ¢90zZy  ‘uoidwBLON Paj[Bd VA OU §1 219, Aluno)  690zZy G81 ‘v8l vVd  LION ShLS
Ayunop sojseoue  1L0 VSIW 000y  9LI'SLI'ELT V4 ONVT  000%
Auno) jasowos  [[1Zh
Auno) uenquie)  1Z0Th VSN 089¢ 65161 Vd  NHO[  089¢

mmmh_wcx\ %:Z:.m:om E vovs_oc_ mocssoo m:._o:::ohv _o>u..— <—2 AZN ,rm >,:U <m2m

sisKjeue-ay

sisAjeuy jewSLQ




Auno) uosiopuy  L00Sy

VS DS ‘tlositopuy
funoy Sinquenedg  ¢805H

.Amovov uosIapuy jo

Auno) suadld  LLOSY  VSIAL Juddulpe o) sapnjoul 96z 9pod SOP0
KunoD afIAuRID  §HOSY  dI7Z UL €67 JO dIZ © sey 1nq VS s
VSN DS 2115 si ut osje st Kjuno) anqueneds SVSIN 091¢ 96z JOS HIAD 091t
Aunop puepyory - 6L0Sy
Aunod uojBuixey €905t VSIW 0941 T6T°162°06C JS  NT0D  09L1
Kuno) 1a1sayoro  SEOSh
Auno) uosapey)  610Sk
Kuno) Kojoxjtogf G105t VSN Obbl vz  OS  UVHD  Obbl
(1d) 1y ‘Aiunop aouspiaold  LOOYY
(d) VN Kunop) 101500100\ LZ0ST
(1d) VIN *Aiunop yjojioN 12052
(d) YA “Kiuno) joistg - $005¢
VSWd
VIN-IY ‘0-10qaj1}y~12Y205HOO0 f{ -1oYI1IMB ]
(nd) pf *Kwunoy wodmaN  SO0bY
(1d) VAL *Kuno)y joisig  $005T (LT0 dI7Z :0847) 1Ay
VS TI-VIN oAl 0o 111 PUe (LT0 dIZ 0909) 01049[NY
(hd) KHiunop uosBurysepy 6004y -19300SU00 M\ -10oMIME ] (670 puk
(hd) Qunop souapiaold  LOOKY  8TO dIZ ‘089) 20U3pIAOL] SYSIN
(1d) KHunop podmaN  cooby a1)) sapnjouf *08+9 VSIAJ 01 19jo1
(vd) Hunop wey  €00bY o) aeadde sopod J17 o1 JoAdMOY
(hd) Quno) joisug 1004 ‘suomuLap €861 A ul Istxo
VS 1Y '22Uap1t04 10U §30P €849, JQUNU YSNS UL VSIND 789 620 ‘820 ‘L20 A AOYd  €8¥9
Aumod 10X - g€1Ty
Ayuno) swepy  100Zh VSN 0876 bL1 vd  ORIOA 0876
s1sA[euy ANADISUSG Ul papnjouj senunoy) $HULWo)) oA VIN d1Z LS ALID VSIS

sisAjeue-ay

stskpeuy [ewdnO




fiunop o8uvlQ  [9¢8k
Auno) uosIgyer  SHI8Y
Auno) wipiey  6618% VSN 0v8 LLL'OLL X1 qvdd 0v8

N ‘Kiunop ArowoJwow SziLY
VS AN-NL INasuIydog-ajiasyin))y
Ao uosjip - 681LY

Auno) uoswielii;\  L81LY

Lunop ouwng 9Ly

Auno) projroyny 6 (Ly ‘7P Jo 9pod
Aluno) uosiaqoy  LylLy diz v sey A aqpasunidoH ‘SN
Liunod uosNOIg  €HOLY 1etp ur K310 1atpo ot ng (0991)

Aluno) uospiavl  LEOLY afiasuidop -o1j1AsY IR JO VSIA
Auno) weyeay)  [zoLy  wesefpe oy ul Kuno) K1awoduopy

VS N 2IltaysuN opnoul [L¢ pue (OLg SapOd (7 VSN 09¢¢ TLE'ILE'OLE NI HSVN  09¢S

NL ‘Aunoy uoidiy,  £9[LY
N “AunoD Aqpous  LS1LY
S ‘Aluno) 010§ 9q  ££087 £TL
YV ‘Auno) uopuani) - $g0s0 VSN 0T6v  ‘98€°18€°08¢ NI JdWNIW  0T6¥

Aunmop uoruny  ¢LILY
LQuno) 101A08  SG1LY
Lo xouy  ¢60LY
Auno)) uosidyor  680LY
Auno) wiwein  £L60LY
Luno) wnolg  6O0LY
Ayunop uosiapuy  [00Ly VSN 0v8t 6LE ‘BLELLE  NL XONM  0¥8¢

NI ‘Kunop) anojenbag  ¢51Ly
N ‘Aluno) uolely - SiiLY
NLL ‘Aiuno) uoiwey  S90Ly
VD ‘KQuno) 1ojiep S6zEl
V0 ‘Qunoy opeq  €£80¢€1

VD ‘Auno) esooe)  Lyogl VSIN 0961 LOEPLE'ELE NI LVHO 09¢1

sisjeuy KJIANISUSS Ul papnjouf sopuno)) sjuawwo)) [0AD'] VIA dlZ IS  ALID VSIS

sisA[eug-0y] _ siskjeuy [ewduQ




Ayunop) usa1p woy,  §h8Y VSN 00T 69L XL DNVS 00Tl
Aunop YooqqnT - €0€8Y VSN 009% veL‘eeL X1 44N 009¥
(SLL) ATTVD) i papujout
Awno) 1M €L¥SP a1e fjuno)) stuegf jo ued pue
Ao KowoBiuoy - 6eg8y K10 A1aqrTJo IS0 “(bLL) H91TBM
Kunop Kudqip  1678Y pue puag 10, ‘(gLL) AowoTiuopy
Auno) stuey 1078y :S3p09 (J[7 Juissiu o1 Inq VSN
Auno) puogl Mol LS18 ot} uy a1e sanuNod Fulmo[[oj Ay, VSNd  09¢t TLLUILLOLL XL SNOH  09¢€€
UOISNOH “VSIND SHy)
Auno) vuozelg 608y Ut VSIALJ 1910 9 apnjour jou soop
VSN X1, ‘vioznig 11 (Sp11) euozeig VSN oY) se Syl
Auno) uoISOARD) L9181  [[oM St (QZ6T) KD SBXD [ -UO)SIA[RE) b
VSINA X1, ‘01D $DXa[-u01saa i) VSN 94} 10400 0p0d JIZ 9L SYSINd  026C SLL XL  ATVD  076C
‘Aprus siy) U1 100 O] SeA\ Inq 0Se ]
Aunoj osed [ 1418y 2 10J pasn os[u ST g88 9pod (17 A, VSN 0T¢d 66L‘86L X1  SVdd 0T
Auno) uoseln [818b
VS XL ‘UOSItaq-untitays
Luno) uene], 6ey8y
Aiuno) Joqied  L9E8Y
AUnoD) uosuyof [SZ8Y
VSINJ XL ‘HOIBUNAY-U)10 4 1Os] (0082) uoydurp-ypiop
Aunop [[emyo0y  L6E8Y o, pue (0z6 1) Selled SVSI
Auno) ueuyney  LS78y AU SIPNdUL YSIND SILL "0SL Ipod
Auno) siig  6¢18 dIZ 2y sey osje (0pyL) uosua(
Loy sefie  €118p -uBuLIAYG JO VSN wwasulpe oy 092
Aunop ujlo)  §808y  Jo Liofew ayy, 7Y/ s1opod JIZ S VS W ¥ 19L ‘09 “€SL
VSWd XL 'Stivg  nq VSIND SIY) ut st Ajunod uojua( VSINO  TT6l  ‘TSLUISL'OSL XL TIVva  0C6l
Auno)) oo ueS  GOV8Y
Aunop) sooanN S8k VSN 0881 ¥8L'E8L XL UHOD 088l
sisA[euy ANATIISUDS Ul papnou SaNUN0Y) sjudwwoe) [oAd] VIN diZ IS ALID VSIS
sisAjeug-oy siskjeuy [ewiduQ




Auno) Y104 6611S

Ayo Bangswei[ipm - 0€81S
Ano yoeag BINBIA 0181
Ao ylons  0081S

Ao yinowispod  OpLIS
Anouosonbog ¢gLiS

Ao j[oJioN  QILIS

Ao sMoN HodmaN  00L1S
Aunop Ao sowter 66016
Ao uoydwey  0$91¢
Aluno) 19)890n0[10  €L01€
Ano oyeadesay)  0SSI1S

XgjlleH €80 1S

VA 1oy

Ko 3mquouly 0891¢
Lunoy freqdwe)  [¢01S
Auno) 1soywiy  6o01S

VSIW VA ‘Banqyoudy
Auno) eiueA[AsSnl ] ¢IIS

Ao ofiaue 06516
VSN VA dliiaunq

Auno) 10goM  LS06Y
Auno) eSS SEOGY
Auno) siaeq  [106%

Auno) eImpIg, - $8Y8Y
Auno) uBUUSOIN  GOE]Y

Kuno) adnjepenny  /818p
Auno) [pwo)  1608%
Auno) 1exag 608y

VSIN

VS
ue uj papnpoug jou Kyuno)) XejieH

se [[om se ‘(op9y) Sinquoul]

pue (0S61) d[1Aue( JO SYSIN
Judoe(pe o1} $19A00 9pOd (7 SIYL SYSIN

VS
VS

VSN

VSIN

0cLS

0¥9¥

0561

091L
0806
0088

o¥ZL

9¢T
‘SET pET 'eeT

b8 “1¥8 ‘0v8
€9L
L9L "99L

T8L “18L °08L

VA  IdON

VA ANVd

LN AVIS
X1  HOIM
X1 OOVAM

XL LNVS

0TLS

0561

091L
0806
0088

0vtL

sisAjeuy ANAINSUSS Ul papnjou] sanuno)

sjuduto)) [3A97T

VIN

diz

LS AL

VSIS

sisA[eue-2y

sisAjeuy ewduQ




Aunoy) eysousy  ¢SOSS

Auno) onep) neg - $E0SS
KQunop emaddiyy  £105S

Anod dusiy - S€0€ES
VSIV VAl ‘tolaa.g
Aymop 00101d  €50€S
VSN Vil ‘pwioon

Kunopy sueyodg  £90¢€¢

Kuno) ysnoyous  [90€S
Auno) Jury  €E0gS

Ao wajes  GLLIS

Ko oyousoy  OLLIS
Aunoy oyousoy  [9f1¢
Auno) unoyilog  €701S

Avto puowyony  (9L1§
Auno) 281000 20Ul  G6bliS

Auno) ueieymod  SHIIS
Ao Sngs1odgd  QgLIS
Auno) woy moN  LZ1IS
Ao [oamadol]  0L91¢
Aunoy odLuay  LROIS
Aunop sorouvr  ¢801¢
Auno)) pueyooon  LolS
Auno) aippimulg €016
Ao sigBIag [eiuo[o)  OLSIS
Auno) pauIsay) 14016
Kuno) LY sapieyd  9¢01s

Auno) axe-A1en-odesty)

JO VSIND 9y jo ted st SN SIUL

“UOMIIWAIE] JO YSIA Juddelpe oy se
[1oM s VSIAL] Bwoor ], unpim saoeqd

jlog sopnjout £96 9pod 17 M,

ale Kluno)) ysnwotjoug ut saoe(d

“JOJ paiunodde

110 786 JO dI7Z ¥ SBY VSN SHp Ul
OS[E ST YOIYM USIIOLOUS pUB 119I19AT]

‘papnjout jou

S UOIIM §€T 9POD J[7Z oY) AR [[&
VSIA S Ul SORUNOY) PjorjaaIsayy)
pue 931020) 20U} ‘AIppIMUIQ

VSId

VS

VSN %
VSINd

VSN

VS

VSIN

VSIN

008¢ es  IM

067C LyS 1M

0S11

00¢8 86 ‘€86 VM
0v8L 766 ‘166 ‘066 VM

009 186086 VM

0089 Iwe'ovt VA

09L9 TECIET 0T YA

ONdN

V104

0dvl
A0dS

LvHS

NVOYd

HONIY

008¢

06T

0028
0v8L

009L

0089

09L9

sisAjeuy ANIADISUSS Ul papnjou| sopuno)

sjuawito)

[0A9]

VIN diZ LS

ALDD VSIS

sisAjeue-ay

sisk[euy [pwiduQ




A WIRIAL 65T 1T
A ‘uosuyor 61| 1g
AY ‘ouaameT L7l 1T

>v— :._ wu.:::OU _c._zm
AM ‘Qunon sukep\  6604S
AM ‘Kunod [19qe) 1048
HO ‘Aiuno)) 20ua1meT  L806€ ‘VSIA
AY ‘Aunop dnusain 68012 ) JO OPISINO [ 018 YOIYA UILIBIN
AN AIUNoD 1DUB)  ¢p0I7 PUB UOSULOf ‘OOUdIMET] SONUN0D A AL
A “Kuno) phogy 61017 01 19501 Kjuo o) sxeadde [ 9pod diZ VS 00bE  ‘LST'9ST'SST AM  INNH  00¥€
fiuno) sueoy  £90 ¥S
Auno) uosyorr ¢ +S
sONUNOY) [rIny *Aino) wewng  6LOYS ‘'VSIA 91 Jo
AUno) BUMBUBY  (EOPS  OPISINO “OUROY PUE UOSHOB[ SIIUNOD £6T
VS AAf torsajny) 01 10ja1 Kjuo o sxeadde g6z opoo 17 VSN 08Vl 'TSTUISTOST  AM MVHD  08Yl
Kunod sumey 10166 VSINd 0099 1433 IM DVY 0099
Kunoyy uedLoqays L11SS
VSW IH ‘uvSdoqayg
Auno) eysaxnep  €€ISS
Auno) uoiBuiysepy  1€ISS
Aoy ooqnezQ  (680SS ‘uedL0qays Jo YSIA odelpe 079
Aluno) 9axneM[IAL - 6L0SS Y pue 9RYNEMIIA JO VSINd VSN ® s
VSIN 41 ‘@aynospipy 941 410q sapajout ogG 9pod ({7 Y], VSId 080¢ €S ‘0gs N ATIN 080¢
Aunod Y90y 5016
VSIN Il ‘11ojag-ajfiasauns "(029¢) noreg-aypiasauef jo ySW 029¢
Liunop sueq  $z0OSS yasulpe ay) pue (QzLy) UOSIPEIA Y
VS I ‘UOSIpUN 110q sapnfout ¢€¢ apod (17 Y1, SVSIN  0TLY LESSES 1M IAVIA otLy
sisA[euy ANADISUSS Ul papn[ou] sanunoy) SjuAWILL0)) [9A9] VIN d1Z IS ALD VSIS

sisAjeue-ay]

sisK[euy jewdup






