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Abstract

People living near potential sources of persistent organochlorine compounds may
be exposed to higher than background levels of these ubiquitous pollutants. Geographic
information is commonly used to evaluate these pollutants in the environment, but
overlooked in studies modeling these compounds in humans. The overall goal of this
thesis is to evaluate residential location as a potential exposure determinant by
investigating the geographic distribution of human biomarkers of exposure to persistent
organochlorine compounds in a community with a potential source. The community
chosen for this research was Washington County, Maryland because it contains a
Superfund site contaminated with organochlorines and a large proportion of the residents
had donated their blood for research purposes.

To determine if the Superfund site was a potential source of exposure to County
residents, 110 soil samples collected in and around the site were used to predict soil
levels of 1,1-dichloro-2,2-bis(chlorophenyl)ethylene (DDE) at unsampled locations with
geostatistical methods. Potential risk factors of exposure to organochlorines were then
evaluated using generalized least squares regression to model blood samples of 2,184
residents. Participant addresses were geocoded so potential spatial risk factors such as
residential distance to the site could be examined. To evaluate the sensitivity of these
models to positional bias in the geocoding process, 163 addresses were visited and the
distance between the geocoded coordinates and the residence was determined.
Conditional simulation was used to estimate this distance in the remaining geocoded
addresses, and the robustness of the regression models was tested using a Monte Carlo

approach.
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The results provide suggestive evidence that the Superfund site is 2 potential
source of organochlorine exposure to surrounding residents. A statistically significant
association between blood dieldrin levels and residential distance from the site adjusting
for age, gender, smoking status, education and drinking water source was found, although
no other associations between the site and other organochlorines were found. The
dieldrin association is robust to geocoding positional bias. Overall, spatial information is
found to be important for deriving geographic-based predictors of blood organochlorine
levels and accounting for spatially dependent model residuals and should be evaluated

when dealing with human exposure and biomarkers.
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1. Introduction

Geographic or spatial information has long been used to study the environmental
contamination patterns of polluiants. For instance, levels of contamination are often
measured in multiple media surrounding a source in order to determine the environmental
fate, transport, and transformation of the poliutants (/). Many of these well-studied
environmental contaminants can also been detected in humans, indicating exposure to
these compounds. Therefore, the importance of spatial information may extend beyond
environmental data to measures of human internal dose. There have been few studies
characterizing the geographic distribution of human biomarkers of exposure to these
substances (2).

Persistent organochlorine compounds are examples of well-studied ubiquitous
environmental pollutants that are also detected in humans. Although they are found
virtually everywhere, research involving the geographic distribution of these chemicals in
the environment suggests that residing near a source may be a risk factor for higher than
background exposure to organochlorines (3,4). Some organochlorines, such as
dichlorodiphenyltrichloroethane (DDT), are classified as possible human carcinogens
(Group 2B) by the International Agency for Research on Cancer (IARC).
Polychlorinated biphenyls (PCBs) have also been linked to several forms of adverse
health effects, and have been classified as Group 2A, probable carcinogens by IARC (3).
These substances are known to bioaccumulate in the adipose tissue of humans and
therefore, pose a threat to those exposed (6).

Hagerstown, Maryland, located in Washington County, contains the Central

Chemical National Priority List (NPL) site. Central Chemical Company (CCC) produced
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pesticides, such as DDT, and fertilizers from the 1930’s until the 1980°s. Hence, itisa
potential source of organochlorine exposure to Washington County residents. The
release of organochlorine compounds from the site has been partially characterized by the
Maryland Department of the Environment (MDE) and the United States Environmental
Protection Agency (EPA) (7-10). Additionally, the human internal dose of these
chemicals in residents of Washington County can be evaluated using a large database of
blood organochlorine data collected as part of two population-based epidemiological

studies (CLUE I and CLUE II) conducted in Washington County.

1.1. Research Purpose

The goal of this research is to evaluate residential location as a potential exposure
determinant by investigating the geographic distribution characteristics of human
biomarkers of exposure to persistent organochlorine compounds in a community with a
potential source. In order to accomplish this goal, the following specific aims were
proposed:

1. To gather all organochlorine environmental contamination data collected in
Washington County, and determine whether or not the Superfund site in
Washington County is a potential source of organochlorine exposure.

2. To characterize the geographic distribution of all the blood organochlorine levels
as internal dose measures, and explore spatial patterns in both the 1974 and 1989
CLUE data.

3. To evaluate the influence of established risk factors, such as gender, age, smoking

status, body mass index (BMI), dietary intake, occupation, breastfeeding status,
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and consumption of well vs. municipal water on blood organochlorine levels, and
then further account for possible spatially dependent residual variation using other
spatial variables such as urban vs. rural residence, and the distance from the
residence to the Superfund site in both the 1974 and 1989 data.

4. To determine the sensitivity of the final statistical models developed in Specific
Aim Three to positional inaccuracies in the geocoding process.

This research tests the following hypotheses:

1) The CCC Superfund site is a potential source of organochlorine exposure to
surrounding residents.

2) Spatial determinants can improve statistical models of individual blood
organochlorine biomarker levels that are known to depend on age, gender, BMI, and
other individual characteristics.

3) There will be a spatial relationship between the blood levels of those organochlorines
produced/used by the CCC and the Superfund site location, while the spatial patterns
of other ubiquitous organochlorine compounds that were not produced by the CCC
will not be related to the Superfund site location.

4) The risk factors for, and spatial distribution of human blood organochlorine
biomarker levels in Washington County, Maryland will differ in 1974 compared to
1989.

5) Spatial regression models will be robust to positional inaccuracies in the geocoding

Procoss.
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1.2.  Significance

Currently, there are over 1,200 Superfund sites across the country that are
contaminated with substances that adversely affect human health (/7). Furthermore,
Superfund sites are often located in urban areas surrounded by residences. Therefore, the
health of people living near sites like these is dependant on the ability to accurately
characterize and evaluate environmental contamination on and around these sites.
Research in assessing the impact of residing near a potential pollution source is lacking.
The results of this study help to better characterize residential location as a determinant in
organochlorine exposure by determining the relative contribution of spatial information

in evaluating human internal dose.

1.3. Organization of Research

This thesis is composed of eight sections. Introduction and background sections
are followed by a section describing the general research methods. The specific aims are
addressed in sections four, five and six, which contain publishable manuscripts. The
subsequent section contains the overall conclusions of the research, followed by a
reference section.

The background section contains a literature review on the properties, exposure
pathways, health effects and biomarkers of organochlorines as well as a description of
spatial statistics, the CLUE campaigns and studies, and a historical overview of the
Superfund site. The chapter on research methods briefly describes the research tools used

in this study.
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The first manuscript entitled, “GIS and Geostatistics: Tools for Characterizing
Environmental Contamination” addresses Specific Aim One of the research. In this
manuscript, levels of 1,1-dichloro-2,2-bis(chlorophenyl) ethylene (DDE) in soil measured
throughout the last decade are used to predict levels of DDE in soil at areas where
samples were not taken, including areas currently undergoing residential development.

The second manuscript entitled, “The Use of Spatial Information in Determining
Potential Risk Factors of Blood Organochlorine Levels in a Population Living Near a
Potential Source” addresses Specific Aims Two and Three of the research consisting of
regression models accounting for spatial dependence in the data and both spatial and
individual risk factors that were determined to be influential in evaluating blood
organochlorine levels in either or both 1974 and 1989.

The third manuscript entitled, “Geocoding Positional Bias and its Effect in
Analyzing the Spatial Distribution of Blood Dieldrin Levels” describes the methods
involved in determining the residential location of study participants and the bias
associated with these methods. Furthermore, sensitivity analysis is used to evaluate the
effect of these positional biases on the overall research goal, accomplishing Specific Aim
Four of the research.

The concluding section summarizes the overall findings of the research,
opportunities for future research, and the public health significance of this research.
Finally, the reference section contains a bibliography of all cited literature followed by
three appendices, a copyright permission letter for the first manuscript, and the

curriculum vitae of the author.
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2. Background
2.1.  GIS and Spatial Statistics

Evaluating spatial relationships and geographic determinants of healthis a
growing area of environmental and public health research. Traditional environmental
health studies have evaluated temporal changes in diseases and their determinants. More
recently, however, there is a growing interest in evaluating both spatial and temporal
patterns of health and their environmental determinants. As a result, geographic
information systems (GIS) and spatial statistical techniques have become increasingly
popular in environmental health applications and to environmental health practitioners
(12-19). As GIS becomes more widespread, various applications of GIS have evolved.
In its basic form, GIS is a database system with the distinguishing feature that it deals
with spatially (or geographically) referenced data. "Where" in addition to "what" that is
measured or observed is important and thus recorded and stored in a GIS database.

With location information linked to data values, GIS becomes a visual database
providing comprehensive mapping capabilities as it’s most basic and fundamental
construct. However, the functionality of a GIS extends beyond producing maps. GIS are
computer-based systems that serve as powerful tools to input, store, retrieve, manipulate,
descriptively analyze, and output data that have geographic characteristics (2,20). GIS
provides methods for the user to query data, study the relationship between any selected
geographical or spatial variables, and generate a comprehensive spatial database. In
addition, GIS can serve as a relational database by providing a common format to link
specific data to additional geographical or environmental data collected for other

purposes in the same geographic area.
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In this thesis, organochlorine levels in soil surrounding a potential source are
analyzed using GIS and spatial statistics. Furthermore, GIS and spatial statistics are used
to evaluate the geographic distribution of spatial determinants and dependence of blood
organochlorine levels. These data are spatially referenced because they can be linked to
the residential location of the individual from which the blood was drawn. Details about
these methods are found in the research methods section.

The area of spatial statistics known as geostatistics is ideally suited for
characterizing the geographic distribution of environmental contamination and for
evaluating potential spatial determinants. Geostatistics is the set of statistical techniques
used to analyze spatially referenced data (27-23). Since spatial information, such as
place of residence, can be linked to human exposure, geostatistics may also be used to
evaluate human internal dose measures of environmental exposure. Originally developed
in the mining industry to predict recoverable ore reserves, geostatistics have found
widespread use in environmental and public health related applications (22-26).

A key concept in geostatistics is that of spatial dependence. Spatial dependence is
the condition by which data points that are closer together in space are more similar than
those that are further apart. This may apply to intemal dose measures of environmental
exposure since humans living near one another may have more similar exposures than
those living far away from one another. The characterization of spatial dependence is
often carried out with a function known as the variogram, which is discussed in more
detail in the research methods section.

Specialized software packages exist to perform geostatistical analyses (27-30).

The open source statistical computing environment R is used in this thesis. R is similar
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to the S and S-Plus statistical computing package (MathSoft), with main advantages
being that it is free and continually expanded with contributed libraries for a wide range
of specialized topics. R has an extensive range of built-in statistical technigues that can
be used to perform standard statistical analyses from exploratory to more confirmatory
model-based analyses. R is compatible on PC, Unix, Linux, and Macintosh platforms. In
addition, R has over 300 official open source add-on libraries for other specialized
techniques with several of these libraries containing tools to perform geographic/spatial
analyses (28). Furthermore, R has powerful and unique graphical capabilities as is
evidenced in this thesis. R has widespread usage in the academic community and
increasing usage in industrial and government sectors. More detailed discussions about R

. and its contributed libraries are found elsewhere (31).

2.2. Organochlorines

Organochlorines are chlorinated aliphatic and aromatic hydrocarbons that are
used extensively across the globe. Organochlorines are used as pesticides, insecticides,
herbicides, fungicides, preservatives, and industrial fluids (32-35). Some
organochlorines, such as dioxins, are man-made byproducts of chemical processes.
Although many organochlorine residues can be found in humans, and several are
detectable in almost everyone, dichlorodiphenylirichloroethane (DDT) along with its
derivatives and polychlorinated biphenyls (PCBs) are thought to be the main contributors
to the overall organochlorine body burden in humans (36,37). Therefore, although other
organochlorine compounds are not ignored in the proposed study, more emphasis will be

placed on DDT and PCBs. These compounds are appropriate for this study because DDT
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represents a chemical that was extensively used at the CCC site, while PCBs represent
ubiquitous organochlorines that were not often used at the CCC site.

One of the most persistent organochlorine compounds is DDT. DDT exists as
two isomers, p,p’-DDT and 0,p’-DDT that differ by the positioning of one chlorine atom
(38,39). Figure 2.1 contains the chemical structure of DDT. Commercial grade DDT,
made up of approximately 85 percent p,p’-isomer and 15 percent o,p’-isomer, was first
formulated in 1873, and in 1939, its use as a powerful insecticide was discovered (38,40).
After World War II, DDT was put to use worldwide. It was applied mainly to cotton,
soybean, and peanut crops. In addition, DDT was used to kill the malaria-carrying
mosquitoes and typhus-infected lice, and to prevent the spread of yellow fever and
sleeping sickness (32,41,42). DDT was so effective that the World Health Organization
(WHO) gave DDT credit for saving 25 million lives. However, in the 1940’s, problems
with DDT began to develop. Several insect species had become resistant to DDT, and
DDT’s toxic impact on some fish species became apparent. In 1972, the United States
banned the use of DDT, except for in emergency situations (43). Currently, the EPA
requires that any spills or releases of more than one pound of DDT to the environment be
reported (6). DDT is still used in many developing parts of the world and is still the
insecticide of choice for killing malaria spreading vectors (40,42,44). For example, in
Mexico, neighborhoods are sprayed regularly with DDT as part of sanitation campaigns
that began in 1960 to control malaria (45). The application of DDT to agricultural crops,
spraying DDT for malaria control, and environmental cycling are the main sources of

DDT releases to the environment.

11

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Another family of persistent organochlorines is PCBs. PCBs are made up of 209
different congeners of chlorobiphenyl (Figure 2.1). They are distinguished by the degree
of chlorination. In 1970, over 86 million pounds of PCBs were produced in the United
States. They were used as hydraulic fluids, plasticizers, adhesives, fire retardants,
dedusting agents, pesticide extenders, inks, lubricants, cutting oils, carbonless
reproducing paper, and in heat transfer systems (33). By 1977, only 35 million pounds of
PCBs were being produced, and the United States Environmental Protection Agency
(EPA) banned most uses of PCBs in the United States in 1979 (46). Since then, many
other countries have also banned its uses (47). Currently, the major sources of PCB
releases to the environment are environmental cycling of PCBs previously released, PCB-
containing landfill leakage, municipal trash and sewage incineration, and improper
disposal of PCB materials. Between 1987 and 1993, the EPA estimated that over 74,000

pounds of PCBs were released to the land (99 percent) and water (one percent) (46).

12
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Figure 2.1: Chemical structures of DDT, DDE and PCBs, copied from reference (36)
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2.2.1. Environmental Pathways

2.2.1.1. Fate

Organochlorines such as DDT and PCBs are man-made, ubiquitous, eco-toxic
persistent organic pollutants (POPs). The higher the degree of chlorination in their
chemical structure allows them to be more persistent, bioavailable, and mobile than other
chemicals. Since these POPs have physical and chemical properties that enable them to

persist in the environment, they can be transported long distances across the globe (7).

2.2.1.2. Transport

Organochlorines attach to soil particles strongly via adsorption (6,46). DDT hasa

half-life of two to fifteen years in soil (6). The higher the degree of chlorination of the

13
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PCB congener, the stronger it will bind to soil. PCBs do not tend to leach from soil into
water unless organic solvents are present (46).

Organochlorines do not dissolve easily in water (6,46). The higher chlorinated
PCBs are less water-soluble than the less chlorinated. PCBs released into water will tend
to adsorb to sediment and suspended matter, and eventually may re-enter the water
column. If PCBs do not have anything to adsorb to in an aqueous environment, they may
volatilize (46).

Due to their low vapor pressures, persistent organochlorines do not readily
volatilize (48). Airborne DDT does not persist in air for extended periods of time (6,46).
DDT has a half-life of two days in the air (6). PCBs released to the atmosphere will
primarily exist in the vapor phase. In the vapor phase, PCBs transform, and have half-
lives ranging from 12.9 days to 1.31 years. The higher chlorinated congeners will tend to
adsorb to airbome particles (46). Physical removal of DDT and PCBs is accomplished
via both wet and dry deposition (6,46).

Persistent organochlorines have non-polar chemical structures and large fat-water
partition coefficients (5,48). Therefore, they are highly lipophilic, and tend to
bioaccumulate in the food chain, making them eco-toxic (6,46,47). Over 95 percent of
the United States population has detectable levels of DDT and PCBs in their blood (4,36).
If steady state ingestion of DDT continues over time, a build up of DDT in the body will
occur (49). If ingestion of DDT were to completely cease, it would take approximately
seven to eight years for half of the DDT ingested to be excreted from the body
(38,40,49). PCBs are also deposited and stored in the body for long periods of time.

They have half-lives ranging from one to fifteen years in humans, depending on the

14
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congener. The chlordane isomers, mirex, aldrin, and dieldrin, have a five-year human

half-life, while hexachlorocyclohexane (HCH) has a human half-life of six years (38).

2.2.1.3. Transformation

Organochlorine environmental transformation can occur through
biotransformation, abiotic oxidation, hydrolysis, and photolysis. The rates of
transformation depend on the structure of the chemicals, the environmental conditions,
the media in which the chemical exists, and the concentration of the chemical (7).

DDT can leave water and soil by evaporation, sunlight, or microbiological
degradation. In soil, DDT usually breaks down into two derivate forms, 1,1-dichloro-2,2-
bis(chlorophenyl) ethylene (DDE), a product of dehydrogenchlorination, and 1,1-
dichloro-2,2-bis(p-chlorophenyl) ethane (DDD), a product of dechlorination (5,6). DDE
also exists as both p,p’- and o,p’-isomers (38). Although slow, PCBs are able to
ultimately degrade via biodegradation in water and soil as well. In air, PCBs in the vapor

phase may react with hydroxyl radicals which allow them to persist in the atmosphere

(46).

2.2.2. Geographical Distribution

Organochlorines, such as DDT and PCBs, are ubiquitous. They are found
throughout the world contaminating aquatic and terrestrial environments (50,57). They

have even been found in pristine areas, without an apparent source. Because of the
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physical and chemical properties of these organochlorines, they are able to travel long
distances from their source, while resisting both chemical and biological degradation (5).

The major mechanism for the mobility of persistent organochlorines may be a
cyclical process of being deposited onto the Earth’s surface from the atmosphere and then
returning to the atmosphere via evaporation. In the 1930s through the early 1970s, during
peak organochlorine production in North America and Europe, the cycle may not have
been balanced. Organochlorines were mostly being deposited from the atmosphere
(where they were released) onto the land and water bodies via wet and dry deposition.
However, after the 1970s, the process may have reversed due to the many bans and
controls placed on organochlorines in North America and Europe. More organochlorines
may have evaporated into the atmosphere from the land and water surfaces along with
dust and water vapor than been deposited (5).

Since it has been over 30 years since the peak production of organochlorines, the
cycle may be more balanced. The concentrations of most persistent organic pollutants
are becoming relatively uniform throughout most of the globe. The only exceptions to
this are: areas near a current source such as in underdeveloped nations that continue to
produce and use organochlorines, areas near 2 significant recent past source such as the
Great Lakes and Hudson Bay regions where they continue to bear heavy organochlorine
burdens from historical uses, and the Polar Regions which act as sinks for these
chemicals due to global wind patterns (3,42,57-55). Furthermore, there has been
evidence suggesting organochlorine cycling is influenced by seasonal temperature

changes (5,56).
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2.2.3. Exposure Pathways

2.2.3.1. Inhalation

Due to their low volatility, vapor concentrations of organochlorines in air are
usually low, and do not pose a health risk (6,46). In fact, it is estimated that exposure to
DDT in air represents less than one percent of the average total daily intake of DDT (5).
However, direct exposure to aerosolized organochlorines has been reported to cause fatal
arrhythmia of the heart (57). Furthermore, air in areas near waste sites, organochlorine
factories or landfills that are contaminated with organochlorines may contain relatively
higher levels of organochlorines (3,58). In addition, inhaling soil particles near these

areas may also be a source of exposure (6,46).

2.2.3.2. Ingestion

Ingestion may be the most important pathway of organochlorine exposure for
individuals not occupationally exposed to organochlorines (/3,36,59,60). Levels of these
compounds are often found in root and leafy vegetables, dairy products, meat, fish and
poultry (59,61-65). In a study by Fitzgerald er al., average concenirations of total PCBs
in fish from the St, Laurence river and its tributaries ranged from 0.17 10 20.55 ppm wet
weight (66). Food products produced in the United States usually contain relatively low
levels of DDT (65). Higher DDT levels are more commonly found in food that has been
imported from a country which still uses DDT as a pesticide (6).

The most significant source of organochlorine exposure for infants may be breast
milk. Organochlorines accumulate in adipose tissue, and in an exposed woman, they may

accumulate in the fatty breast tissue, and be excreted in the milk (67-70) . Furthermore,
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fetuses can also be exposed to organochlorines via transmission across the placenta
(5,6,68,70-73).

Levels of organochlorines in drinking water are usually low since they have low
solubility in water. However, drinking water near waste sites, landfills, or areas where
they are sprayed for pest control may be contaminated with organochlorines (74). In
addition, swallowing soil particles near these areas may also be a source of exposure

(5,6,46).

2.2.3.3. Dermal Absorption

Organochlorines enter the body through the skin by direct contact (5,75-80). This
may be a significant exposure pathway for those exposed to organochlorines on the job.
For example, Lees et al. found that transformer maintenance and repair workers came
into contact with PCBs quite frequently. They found that contact with PCBs came from
not wearing proper personal protective equipment (PPE), handling and not cleaning
contaminated tools, not washing hands before eating, and not properly handling,
cleaning, and removing contaminated clothes and PPE (75). Furthermore, dermal
absorption may also be an influential route of exposure for the families of exposed

workers, active gardeners, and individuals that swim in natural waters (73,75).
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2.2.4, Metabolic Pathway

2.2.4.1. DDT, DDE, DDD

Because of its complex chemical structure, several specific metabolic pathways
for DDT in different organisms have been postulated (49,81). However, it is known that
inside the body, DDT metabolizes very slowly by breaking down to form DDE and DDD
(82,83). The human metabolite of DDE, hydroxylated DDE, and bis(4-
chlorophenyljacetic acid (DDA), the metabolite of DDD can be excreted in the urine
(5,83,84). The metabolic pathway of DDT may resemble that in Figure 2.2 from a study
by Gold et al. (83). DDT is eliminated from the body at a rate of approximately one
percent of the stored quantity per day. Fasting may cause adipose tissue to mobilize, and

thereby, increase the elimination rate (48,85,86).

Figure 2.2: Metabolic pathway of DDT, copied from reference (83).
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2.24.2. PCBs

Different congeners of PCBs are metabolized differently. The more persistent
PCBs may tend to resist metabolism in many animals and accumulate in fatty tissue. The
less persistent PCBs are metabolized via oxidation with the help of cytochrome P-450
enzymes as catalysts. The first step of this process produces the intermediate, arene
oxide. Arene oxide is unstable, so it is broken up quickly, and is replaced by a hydroxy
group (87). The hydroxy group causes the hydroxy derivatives, or metabolites, to be
relatively soluble in water, and therefore, enables them to be excreted from the body (5).

A typical PCB metabolic pathway is as follows:

PCB congener ZX0daendenimonoong » Arene Oxide —» Hydroxy metabolites

The metabolism of the less persistent PCB congeners may be due to the fact that
they have vicinal H-atoms in the meta-para positions. This may be an important
requirement for the formation of arene oxides. Borlakoglu et a/, found that PCB
congeners that have vicinal H-atoms, but not in the meta-para positions, tend to
bioaccumulate in fish-eating seabirds, human adipose tissue, and human breast milk (87).

The metabolism of one of the most prevalent and persistent PCB congeners found
in the blood and adipose tissue of people exposed to commercial PCB mixtures was
studied by Ariyoshi ef ol (37,88,89). In their study, they found that 2,4,5,2°,4°,5’-
hexachlorobipheny! (PCB 153) may be metabolized by the cytochrome P-450 isoform,
2B6 (CYP 2B6), in the liver. The major metabolite formed by this pathway in humans

was found to be 3-hydroxy-2,4,5,2°,4°,5’ -hexachlorobiphenyl (M-3). Two minor
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metabolites were also discovered with gas chromatography and electron capture
detection, but their structures were not identified. However, there is only a relatively
small amount of CYP 2B6 in the human liver, which may be why persistent PCBs are not
readily metabolized in humans (88).

In dogs and guinea pigs, the metabolism of PCB 153 was better characterized by
Ariyoshi ef al. The metabolites formed via the metabolism of PCB 153 and cytochrome
P-450 2B isomers were: 2-hydroxy-4,5,2’,4°,5’-pentachlorobiphenyl (M-1), 2-hydroxy-
3,4,5,2°,4°,5 -hexachlorobiphenyl (M-2), and M-3 (88). The metabolic pathway of

PCB153 in dogs may be similar to:

M-1
PCB153 <281 5 Arene Oxide —» M-3
M-3

2.2.4.3. Other Organochlorines

Minh et al. found that many organochlorines were present in bile indicating that
the liver may play a major role in organochlorine excretion (90). Organochlorines such
as hexachlorocyclohexane (HCH) are biotransformed via dehydrochlorination,
glutathione conjugation and aromatic ring hydroxylation. Phenolic products are
produced, and excreted (97). Aldrin and heptachlor are metabolized to dieldrin and
heptachlor epoxide (HE), respectively via oxidation (48). Chlordane is metabolized to
oxychlordane, while frans-nonachlor is hardly metabolized in mammals (63). In a fairly
recent study, Mehmood ef al. suggest that hexachlorobenzene (HCB), a persistent hepatic
carcinogen, and a commonly used fungicide, may be biotransformed by the human
cytochrome P-450 3A4 into pentachlorophenol, and then into tetrachlorohydroquinone in

the presence of NADPH (92).
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2.2.5, Health Effects

2.2.5.1. Acute

DDT is an effective insecticide due to ifs ability to inhibit neuronal repolarization.
This mechanism is also what causes human DDT poisoning (36). In humans, ingesting
DDT mostly affects the nervous system. Acute effects of large doses of DDT include
perioral and lingual paresthesia, apprehension, hypersensitivity, irritability, excitability,
dizziness, vertigo, tremors, and seizures (6,36,93). Although these symptoms usually do
not continue in the absence of continuous exposure, a study by Eriksson ef @/, found that
mice exposed to DDT as neonates may have a permanent hyperactive condition as adults
(6,93). In addition, some studies have shown that short term exposure to DDT may have
adverse affects on the reproductive ss}stems. (5.6,36,67,94,95). A study by Jonsson ef al.
found that exposure to high levels of DDT and PCBs ceases reproduction in rats (94).

Acute exposure to PCBs have been reported to cause acne-like eruptions
(chlorine), hyperpigmentation of the skin, spasms, and hearing and vision problems in
humans (36,46,96). In animals, PCBs have low to moderate acute toxicity. Effects on

the liver, kidney and central nervous system (CNS) have been reported (5,97).

2.2.5.2. Chronic

DDT is an endocrine disrupter (98). Therefore, long term exposure to DDT may
affect development and the reproductive system (94, 95,99). However, the supporting
evidence is equivocal. DDT has been suggested to influence premature birth and even
spontaneous abortion (/00). In addition, DDT has been associated with shorter lactation,

follicular cysts, and a younger age of natural menopause in females, and reducing bone
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density, antagonizing the effect of androgen, and reducing sperm concentration,
morphology, and motility in males (36,94,107-103). Furthermore, long term exposure to
DDT may affect liver and thyroid function (6,73,86,99,104,105). Occupational studies
suggest that long term exposure to DDT may cause reversible changes to enzyme levels
in the liver (6).

In addition to the many symptoms associated with acute exposure to PCBs
mentioned above, long-term exposures to PCBs may cause irritation to the respiratory
tract in the form of coughing and tightening of the chest (33). PCBs may also be
associated with adverse effects in the gastrointestinal tract such as anorexia, weight loss,
nausea, vomiting, and abdominal pain (33). Both human and animal studies conducted in
a variety of species have shown that low background levels of PCBs may adversely affect
the immune, cardiovascular, reproductive, nervous, and endocrine systems
(5,36,86,94,104,106-109). Although the clinical significance is not clear, changes in liver
function have also been reported (5,13,36,46,76). Specifically, elevated levels of y-
glutamyl transferase (GGT) have been found in the serum of occupationally exposed
individuals. Furthermore, a few studies suggest that PCBs induce cytochrome P-450
metabolizing enzymes (36,97).

Since PCBs are also endocrine disrupters, they may be responsible for several
reproductive and developmental adverse health effects as well. There has been
suggestive evidence that occupational exposure to PCBs may cause low birth weights and
shorter gestational age (33) . In addition, several studies have reported that children of

exposed workers have been found to have hypotonia, hyporeflexia and slower motor and
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cognitive development (36). However a study by Lebel ef ¢/, found no association

between organochlorines and endometriosis in women (/70).

2.2.5.3. Cancer

Most organochlorines are carcinogenic in animals (38). The EPA considers DDT,
DDE, and DDD to be Group B2, probable human carcinogens (6). The International
Agency for Research on Cancer (IARC) classifies DDT, DDE and DDD as Group 2B,
possibly carcinogenic in humans (5). In humans, DDT and its metabolites have been
linked with pancreatic cancer, non-Hodgkin’s lymphoma, endometrial, and breast cancer
(36,60,69,111-131). However, the data are not conclusive (/32-136). In addition, Cocco
et al. reported increases in liver/ biliary cancer and multiple myeloma prevalence in
workers exposed to DDT (47). In animals, liver cancer has been found to be associated
with DDT ingestion (5,6,737). In addition, some studies report lymphomas, lung
carcinomas, follicular cell carcinomas, and adenomas of the thyroid as potentially being
caused by long term exposure to DDT and its derivatives as well as other organochlorine
compounds such as HCB (5,738).

Most PCB experts agree that PCBs are probable human carcinogens. IARC
classifies PCBs as Group 2A, probably carcinogenic to humans (§). The National
Toxicology Program (NTP) and the National Institute for Occupational Safety and Health
(NIOSH) have concluded that PCBs are probable carcinogens (/06). Furthermore, after
reviewing extensive evidence both from animal and human studies, the EPA considers
PCBs as Group B2, probable human carcinogens (5,/06). Animal studies have shown

conclusive evidence that PCBs cause cancer, particularly in the liver (/06). Occupational
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and epidemiological studies, although inconclusive, have shown significant relationships
between PCB exposure and skin and kidney cancers, and slight associations between
cancers in the rectum, liver/biliary, pancreas, prostate, brain, gastrointestinal tract, lung,

breast, and lymphoma in those exposed to PCBs (36,78,7118,125,129,139).

2.2.6. Exposure Guidelines

The Food and Drug Administration (FDA) has set food-specific limits on the
amount of specific organochlorine compounds that are allowed in most foods. For
example, the FDA’s “action level” for DDT is less than five parts per million (ppm) in
the edible portion of fish (/40). In addition, in an attempt to control occupational
exposures, the Occupational Safety and Health Administration (OSHA) set permissible
exposure limits (PELs) for certain organochlorines. For instance, an employee must not
be exposed to an airborne conceniration greater than one milligram of DDT per cubic
meter of air (1 mg/m’) in an 8-hour workday within a 40-hour workweek. This PEL is
also equal to the American Conference of Governmental Industrial Hygienists’ (ACGIH)
recommended Threshold Limit Value (TLV) for DDT. Similarly, NIOSH recommends
that workers be exposed to less than a half milligram of DDT per cubic meter of air (0.5
mg/m®), and less than one microgram of PCBs per cubic meter of air (1pg/m’) during a
10-hour workday in a 40-hour workweek (6,75). Furthermore, the EPA set 2 maximum

contamination level (MCL) for PCBs in drinking water at 0.0005 mg per liter of water

(46).
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2.2.7. Biomarkers for Organochlorines

Biomarkers can provide a more accurate measure of exposure than traditional
exposure measurements. The Committee on Biological Markers appointed by the
National Research Council (NRC) defines biomarkers as indicators of the changes of
events in the biological systems or samples throughout the pathway from exposure to
disease (/47). The pathway from exposure to disease, as defined by the NRC, is outlined
in Figure 2.3 below. Biomarkers of internal dose reflect how much the body actually
absorbs, or the dose the body receives. There are three types of media that are commonly
used to measure biomarkers of internal dose from organochlorine exposure. They are:
blood, adipose tissue, and breast milk. All three of these media provide long term,
cumulative exposure estimates, and are well correlated when adjusted for lipids
(71,129,142-144). Therefore, organochlorine levels in blood are in steady state with the
fatty tissue in which they accumulate. Furthermore, collecting blood samples is much
less invasive than collecting adipose tissue or breast milk (/45). Other biomarkers, such
as CYP1Al-dependent enzyme activity and DNA adducts in placenta tissue have also

been studied to look at environmental exposure to organochlorines (53,85).

Figure 2.3: Toxicological pathway from exposure to disease, copied from reference (141)
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2.2.7.1, Analytical Methods

Organochlorines in blood are most commonly analyzed using gas
chromatography. Specific congener or isomer detection can be achieved via electron
capture detection or mass spectrometry (38). In electron capture detection, specific
congeners and isomers can be identified by comparing the observed elution times to
known standards. In mass spectrometry, specific congeners/isomers are identified by
their ion mass to charge ratios, which are characteristic of each compound (/46).

In the literature, at least two methods of blood serum/plasma extraction have been
utilized with gas chromatography. One method is a liquid-liquid extraction that involves
extensive cleanup using relatively large quantities of benzene, a carcinogenic solvent.
Burse et al. reported that this method involved a total of 47 steps, making it extremely
labor intensive and time consuming. Furthermore, this method requires the use of
custom-packed columns (/47). This method was used to analyze plasma samples for
organochlorines in a study by Helzlsouer et al. to determine breast cancer risks (60).

The second, and more recommended, method of extracting serum/plasma for gas
chromatography is solid phase extraction. Brock et al. reported that this method is much
faster than the liquid-liquid extraction method, uses commercially available prepacked
columns, and uses a smaller quantity of a less hazardous solvent than the liquid/liquid
extraction method (/45). For PCBs, the detection limits of this method range from 0.17
parts per billion (ppb) to 0.45 ppb depending on the congener. The detection limits for
the different isomers of DDT and DDE range from 0.54 ppb to 0.66 ppb. Brock ef al.
have reported that there may be interference in the detection of organochlorines in serum

due to phthalates also present in serum. This is a limitation in the specificity of the
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method that may compromise the accuracy of quantification. However, Brock et al.
reported that the levels of phthalates required to produce suéh interference are well above
those reported to be in average human serum (/45). Rothman ef a/. and Cantor ef al.
used this method to study the relationship between serum organochlorines and non-

Hodgkin lymphoma (/37,748).

2.2.7.2. Application

Biomarkers of organochlorine exposure have been used in occupational,
environmental and epidemiological studies to investigate the risk factors and adverse
health effects associated with organochlorine exposure. A summary of a sample of these

studies, their methods, and their findings are listed in Table 2.1.
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Table 2.1: Summary of the Applications of Organochlorine Biomarkers in Human Studies

Study = Study Subjects .  Biomarker §:Z§gﬁif Study Methods Study Findings

Burns et 221 human adipose | Human adipose gas-liquid Results were DDE levels increased significantly over the time period.

al 1974 tissues samples tissue analyzed for | chromatography | reported, and These were the highest levels of DDE yetreported ina

(149} obtained during DDT, DDE, with electron corpared between general population (mean of 17.37 ppm), and second
elective surgery at | dieldrin, heptachlor | capture detection | sexes and race. highest DDT (mean of 23.18ppm) reported to date, They
one hospital from | epoxide, B-BHC, did not find a difference in levels of organochlorines
1969-1972 PCBs between the sexes, but did find that Mexican Americans had

significantly higher levels of DDT, DDE, and dieldrin than
Anglo-Americans.

Maroni et | 80 electrical Blood PCBs Gas Personal history; Blood PCB range: 41-1319 pg/ke; Statistically significant

al. workers (trichloro-biphenyl, | chromatography | Physical exam; Lab positive association between abnormal liver findings &

1981(76) pentachloro- tests blood PCBs; No association found between chloracne &

biphenyl & total) blood PCBs

Fischbein | 326 electrical Low {Arochlor Gas Questionnaire; High prevalence (37%) of dermatological abnormalities was

et al. 1982 | capacitor 1248) & high chromatography | Physical exam; Lab observed; No statistical significant difference between low

7 manufacturing {Arochior 1254} with electron tests; Exposure & high PCB homologs within those subjects with
workers homologs of PCBs | capture detection | assessment; t-tests; & | dermatological symptoms

in blood (plasma) non-parametric tests

Acquavell | 205 Employees of | Total PCBs in Gas Questionnaire; No adverse health effects found; Mean serum PCB level:

aetal an electrical blood (serum) chromatography | Physical exam; 18.2 ppb (SD 2.88);

1986 (79) | capacitor using a modified | Laboratory analysis; | Employment duration, cumulative occupational exposure,
manufacturing FDA procedure | Exposure assessment; | cumulative fish consumption, & cholesterol level were
plant Multiple linear found to be significant predictors of serum PCB levels

regression;
correlation analysis

Brandt- 16 municipal PCBs (hepta-, Reported as Personal history; No associations were found with serum PCBs and liver

Raufer al. | workers who clean | hexa- penta- & “routine Physical exam; Lab enzymes or serum triglycerides. 6 smokers had

1988 oil from tetrachloro- techniques” tests abnormalities in the fes oncogene related proteins.

{(150) transformers biphenyls & total)

in blood (serum)
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Table 2.1: Summmy of the Applications of Organochlorme Biomarkers in Human Studies
| Stady Sai&;eat;g Bmmarker Study ?&iﬁﬂmﬁs Study i?‘mﬁings f
Stehr- 45 dairy farm DDT, DDE Methods not Questlonnalre Statistical dlﬁ‘erences inHE & oxychloxdane were found
Green er family members Heptachlor specified {consumption between exposed group & conirols, & exposed & reference
al. 1988 {from 13 farms) epoxide, history); Laboratory | populations after controlling for age & sex. No difference
(105) who had consumed | oxychlordane, & 6 analyses; Liver was found between levels of HE & oxychlordane in control
heptachlor contam- | other function tests; & reference populations. Levels of DDT & DDE were
inated raw milk & | organochlorine Logistic regression; found to be lower in the exposed group. No difference was
94 controls from pesticides in blood Chi-squared & found in the levels of the other 6 pesticides between the
same region & (serum) parametric statistics exposed population & the control & reference populations.
results from No change in liver function enzymes was observed.
NHANES II as
reference
population .
Stehr- 5994 people from 16 organochlorine | Gas Lab analyses; Median DDE levels were found to be 12.6 ppb, & 50% of
Green et the NHANES I pesticides in blood | chromatography | Descriptive statistics; | the samples had greater than 1 ppb DDE. Increasing age,
al. 1989 population {serum) with electron Bivariate analyses; living on a farm, being male may be associated with
{80) capture detection | ¥2 & parametric increased risks of exposure controlling for demographic &
& mass statistics; Logistic & | seasonal variables.
spectrometry linear regression
Angerer et | 53 workers of a PCBsand HCB in | Gas Lab analyses; linear | Significantly higher levels of HCB were found in workers
al. 1992 municipal waste blood (plasma) chromatography | correlations as well as opposed to controls, but there wasn’t a significant
{(is1) incinerator and 431 with electron as non-parametric (/- | difference in plasma levels of PCBs between workers and
controls capture detection | tests were used for controls.
statistical analyses V
Rivero- 40 malaria control | Isomer specific and | Gas Questionnaire (work | The geometric mean level of total DDT was found to be
Rodriguez | workers in total DDT and chromatography | practices & 104.48 ug/g. There were statistically significant
eral. 1997 | Veracruz, Mexico | DDE in abdominal | with electron occupational history; | associations found between higher exposure (based on job
{45) adipose tissue capture detection | Exposure estimation | task), higher levels of DDT in fat, the use of personal
‘ (job tasks); Minor protective equipment, recent weight loss and lower levels of
surgery; Linear DDT in adipose tissue.
regression; i-tests;
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Study

Table 2.1: Summary of the Applications of Organochlorine Biomarkers in Human Studies

| Study Subjects | Biomarker o | Study Findings
£ —s. ... . - - - - OO0

Rothman | 74 CLUE DDT,DDE, & Serum: solid Questionnaire; A dose response relationship was found between lipid

et al. 1997 | participants that PCBs (total and 28 | phase extraction | Lab assays; corrected serum PCB levels and risk of NHL.

(130 have been congeners) in with gas Wilcoxon signed Seropositivity for the Epstein-Barr virus early antigen may
diagnosed with blood (serum) chromatography | rank testing; augment the effects of PCBs. No association was found
non-Hodgkin & eleciron Conditional Logistic | between lipid corrected blood concentrations of DDT and
lymphoma (NHL) capture Tegression NHL. Median lipid corrected levels of total DD'T were
& 147 matched detection; found to be 3150 ppb in the cases and 2770 ppb in the
controls without controls. Median levels of PCBs were found to be 951 ppb
NHL in the cases and 864 ng/g in controls.

Dewailly | 98 breast-fed and Breast milk (fat High resolution | Interviews; clinic The study found that risk of otitis media was associated

et al. 2000 | 73 bottle fed Inuit | extracts) and blood | gas visits; lab analyses; t- | with prenatal exposure to DDE (RR=1.52), HCB

(59 infants from Arctic | (seruim) analyzed chromatography | tests, chi squared (RR=1.49), and dieldrin (RR=1.26).

Quebec, Canada for PCBs, DDE, & electron tests, and relative
mirex, HE, capture detection | risks to evaluate
chlordane, HCB, statistical difference
endrin, dieldrin between breast and

bottle fed infants;
logistic regression
was used to control
for confounders.

Hoyer et 240 women with Blood (serum) Solid phase Questionnaire; lab A significant relationship between levels of dieldrin in

al. 1998, | breast cancer and analyzed for mirex, | extraction with analyses, relative blood and risk of breast cancer was found. A slight risk was

2000, 477 matched dieldrin, aldrin, gas risks and odds ratios | also found between HCH, and risk of breast cancer was not

2601 controls that endrin, chlordane, | chromatography | calculated from associated with DDT, DDE, DDD or PCBs. The second

(152-154) | donated blood as HCH, heptachlor, & electron conditional multiple study found that dieldrin also had significantly worsened
part of the HE, oxychlordane, | capture detection | logistic regression breast cancer survival rates. The third study found that the
Copenhagen City trans-nonachlor, results of the first study were most likely due to the fact that
Heart Study in HCB, DDT, DDE, the women with high levels of dieldrin in their blood had
1976 DDD, & 28 PCB estrogen recepior negative tumors which were larger and

congenecrs more spread out than the women with estrogen receptor

positive fumors.
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Table 2.1: Summary of the Applications of Organochlorine Biomarkers in Human Studies

Stady | StudySubjects | Biomarker | Y'0% | Study Methods Study Findings
Fitzgerald | 93 Native DDE & PCBs (68 | Gas Consumption, Age, occupation, and fish consumption were found to
et al. American men congeners & total) | chromatography | wildlife & residential | predict serum PCB levels. DDE results not reported.
1996, from a northern in blood (serum) with electron history; Lab tests;
1999 Great Lakes region capture detection | Breath tests;
(13,15%) Regression analysis
Helzlsouer | 346 women that DDT,DDE & Serum: solid Questionnaire; Total and congener-specific serum PCBs and total DDE
etal. 1999 | have been PCBs in blood phase extraction | Lab assays; were not found to cause an increased risk for breast cancer.
(60} diagnosed with (serum & plasma) | with gas chr- Genotyping; Cases had a mean level of 1698.9 ppb of total lipid adjusted
breast cancer & omatography & | Wilcoxon signed DDE and 735.3 ppb lipid adjusted PCBs, while controls had
346 matched electron capture | rank testing; a mean of 1920.3 ppb DDE and 663.6 ppb PCBs.
controls without detection; Conditional Logistic | Adjustment for family history of breast cancer, BMI at age
breast cancer who Plasma: regression 20 or current, age at menarche, age at 1* birth, & duration
donated blood as liquid/liquid of lactation did not alter odds ratios. Polymorphisms in the
part of the CLUE extraction & GSTMI1, GSTT], GSTPL, COMT, & CYP17 also did not
campaign(s) adsorption alter the association between PCBs and breast cancer risk.
chromatography
Kearney ef | 232 fish license Organochlorines Gas Great Lakes wildlife | Great Lakes fish and waterfow! consumption were
al. 1999 holders from a (14 PCB chromatography | consumption & associated with increased levels of PCBs, DDE, & mirex.
(156} Great Lakes congeners, & 11 with electron detailed Breast feeding was associated with lower levels of PCBs,
comuunity chlorinated capture detection | questionnaire; Lab although it was not statistically significant.
pesticides) in blood tests; Regression
{plasma) analysis
Baris ez al. | 22 non-Hodgkin’s | Blood serum Gas Lab analyses; The study found that PCB and DDE levels in the blood of
2600 lymphoma patients | analyzed for DDE | chromatography | Pretreatment & post | non-Hodgkin’s lymphoma patients significantly decreased
(157, and PCBs with electron treatment samples after chemotherapy treatment.
capture detection | were compared using
Pearson correlation

coefficients & paired
t-tests.
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Table 2.1: Summary of the Applications of Organochlorine Bnomas'kers in Human Studies

I ., | Vicaot T -
| study | StadySobjects | Blomarker | YRS | gugmtetboss | SmayFmdmg
Fﬁzgerald 97 Native PCBs, DDE, mirex, | Gas Questionnaire Mohawk mothers had sxgmﬁcanﬂy higher gcomemc mean
etal Ammerican women and HCB chromatography | (consumption history, | levels of PCBs (0.602ppm), DDE, & mirex than control
1998, from a northern concenirations in with electron reproductive and women (PCBs: 0.375 ppmy) after controlling for previous
2001 Great Lakes region | breast milk capture detection | pregnancy info); Lab | breasifeeding, maternal age, alcohol consumption prior to
{158,159) | and 154 Caucasian tests; Multiple linear | pregnancy, & antibiotic use before pregnancy. These were
womea from a regression analysis found to be siguificant predictors of PCBs in breast milk.
control location. No difference was found in HCB levels. Organochlorine
All had given birth levels decreased over time in Mohawk women most likely
1 month prior due to local fish advisories.
Balluzer | 20 confirmed cases | Blood (serum) QGas Lab analyses; odds They did not find a statistically significant association
al. 2001 of systemic lupus analyzed for B- chromatography | ratios generated by between high levels of pesticides in the blood and disease
(160) erythematosus and | HCH, dieldrin, with electron conditional logistic status, but both cases and controls had elevated levels of
36 controls HCB, HE, mrans- capture detection | regression organochlorines in their blood.
nonachlor, mirex,
oxychlordane,
PCBs, DDT, DDE
Belles- 48 newborns from | Organochlorines High-resolution | Matemal food PCB levels were significantly 3 times higher in subsistence
Isles ez al. | a subsistence {14 PCB congeners | gas frequency & lifestyle | group than controls. Subsistence group had a significant
2002 fishing population; | & 11 chiorinated chromatography | questionnaire; Cord decrease in naive helper T-cells, T-cell proliferation, &
(109) 60 newborns fiom | pesticides & with dual Ni-63 | blood analysis & plasma IgM levels. A negative association was found
a control metabolites in cord | electron-capture | immunological between PCBs & DDE & T-cell clonal expansion. No
population blood (plasma) detectors assays association was found between natural killer cytolytic
activities & PCBs.
Cantorer | 74 CLUE Chiordane, v-HCH, | Serum: solid Questionnaire; No evidence of an association between these
al. 2003 participants that B-HCH, phase extraction | Lab assays; organochlorines and NHL risk were found.
(148) have been transnonachlor, with gas Wilcoxon signed
diagnosed with heptachior, chromatography | rank testing;
non-Hodgkin heptachlor epoxide, | & electron Conditional Logistic
lymphoma (NHL) | oxychlordane, capture detection | regression
& 147 maiched dieldrin, HCB in
controls without blood (serum)
NHL
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2.2.7.2.1. Occupational Studies

There have been several occupational studies that have utilized biomarkers of
organochlorine exposure. In one such study, several variables were used to predict serum
PCB levels in workers at an electrical capacitor manufacturing plant. Acquavella ef al.
found duration of employment, cumulative occupational exposure, cumulative fish
consumption, and cholesterol level to be significant risk factors for high levels of PCBs
in the blood (79). In another study of electrical capacitor manufacturing workers, plasma
PCB levels were measured to study the relationship between PCB exposure and
dermatological health effects (77). Blood PCB levels in electrical workers have also been
studied, and found to be associated with adverse effects in the liver (76). In addition,
serum PCB levels have been used in conjunction with serum screening for oncogene
proteins to study the possible increased risk for cancer in municipal workers who cleaned
oil from old transformers in a study by Brandi-Rauf et al. (150). DDT’s metabolite,
DDE was measured in the adipose tissue of pesticide workers in Mexico, and the use of
protective gear and recent weight loss were found to be effective in reducing exposure to
DDT (45). Furthermore, serum HCH levels were found to be 12 times higher in exposed
workers of an HCH manufacturing plant as compared to their controls in a study by
Nigam et al.(I161). A study by Sala ef a/. found that once workers retired from their jobs

at an electrochemical factory, HCB levels in their blood declined (3).

2.2.7.2.2. Great Lakes Studies

Biomarker data on organochlorine exposure have also been used to study

populations in the Great Lakes region. Because of their northern location, and the
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numerous industries along the shores of the Great Lakes and their tributaries, the region
has become highly impacted by persistent organic pollutants, such as organochlorines.
Studies have found that some large fish in the Great Lakes contain total DDT and PCB
levels that exceed the tolerance level of five parts per million (ppm) set by the FDA for
human consumption (/62). There are many populations in that region that rely on
subsistence fishing, Therefore, people living in the Great Lakes make ideal study
populations. One study measured PCBs in the cord blood of mothers when they gave
birth. Women who relied on subsistence fishing had PCB levels that were two to three
times higher than the control group (/63). In a similar study, eating fish and waterfow!
from the Great Lakes region was associated with increased levels of PCBs and DDE in
blood (156). In another study by Fitzgerald et al., body burdens of PCBs and DDE were
measured in the serum of men to determine if diet, residence, and occupation are

associated with levels of PCBs and DDE in the blood (/3).

2.2.7.2.3. CDC-NHANEs Studies

Information on organochlorine exposure in the general U.S. population has been
collected by the Centers for Disease Conirol and Prevention (CDC), as a part of the
Second National Health and Nutrition Examination Survey (NHANES II). Blood
samples were taken from a representative population consisting of over 7,000 U.S.
residents ranging from 12 to 74 vears of age, and analyzed for organochlorines. Median
DDT and o’p’-DDE concentrations were found to be below two ppb while the median
p’p’-DDE blood level was 12.6 ppb (4). Using these data, researchers have reported that

age, gender, and farming are associated with organochlorine levels in blood. In addition,

35

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



race, income, and geographic location were found to be risk factors for some specific
organochlorines (80). Another study measured organochlorines in the blood of a high
risk population, dairy farm family members, and the results were compared to the
NHANES 11 data since they are considered representative of the entire U.S. population

(105).

2.2.7.24. CILUE Studies

In Washington County, Maryland, the Johns Hopkins Training Center for Public
Health Research has been established to investigate chronic illnesses such as cancer and
heart disease via large population-based epidemiological studies (/64). The Center
collected blood samples at two different time points from approximately one third of the
Washington County population as part of the Campaign Against Cancer and Stroke
(CLUE I) and Campaign Against Cancer and Heart Disease (CLUE II). Many of these
samples were analyzed for organochlorines, and used in studies as biomarkers for
organochlorine exposure. One study analyzed the association between organochlorine
concentrations in blood and the risk of breast cancer. No statistically significant
associations were found. However, the total DDE concentration levels in blood ranged
from less than 6.93 to 80.33 nanograms per milliliter (ng/ml) unadjusted for lipids, and
less than 1,017.19 to 10,795.91 ng/g lipid (60). Two studies by Rothman et /. and
Cantor ef al. used the blood samples analyzed for organochlorines to investigate whether
organochlorine exposure was a risk factor for non-Hodgkin lymphoma. A strong dose-
response relationship between blood PCB levels and the risk for non-Hodgkin lymphoma

was found. They found total DDT and DDE mean levels to range from 8.7 to 49.1 ng/ml
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unadjusted for lipids, and 180 to 20,500 ng/g lipid (/31,148). In addition, another study
used the CLUE biomarker data to look at risks for prostate cancer. However, no
associations were found, and the data were not published. This study also uses this blood
organochlorine data, and therefore, more detailed information about the Center and iis

accomplishments are discussed in the next section.

2.3, CLUE I and II Study Design

2.3.1. Peopulation

In 1962, a Johns Hopkins Training Center for Public Health Research was
founded in Hagerstown, Washington County, Maryland (/64). Among its many
accomplishments, the Center sponsored the collection of two large blood specimen banks
as part of the CLUE I and CLUE II campaigns. The campaigns were given their name
from the slogan “give us a clue to cancer and heart disease.” All adult residents of
Washington County were asked to participate. Over 20,000 residents volunteered for
CLUE I from August through November of 1974. These participants represented
roughly one third of the Washington County population. In May through October of
1989, the CLUE II campaign recruited approximately one third of the population to
participate as well. An estimated 25 percent of the CLUE I participants also participated

in CLUE II ({/3]). Participant ages ranged from 30 to 80 years old.

2.3.2. Data Collection

After signing a general consent form that allowed the Center to use their blood for

research purposes, volunteers donated their blood in a number of trailers located
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throughout the County. At that time, brief questionnaires were adminisiered to each of
the blood donors. These questionnaires asked for a brief medical history, and
information about medication use. Additional information about the participants has
been obtained by the Center throughout the years. The Center sponsored two private
Washington County censuses in 1963 and 1975, administered a food frequency
questionnaire in 1989, and conducted a Women’s Health Survey in 1995. In addition,
CLUE 1I follow-up questionnaires were administered in 1996, 1998, and 2000. The
information obtained from these efforts and evaluated in this study is summarized in

Table 2.2 below.

Table 2.2: Summary of Informational Variables Obtained from Washington
County Studies

}}wt Smdy meen*sﬂaalth

Gender X X
Ethnicity X X
X X
X X

Years of
Schooling
Marital Status
Social Economic X
Status
Height X
Weight %
Occupational
exposure 1o
pesticides
Smoking Status X X
Water source and X

type
Cholesterol level X X
Diet: meat, fish, X
dairy, eggs,
vegetables, fruit
Breastfeeding X
history
Alcohol use X
Pesticide usage hid

e e
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The additional informational sources do not provide data on all of the blood
donors from CLUE I and II. Instead, they provide links to information on only those
donors that participated in that particular survey or questionnaire. In addition, thereis a
lack of information regarding potential exposure sources. For instance, details about
occupation are limited for most of the CLUE participants. Finally, the early
questionnaires did not obtain height and weight measurements. This information can be
used to calculate body mass index, which may be a significant predictor of body burdens

of lipophilic pollutants, such as organochlorines (3,85,765-167).

2.3.3. Laboratory Methods

As volunteers donated their blood in 1974 as part of the CLUE I campaign, the
blood was drawn into 15 milliliter (ml) Vacutainer tubes. The blood was then
refrigerated and allowed to clot before centrifugation. Two six mi aliquots of serum were
removed and stored in —70 degrees Celsius (°C) temperatures. In 1989, during the CLUE
II campaign, 20 m! of blood were collected into heparinized Vacutainer tubes. The tubes
underwent centrifugation, and the plasma, buffy coat, and 1.8 ml of packed red blood
cells were aliquotted and stored at -70 °C (60,131,148). These samples were stored at
these temperatures until they were analyzed several years later. Research has shown that
organochlorines are unlikely to degrade in frozen samples over time (730,7/686).

Two different laboratories were used to analyze the blood samples for
organochlorines. The CDC laboratory in Atlanta, Georgia was used to analyze the blood

samples for the breast cancer and non-Hodgkin lymphoma studies mentioned above.
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Blood samples for the prostate cancer study were analyzed by Pacific Toxicology
Laboratories in Los Angeles, California. Both labs were asked by the researchers to
report true values even if they were below the official limit of detection for the method
due to the theory that any reported values are more valid than interpolated values below
the detection limit (/48). Furthermore, Rothman ef a/ reported that using one half of the
detection limit instead of the real values had no effect on their analysis (/37).

All the blood samples were analyzed for DDT, DDE, and 28 PCB congeners and
reported as both unadjusted and adjusted for lipid content using the methods of Phillips et
al. (145,169). Phillips et al. reported that PCB and DDE levels were over 20 percent
higher in the blood of people that did not fast before the blood was taken (/69).
Therefore, adjusting for lipids controls for the fact that most participants did not fast
before donating their blood. Less than half of the blood samples were also analyzed for
alpha- and gamma-chlordane, oxychlordane, frans-nonachlor, heptachlor, heptachlor
epoxide, HCB, mirex, dieldrin, aldrin, endrin, and beta- and gamma-HCH as part of
breast and non-Hodgkin lymphoma cancer case control studies that took place in
Washington County using the CLUE blood samples (60,737). Table 2.3 summarizes the
organochlorine data from the three epidemiological studies that were available for this

study as well as the published NHANES II data mentioned above.

40

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



‘uoissiwgad 1noypum pauqiyosd uononpolidas Jayung “Jaumo 1ybuAdoo ayy Jo uoissiwiad yum pasonpoldey

Table 2.3: Summary of Available Blood Organochlorine Samples from Three CLUE Epidemiological Studies and a Summary
of the NHANES

II Blood Organochlorine Data

lipid adjusted (ng/g) | 1289 0-46010 2643.7 + 634 (2518.3,2769.0)| 708 0-10020 1347.2+ 404 (1268.0,1426.3)| 1964 86-2020 297 {267, 330)
unadjusted (ng/mi) 11390 0417  203+053 (19.2,203) | 796 1-61.9 83+025 {7.8,8.8)

p,p DDD

lipid adjusted {(ng/g) | 470 01648 068£038 (-0.06,142) | 73 NA NA NA NA NA NA NA
unadjusted (ng/ml) | 470 0111 0.0054 0003 (-0.0003,0.01) | 73 NA NA NA

o,p DOT

lipid adjusted (ng/g) | 470 91027 357+ 36  (285,428) | 73  0-1739 53+£28 (-0.12, 10.8) | 1002 NA <10.8 NA
unadjusted (ng/mi) | 470 0-48  024+002 (0.2,057) 73 0120 0.03+£0.02  (-0.004, 0.06)

PCB congener 28

lipid adjusted {(ng/g) | 714 0-3022 627x20 (587,666) | 73  0-1108 9.7+ 31 (36,15.7) 1202 NA <i6.7 NA
unadjusted (ng/ml) | 714 0-23 0442001 (041,047) | 74 0-0.6 0.05+0.02 {0.02, 0.09)

PCB congener 52

lipid adjusted (ng/g) | 700 01945 223x12  (20.1,248) | 287 0-1914 37+1.2 (1.3,6.1) 1248 NA <6.4 NA
unadjusted (ng/mi) | 700 0-1.0  015x 0007 {014,017) 1287  0-1.2 0.02+0.007  (0.008, 0.04)

PCB congener 74

iipid adjusted (ng/g) | 756 0-919.2 687% 24  (64.0,735) | 102 0-3106 56.7+5.0 (47.0,664) |1253 <64-300 <64 NA
unadjusted (ng/ml) | 756 0-65 05+£002 (045051 | 103  0-21 0.33 4 0.03 (0.28, 0.39)

PCB congener 101

lipid adjusted (ngrg) | 717 0-966 97%1.7 6.4, 12.9) 286  0-701 124042 0.38,2.0) | 1260 NA <13.2 NA
unadjusted (ng/mi) | 717 0-68 007+ 001 (005008 [286 0044 0.007x0.003 (0.002, 001

PCB congener 118

lipid adjusted (ngfg) 11288  0-3631 2337+ 64 (211.1,2362) | 650  0-830 981+ 38 (90.6, 105.5) | 1250 <6A4-438 <64 NA
unadjusted (ng/ml) 11201  0-841 26x071 {(1.2,4.0) 689  0-7.0 0.60 £ 0.02 {0.56, 0.65)
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Table 2.3: Summary of Available Blood Organochlorine Samples from Three CLUE Epidemiological Studies and 2 Summary
of the NHANES II Blood Organochlorine Data

ean =
Stsmiatﬁ ﬁmm
ganac tange  Deviation Interval
PCB congener 138
lipid adjusted (ng/g) | 756  0-1883 1502+ 4.0 (1424,1579) | 322 (-5554 8591+ 38 {78.4,934) |1261 <21.4-728 <21.1 NA

unadjusted (ng/ml) | 756 0-9.5 1.1£0.03 {1.0,1.1) 323 0065 0.53+0.02 {0.48, 0.58)
PCB congener 156
lipid adjusted (ng/g) | 1066 0-857.8 33416 (304,365 | 390 0-574.1 174£21 (13.3,21.6) | 1242 <64-175 <64 NA
unadjusied (ng/ml) 11070  0-828 13408 (0.3, 2.9 429 035 0.1+ 0.0 {0.08,0.1)
PCB congener 170

lipid adjusted (ng/g) 11271 02789 390+099 (37.1,41.0) | 643 0-1663 312+ 0.81 {(20.6,328) | 1153 <89-33.9 <8¢ NA
unadjusted (ng/mi) 11274  0-10.1 030+ 001 (0.28,0.32) | 682 0-1.7 0.19£0.0056  (0.18,0.20)
CB congener 180

lipid adjusted (ng/fg) | 1283 0-666.9 893+23  (847,939) | 668 0-4768 90.6x25 (85.8,955) | 1257 <145-838 <145 NA
unadjusted (ng/mi) 11287  0-624 1.2+ 049 021,24 | 707 0-3.8 0.56 £ 0.01 {0.53, 0.59)
PCB congener 183

lipid adjusted (ng/g) | 752 01049 1132057 (10.2,124) | 290 0622 25+ 047 (15,34 1260 NA <6.4 NA
unadjusted (ng/mi) | 752 0092 0080004 (007,009 | 291 0042 0.02+0003 (0.01,0.02)

PCB congener 187
lipid adjusted (ng/g) | 757  0-3444  143+£092 (125161) | 318 0-166 108+1.2 (84,13.3) |1263 <64-259 <64 NA
unadjusted (ng/mi) | 757 026 0110007 {009,012 | 319  0-1.1 0.07£ 0008  (0.050.08)

PCB congener 194
lipid adjusted (ng/g) | 757  0-207.7 96+ 084 8.4, 10.9) 103 0-845 191419 (15.5,227) | NA NA NA NA
unadjusted (ng/mi) | 757 018 0.07£0005 (006008 | 104 0057 011+ 0.01 {0.09,0.14)

FCB congener 185
lipid adjusted (ng/g) | 705  0-2370 75+ 34 {0.90,14.1) | 284 0618 74£053 (6.4, 8.5) NA NA NA NA

unadjusted (ng/mi) | 705 0202 0.06+003 (0.002,0.41) | 284 0045 005+0004  (0.04, 0.06)
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Table 2.3: Summary of Available Blood Organochlorine Samples from Three CLUE Epidemiological Studies and a Summary
of the NHANES II Blood Organochlorine Data

lipid adjusted (ng/g) | 752 0-1554 112+076  (97,127) | 319  0-157.1 140£1.2 {11.7,163) | NA NA NA NA
unadjusted (ng/ml) | 752 0-16 0080006 (0.07,0.1) 320 0-1.1 0.09£0.008  {0.07,0.10)

PCB congener 203

lipid adjusted {(ng/g) | 757 0-3141 11911 9.8, 14.0) 321 0-240 165+15 {13.6,19.4) | NA NA NA NA
unadjusted (ng/ml) | 757 0-27 009+£0008 (007,010) | 321 0-1.6 0.10 £ 0.01 {0.09,0.12)

PCB congener 206

lipid adjusted (ng/g) | 756  0-2159 103+ 29 (4.6, 16.0) 112 0-148 28927 {24.6,352) | NA NA NA NA
unadjusted (ng/ml) | 756 0-184  0.08+003 (0.03,043) | 113 0-0.77 0.18 £0.02 {0.15,0.21)

Total of PCB

congeners: 105, 146,

153

lipid adjusted (ng/g) | 1285 031256 2738+66 (261.0,286.7) | 669  0-1251 202560 (1907, 214.3) | NA NA NA NA
unadjusted (ng/mf) 11290 06268 214008 (2.0, 2.3) 708 0-13.0 1.3+£0.04 {12, 1.3}

Total of PCB

congeners: 105, 118,

148, 153, 156, 170,

180

lipid adjusted (ng/g) | 10683 34.2-8022 6435+ 181 (608.1,679.0) | 384 0-27940 418.0%198 (379.2,456.9) | NA NA NA NA
unadjusted (ng/mif) 11065 0.2-9343 6.0+ 0.9 42, 79 423 0-201 27£0.13 (24,29

Total of PCB

congeners: 105, 118,

146, 153, 170, 180

fipid adjusted (ng/g) 1 NA NA NA NA 666  0-255 26+008 (2.5,28) NA NA NA NA
unadjusted (ng/mi) NA NA NA NA 627  0-2454 4237121 (400.0,447.5)
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Table 2.3: Summary of Available Blood Organochlorine Samples from Three CLUE Epidemiological Studies and a Summary

congeners: 28, 52,
74, 101, 105, 118,
138, 146, 153, 156,
170, 180, 183, 187,
194, 195, 201, 203,

206
fipid adjusted (ng/g) | 697 108.1-6162 7474+ 191 (709.9,784.8) | 72 17.6-3126 557.0%588 (4417,6722) | NA NA NA NA
unadjusted (ng/mi) | 697 06841 53013 {6.0,5.5) 73 0.09-207 31%035 {2.5,3.8)

alpha chlordane
lipid adjusted (ng/g) | 694  (0-158 51x050 {4.1,6.1) 73 0217 0914043 {0.06, 1.8) NA NA NA NA

unadiusted (ng/mi) | 696 0-1.0  004+0003 (003,004 | 73  0-0.009 0.004+£0.002 (0.0004,0.008)
gamima chiordane

lipid adjusted (ng/g) | 466 06168 294+31  (233,355) | 73 0-80.0 21%13 (-0.3, 4.6) NA NA NA NA
unadjusied (ng/ml) | 467 046  020£002 {0.16,0.24) | 73 0-055  0.01+£0.009 {-0.003,003)

Oxychlordane
lipid adjusted (ng/g) | 694 0-3424 545%22  (50.1,589) | 72 04939 572496 (38.5,76.0) | 998 <V4477 <74 NA

unadjusted (ng/mi) | 696 0-26 0391002 (0.36,043) 73 0-25 0.33 £ 0.05 {0.22, 0.43)
frans Nonachior
fipid adjusted (ng/g) | 694 0-36802 367+£15 (337,396) | 282 04141 531+27 (47.7,585) |1269 «75-822 208 (192 226)
unadjusted (ng/ml) | 687 027 027001 (0.25030) | 287 0-2.5 0.33+£0.02 {0.30, 0.37)
Heptachior
lipid adjusted {(ng/g) | 693 0-1622 203x 11 {(18.2,22.4) 73 0-76 0.2+012 (-0.04,0.44) | NA NA NA NA
unadjusted {ng/mi) | 696 0096 014+ 0.007  (0.12,0.15) 73 0-0.04 0.001£0.0006 (-0.0002, 0.002)
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Table 2.3: Summary of Available Blood Organochlorine Samples from Three CLUE Epidemiological Studies and a Summary
of the NHANES II Blood Organochlorine Data

Heptachlor Epoxide
lipid adjusted (ng/g) | 695 06323 581+%29  (525,63.7) 73 0-7087 314+ 114 {8.0,53.8) 951 <752711 <75 NA
unadjusted (ng/mi) 897 0-44 0422002 (0.38,0.46) 73 0-3.6 0.18 + 0.06 {0.08, 0.31)

Hexachlorobenzene
lipid adjusted (ng/g) | 227 16-1719 252x1.1 (23.0,274) | 282 0-i07.2 369096 (35.0,38.8) | 1111 NA <60.5 NA
unadjusted (ng/mi) 227 00117 019+£0009 (0.17,020) | 283 0-058 0.23+0.006  (0.22 0.24)

Mirex
lipid adjusted (ng/g) | 692 08847 47%15 {1.8,7.6) 283 0-261.4 33+£13 {0.67,5.9) | 1194 NA <75 NA
unadjusted {ng/ml) 594 0-48  0.03+£0008 (0.02,005 | 283 0-1.8 0.02:+0.000 (0.004,0.04)

Aldrin
lipid adjusted (ng/g) | 696 02071  304x13 (278,329 73 0-39.4 22+09 (0.5, 3.8) NA NA NA NA
unadjusted {(ng/mi) 896 0-1.1 020+ 0.008 (0.19,0.22) 73 0-0.2 001+0.005 (0.003, 0.02)

Dieldrin
lipid adjusted (ng/g) | 693 07563 1012228 (957,1066) | NA NA NA NA NA NA NA NA
unadjusted (ng/mi) 696 0-56 0714002 (067,075 | NA NA NA NA

Endrin
lipid adjusted (ng/fg) | 692 0-603.8 487x 37  (424,57.0) | NA NA NA NA NA NA NA NA
unadjusted (ng/mi) 6594 0-3.0 033+£002 (0.28,0.37) | NA NA NA NA

beta Hexachioro-

cyclohexane
fipid adjustad (ng/g) | 693  0-2042 1079%43 (9951162 | 282 (-378.2 547+29 (49.1,60.3) | 1240 <4.8734 109 (104,117
unadjusted (ng/mi) 696 0147 079x003 (0.73,0.85) | 283 0-1.9 0.34 £ 0.02 (0.31, 0.38)
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Table 2.3: Summary of Available Blood Organochlorine Samples from Three CLUE Epidemiological Studies and a Summary
of the NHANES II Blood Organochlorine Data

Clus b

L _,-
amma Hexa-

chlorocyclohexane
lipid adjusted (ng/g) | 696 0-1214 095+034  (0.29, 1.6) 283 0-184.8 80075 (6.5,94) 1139 NA <75 NA

unadjusted (ng/ml) | 697  0-0.71 0.00740.002 (0.002,0.01) | 283 0094 005%0.004  (0.04,0.06)

*NHANES reference group consists of age group 20 and over 20 yrs old in 1999-2000
T NHANES range reported as 10th percentile of data - 95th percentile
NA: Not Applicable/ Not Measured in Study
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A detailed quality assurance/quality control program was followed for all
analyses. Samples were pooled and analyzed to test for interset variability, and duplicate
samples were used to test for intraset variability. Coefficients of between set variation
ranged from 6.7 to 20.0 percent, and within set coefficients of variation ranged from 8.4
to 18.0 percent (60,131,148).

One source of variability in the blood organochlorine results may be due to the
fact that the organochlorine concentrations measured in serum in 1974 while 1989
concentrations were measured in plasma. Plasma is whole blood, while serum is plasma
minus the clotting agents, which may interfere with analytical techniques. Although this
issue needs further exploration, its estimated that the difference between the two
concentration measures, when adjusted for lipids, is likely to be small when compared the
difference that should be seen between the two time points (60). This issue should not
generate great variability in this research since each time period is analyzed separately,
and only overall results are compared. Therefore, for the purposes of this study, the

serum/plasma samples are referred to collectively as blood samples.

2.4. Superfund Site

In the early 1930°s, the Central Chemical Corporation (CCC) built a 19-acre
facility in Hagerstown, Marylend. Figures 2.4 and 2.5 depict 2 map of the area and the
layout of the site, respectively. The site blended pesticides, such as DDT, Sevin,
chiordane, Guthion, Daconil, and Omite with inert materials, such as clay. In 1965, a fire
burned the main pesticide blending building on the premises, and most of the pesticide

operations at the site ceased. However, smaller scale pesticide blending continued to take
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place in another building on the site for three more years. In 1968, the facility terminated
all of its pesticide operations. The facility converted to a fertilizer plant, blending
ammonia solutions with other materials until 1984, In 1984, the site became inactive
(170). The site contained only one electrical substation, owned by the City of

Hagerstown, that used PCBs (8).

Figure 2.4: Map of the Superfund site location in the City of Hagerstown and
surrounding area
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Figure 2.5: Map of the CCC Superfund site
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In 1970, Maryland Department of Water Resources (MDWR) personnel found a
small dump area outside of the plant premises that consisted of stagnant water, bags
marked as insecticides, and a “suspicious” dust. Under the direction of the Washingion
County Health Departmént, the dump was covered with two feet of soil. In 1987, a
second buried dumpsite was found on adjacent property when a trench was excavated for
a sewer line. The site contained pesticides, naphthalene, and volatile organic compounds
(VOCs) (170).

Washington County residents began complaining about the CCC site as early as
the 1960°s when they claimed pesticide odors were migrating off site. The Maryland
State Health Department found levels of the pesticide, Guthion, in the air, but not at
levels they believed to be hazardous. In 1970, there were more complaints from nearby
residents that an air stack on the site was emitting dust and smoke. In 1972, the plant
opted to stop using the fertilizer granulator that was responsible for the dust and smoke,
instead of installing emission control equipment to comply with State Air Regulations
{70).

In addition, épeciﬁc organochlorines from the CCC site, such as benzene
hexachloride, aldrin, chlordane, dieldrin, methoxychlor, DDT, DDE, and DDD, were
found to have migrated off site in water. In 1976, water samples from the nearby
Antietam Creek indicated that some pesticides, such as DDT, and lead were being
transported in the creek from the Hagerstown area. In order to find the source of this
contamination, samples were taken from the CCC site, and high levels of DDT, lead, and
arsenic were found. More samples taken in 1993 by the Maryland Department of the

Environment (MDE) confirm the presence and migration of pesticides and organic
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constituents in both the soil and groundwater at the site. Furthermore, levels of DDT and
its derivatives, DDE and DDD, were found in the edible filet portions of fish caught in
Antietam Creek (/70).

A list of organochlorines that were evaluated in this thesis and whether or not they
are associated with the CCC Superfund site according to EPA reports is found in Table

2.4 below.

Table 2.4;: Organochlorines Evaluated and
Their Relationship to the Superfund Site

_Org
Aldrin
Dieldrin®
Endrin
o-Chlordane
v-Chlordane
Oxychlordans®
trans-Nonachlor
Heptachlor
Heptachlor epoxide®
Hexachlorobenzene X
f-Hexachlorocyclohexane
y-Hexachlorocyclohexane
(lindane)
Mirex
0,0’DDT; p,p’DDT;
p,p’DDE*
n,p’DDD*
PCBs X
* Seruny/plasma metabolite of parent compound

anochlorine

Ee Tl B P b

Eat B = B P PR Eos

Pl Ead ke

This contamination prompted the EPA to propose the site to be on the National
Priorities List (NPL) for clean up in 1996. Next, the EPA screened and scored the site
based on its potential to threaten human health or the environment using the Hazard

Ranking System (HRS). On September 25, 1997, the CCC site became a Superfund site.
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The site is covered by the Comprehensive Environmental Response Compensation and
Liability Act (CERCLA). Currently, the site is in the Remedial Investigation/Feasibility
Study (RI/FS) stage in which potential responsible parties have developed a work plan to
characterize the extent of contamination on the site (/177). Refer to Table 2.5 fora
detailed timeline of events regarding the CCC Superfund site. Some of the fourteen
potentially responsible parties include: Allied Signal, Central Chemical, FMC, Novartis,
Olin, Shell Oil, Union Carbide, and Wilmington Securities. After the RI/FS is
completed, 2 Record of Decision will be made as to what clean up alternatives will be
used on the site, and the site will enter the Remedial Design/Remedial Action phase of
the Superfund process during which the clean up process will begin. Once the clean up is
completed, the EPA will continuously monitor the site to make sure it is no longer
threatening human health or the environment. Eventually, it will be taken off the NPL

(172).
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| Year |

1930°s

Table 2.5: Timeline of Events for the Central Chemical Company Superfund Site

19-acre facility built in 'Hageré.town to blend pesticides with inert materials (ciay) ‘

e Eew

1960°s

Residents complained of pesticide odors

1965

Fire burned down main pesticide operation building

1968

Facility ceased pesticide production, and converted to fertilizer plant, blending and drying
ammonia sclutions

1970

MDWR found small dump offsite consisting of stagnant water and bags of insecticides

Residents complained air stack was emitting dust and smoke

1973

Pesticides were found in downstream water of Antietam Creek and on site

1976

MDE collected soil and sediment samples

1977

CCC hired Baker and Wibberly to collect soil, groundwater, and surface water samples

1984

The CCC site became inactive

1987

Ancther dump was found on adjacent property containing pesticides and VOCs

EPA put the CCC site on CERCLIS

1688

CCC hired Roy F. Weston, Inc. to collect soil and groundwater samples, as well as to conduct
an electromagnetic and ground penetrating radar survey

1989

MDE completed a Screening Site Investigation, and collected soil, sediment, and groundwater
samples

1991

MDE completed the Preliminary Assessment of the CCC site

1992

EPA conducted a Removal Assessment of the CCC site. Soil, groundwater, and wipe samples
were collected.

1993

MDE completed an Expanded Site Investigation. Soil, surface water, sediment, groundwater
and wipe samples were collected.

1994

Agency for Toxic Substances and Disease Registry (ATSDR) recommended a sampling
strategy, and EPA collected soil and fish samples

Presence of off-site migration of pesticides in soil, groundwater, and edible fish was
confirmed

1996

EPA proposed the CCC site for the NPL

1997

EPA scored the level of contamination on site by completing the HRS

CCC was put on the NPL

2002

CCC site was in the RI/FS stage where the 7 potential respousible parties submitied proposed
work plans for site cleanup.

2003

Potential responsible parties completed the RUFS work plan outlining what is necessary to
determine the extent of contamination.

Phase I of the work plan was completed. Groundwater monitoring wells were installed, and
environmental samples were taken.

City of Hagerstown put together a comimunity-based report stating that the city preferred the
land be redeveloped as light industry or commercial office park with a natural buffer area
once the site is cleaned up,

2004

Phase I work plan results will be interpreted and remaining field work (phase If) is to be
completed.

2005

RI/FS is expected to be completed, and EPA will issue a proposed cleanup plan
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OVERVIEW OF
RESEARCH METHODS
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3. Research Methods

The goal of this research was to determine the geographic distribution
characteristics of human biomarkers of exposure to persistent organochlorine chemicals
in a community with a potential source. In order to accomplish this goal, it was first
necessary to determine whether or not a former pesticide facility located within the
population was a potential source of exposure to surrounding residents. The next step
was to gain a better understanding of the potential risk factors for exposure to
organochlorines including both established individual potential risk factors and additional
spatially ﬂepeﬂdent potential risk factors. These steps were accomplished with regression
analyses. First, soil organochlorine concentrations were predicted in and around the site
using geostatistical regression techniques. In the second step, generalized least squares
regression was used to model the concentration level of each specific organochlorine
compound in the blood of Washington County, Maryland residents collected in the
CLUE 1 and II studies in 1974 and 1989, respectively. Participant and residence
information came from the multiple information sources collected by the Johns Hopkins
Training Center for Public Health Research, and was used as covariates in these models.
Once both the 1974 and 1989 regression models were developed, the influence of spatial
variables and spatial dependence in the data were evaluated. Finally, the robustness of
these models to positional inaccuracies in residential location was tested. These
processes are outlined in more detail in this section. However, an introduction to
geographic information systems (GIS) and a description of the data collection processes

are provided first.
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3.1. Geographic Information Systems

GIS are computer-based systems that serve as powerful tools to input, store,
retrieve, manipulate, descriptively analyze, and output data that have geographic
characteristics (2,20). GIS provides methods for the user to query data, study the
relationship between any selected geographical or spatial variables, and generate a
comprehensive spatial database. In addition, GIS can serve as a relational database by
providing a common format to link specific data to additional geographical or
environmental data collected for other purposes in the same geographic area. Each of
these databases can be mapped, and layered atop of one another in a process called
overlaying. The U.S. Geological Survey (USGS) has established procedures to properly
access, link, and document these data bases (2).

GIS has been used extensiveiy in the environmental, healthcare, and public health
fields. GIS can be used to map environmental contamination data, track air emission,
spill plumes, manage health care organizations, and monitor diseases (/2-79,173-187).
For example, Glass ef al. used GIS to study environmental risk factors for lyme disease
(18). More pertinent to the proposed study, Fitzgerald ef al. used GIS to organize and
map over 8,000 measurements of environmental organochlorine contamination data from
40 different documents to study the extent of environmental contamination in the St.
Lawrence River region (/3). In this study, GIS is used to combine environmental data, as
well as information from CLUE studies and questionnaires, such as residential location
éo the spatial distribution of organochlorines in human blood can be characterized as

described in more detail below.
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3.2. Data Collection

3.2.1. Ewpvircnmenizi Data

Almost 4,000 environmental samples have been collected at the Central Chemical
Company (CCC) Superfund site and analyzed for 1,1,1-trichloro-2,2-bis(p-
chlorophenyl)ethane (DDT), 1,1-dichloro-2,2-bis(chlorophenyl) ethylene (DDE), and
1,1-dichloro-2,2-bis(p-chlorophenyl) ethane (DDD) and other compounds at the request
of the Maryland Department of the Environment (MDE). These data include soil, surface
water, groundwater, drinking water, air, river sediment, and wildlife samples. The resulis
of these investigations were published in reports which were attained via the Freedom of
Information Act (8-10,170,188). Within these reports, contamination data were presented
along with survey-type maps of the site that included drawings of buildings and other
landmarks. Locations of sampled data were marked on these maps and could be cross-
referenced to the concentration value using the corresponding unique sample identifier.
For this thesis, all environmental samples were combined into one large electronic
database. The GIS process of on-screen digitization was used to determine the
approximate coordinates of 110 locations from which soil samples had been collected and
analyzed for DDE in the 1990’s since these samples represented the most complete set
taken within a five-year period. Geocoding was then used to link the soil concentration
levels from the database to the collection locations. These data were then mapped and
used to predict levels of DDE in soil at unsampled areas including areas undergoing
residential development. These processes are described in more detail in the first
manuscript entitled, “GIS and Geostatistics: Tools for Characterizing Environmental

Contamination.”
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3.2.2. Address Daia

In order to determine the residential location of the study subjects, address
information was obtained on all individuals. Participant street addresses and zip codes of
the participants were collected as part of the CLUE campaigns and accessed through the
Johns Hopkins Training Center for Public Health Research. Since CLUE [ addresses
were not in electronic form, many were obtained electronically through the 1975 private
census data. In order to ensure that these addresses were the same, each electronic
address was double-checked against the actual CLUE survey for accuracy. If the subject
had moved between the 1974 CLUE campaign, and the 1975 private census, the 1974
address was entered in place of the 1975 address obtained via the census. For those that
did not participate in the census, the handwritten addresses on the original CLUE survey
were entered into the database. Accuracy was verified when a ten percent random
sample of the entered addresses was checked. CLUE II addresses were already in
electronic form. Apartment numbers were removed, obvious spelling mistakes were
fixed, and the address data were re-organized so that they may be brought into GIS to
determine their locations.

However, in the early 1990’s, Washington County changed its address system,
and renamed several roads and renumbered the street addresses as part of an emergency
response improvement. Specifically, road names were changed so that no two streets
shared the same name, rural routes were replaced with a street name, and house numbers
outside city limits were given new numbers of at least five digits. Therefore, County

directories from both before the change and after had to be used to deduct the current
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valid address that corresponded with the CLUE address. Furthermore, 2 new zip code
was added to Washington County to account for the growing population.

Results of the address analysis indicated that approximately 50 percent of the
CLUE I and CLUE II addresses were current valid addresses as they were obtained. An
additional approximate 10 percent of the addresses from each CLUE campaign became
valid after minor fixes, such as spelling errors, or accounting for the zip code change.

The remaining addresses had undergone major changes, and the new corresponding
address had to be researched using the County directories as mentioned above.

Once as many of the addresses were converted to a valid current form as possible,
they were brought into ArcGIS (Environmental Systems Research Institute, Inc.) to find
their geographical location through geocoding. Geocoding is the GIS process by which
an attribute or characteristic can be linked to a geographical location. Most often, this is
accomplished using ordinary sireet addresses that GIS matches to digital basemaps within
its system, providing, for example, a set of longitude and latitude coordinates. With this
information, GIS can serve as a relational database by providing a common format to link
specific data at the location to additional geographical or environmental data collected in
the same geographic area (2). Such spatial databases provide the necessary input to the
various methods of spatial statistics available.

Two basemaps were used in this study to link addresses to 2 geographical location
(177). They are StreetMap 2000 (Environmental Systems Research Institute, Inc.) and
the United States Census Bureau 2000 Topologically Integrated Geographic Encoding
and Referencing (TIGER) street maps. Approximately 91 percent of CLUE I and 88

percent of CLUE II addresses were geocoded using the StreetMap 2000 basemap. The
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TIGER file basemap located an additional five percent of the addresses. The Delorme
Street Atlas software package (Delorme) was then used in an attempt to locate the
remaining addresses. This approach was recommended by McElroy e? al. to achieve
maximum geocoding success (I77). In total, approximately 96 percent of the CLUE 1
and 95 percent of the CLUE 1I addresses were able to be geographically located. Figure
3.1 is a visual display of this geocoding process. The geocoded latitude (y coordinate)
and longitude (x coordinate) of each address location was stored in a database along with
the subject ID code. In situations where several CLUE participants live in one location,
such as an apartment building, one foot in both the x and y directions was added in
increments to the residential location to make sure all participants had a unique location,

and no two participants were grouped into one when mapping.
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Figure 3.1: Flow chart of the geocoding process used to locate the residential location
of CLUE participants whose blood was analyzed for organochlorines

Step 1:

Step 2:

Step 3:

Step 4:

Step §:

Total % of Addresses Unable to he Geocoded
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3.2.3. Geocoding Positional Bias Data

Geocoded locations from street addresses are not 100 percent accurate. GIS
basemaps contain roads, which are represented as line segments, and road intersections.
Geocoded coordinates are obiained by approximating numbered addresses in proportion
to the street segments between intersections. For example, the geocoded coordinate for
125 Main Street would be the location representing one quarter of the way between the
100 and 200 blocks of Main Street, assuming the basemap contains these block
intersections. The distance along the road between the true location and the geocoded
coordinate is one source of geocoding positional bias. The distance residences are from
the street is another source of this bias.

In order to quantify biases associated with geocoding addresses in GIS, a random
sample of 163 study participant addresses, from a total of 1,323 were chosen from rural
and urban Washington County zip codes, and those addresses were visited. The distance
between the geocoded coordinates of the address and the coordinates taken with a global
positioning system (GPS) in front of the residence was measured. Furthermore, a laser
distance meter was used to measure the distance between the street and the residence.
More details regarding this geocoding positional bias data collection can be found in the
third manuscript entitled, “Geocoding Positional Bias and its Effect in Analyzing the

Spatial Distribution of Blood Dieldrin Levels”

3.2.4. Blood Data

This research uses samples from both the CLUE I and CLUE II blood banks that

have already been analyzed for organochlorines for use in the breast cancer, prostate
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cancer, and non-Hodgkin lymphoma studies that were mentioned in the background
section. These data were accessible after receiving Committee on Human Research
(CHR) approval (CHR # H.18.02.07.26B) and subsequently gaining the permission of the
Johns Hopkins CLUE Committee. The data were received in six different databases
corresponding to the three epidemiological studies and two time periods. The data were
manipulated so that the variables could be compared to each other, and then merged into
one large database for each CLUE study. In total, the blood samples of 2,184 subjects

were used.

3.2.8, Risk Factor Data

Additional participant information, such as age, race, gender, education level,
marital status, and district average socioeconomic status (SES) as well as potential risk
factors that have shown to be predictive of blood organochlorine levels such as body
mass index (BMI), smoking status, drinking water source, and alcohol, fish, egg, dairy,
vegetable and fruit consumption were obtained from the Johns Hopkins Training Center
for Public Health Research (45,63,69,79,155,165-167,189). These data were abstracted
from the CLUE I and II questionnaires, the 1975 private Washington County census, and
the food frequency questionnaire. In addition, the spatial variables of direction and
Euclidian distance from the Superfund site to the residence as well as urban/rural
residence were created and added to the list of potential risk factors, These data were

linked via subject ID to the biomarker data and combined into one database for analysis.
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3.3,  Statistics

The statistical modeling in this study involves regression analyses for spatially
dependent data. The models are of the general form:

Y(s) =B, + B, X (s) ...+ B, X (s) + &(s), 3.1)
where ‘s’ denotes spatial coordinates, Y(s) represents continuous outcomes at location s,

X, (8)... X (s)’s risk factors (including possible interactions) indexed by location s,
B,...B,’s, their associated effects, and f3; the baseline intercept. The residual error term,

g(s) is assumed normally distributed with a zero mean and constant variance. Model 3.1
resembles the common linear regression model with one major distinction; the error
component, £(s), is assumed to be spatially dependent (/90). In the geostatistical
literature, Model 3.1, with these specifications, is known as a universal kriging model
commonly used for spatial prediction at unobserved or unmeasured locations (23).
Various forms of Model 3.1 are used throughout the three manuscripts of this thesis for
purposes related to spatial prediction, quantifying potential risk factors, and simulation.
The spatial dependence is accounted for in Model 3.1 by allowing the residual
correlation between location pairs, denoted by p (e(sy), &(s;)), to be represented as a
decreasing function of the distance between locations. There exists a pool of valid
correlation functions that are routinely used in geostatistics, each parameterized to allow
the data to help determine its complete structure (23). One such function known as the
exponential correlation function, commonly used throughout the literature and in the
second and third manuscripts, is given by pdij, for 0<p<1, with d; representing the

distance between locations s; and s;. Details regarding other correlation functions
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including the spherical correlation function used in the first manuscript can be found
elsewhere (23).

The characterization of a spatial correlation function including parameter
estimation is carried out in this research with a variogram (23). For instance, the
variogram of the residual process in Model 3.1, is defined to be Var(e(s;), &(s;)), where
Var denotes variance. Under certain regularity conditions, there is a one-to-one
correspondence between variogram and correlation functions (23). An example
exponential variogram (which would relate to the exponential correlation function
mentioned above) is shown in Figure 3.2. The x-axis represents the distance between two
data points. The y-axis represents the variance between two data values that are located
at a specific distance from each other. The slowly rising and then leveling off pattern is
indicative of spatial dependence since it shows that there is little variance between data
values that are spatially close to one another, and the variance increases as the distance
gets larger until the data values are no longer spatially dependent (variance becomes
constant). A horizontal structure with no apparent pattern would suggest a lack of spatial
dependence. Therefore, the variogram is commeonly employed as a diagnostic check for

assessing spatial dependence in data (23).
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Figure 3.2: Example of variogram showing spatial dependence in daia
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A useful tool in practice and in this research is the following method of moments

variogram estimator.

29 (1) = ——— 3 (els)) - els, )f 3.2)
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where 2y(h) denotes the variogram, y(h), the semivariogram, h represents distance

classes, N(h) the set of location pairs in each distance class, and [N(h}| the nurmber of such
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pairs, with the sum (and hence, the average) taken over all the pairs of locations whose
distance falls within the specified distance classes (23). This estimator is commonly
employed as a diagnostic check for assessing spatial dependence in data (23). For
analyses throughout this study, variogram function parameter estimation (equivalently
correlation function estimation) for Model 3.1 was obtained via maximum likelihood
based methods (23,791). However, the method of moments estimator (Model 3.2) was
relied upon heavily as a diagnostic tool.

The second manuscript uses the universal kriging model (Model 3.1) to evaluate
potential individual risk factors such as age, BMI, diet, smoking status, alcohol
consumption, and drinking water source to determine their significance in influencing the
levels of blood organochlorines in humans. A simple version of Model 3.1, known as
ordinary kriging, is demonstrated in both the first and third manuscripts. This model
assumes that the data do not depend on large scale trend. In other words, there are no
known risk factors in the data. An example of an ordinary kriging model is as follows:

Y(5)= B, + &(s) (33)
where Y(s) is the outcome concentration value at location s, B, is a regression coefficient
representing a constant mean, and g(s) is a normally distributed spatially dependent error
term representing residual variation. In the first manuscript, this model is used to predict
levels of 1,1-dichloro-2,2-bis(p-chlorophenyl)ethylene (DDE) in soil surrounding the
CCC Superfund site. The third manuscript also uses this ordinary kriging model in
addition to conditional simulation to estimate the spatial variation in geocoding positional

bias.
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3.4. R Statistical Computing Environment

Specialized software packages exist to perform geostatistical analyses (27-30).
The open source statistical computing environment R is used in this study. R is similar to
the S and S-Plus statistical computing package (MathSoft), with main advantages being
that it is free and continually expanded with contributed libraries for a wide range of
specialized topics. R has an extensive range of built-in statistical techniques that can be
used to perform standard statistical analyses from exploratory to more confirmatory
model-based analyses. R is compatible on PC, Unix, Linux, and Macintosh platforms. In
addition, R has several hundred official open source add-on libraries for other specialized
techniques with approximately ten percent of these libraries containing tools to perform
geographic/spatial analyses (28). Furthermore, R has powerful and unique graphical
capabilities as is evidenced in this research. R has widespread usage in the academic
community and increasing usage in industrial and government sectors. More detailed
discussions about R and its contributed libraries can found elsewhere (3/). Appendix C
contains selected R code used for the statistical analyses performed in this research.

One contributed library in particular, geoR, was used extensively for performing
all geostatistical analyses (/92,793). The geoR library contains a comprehensive set of
functions to perform most traditional based geostatistical methods as well as likelihood
based and Bayesian methods. A more detailed discussion and tutorial about geoR can be

found online (37,793).
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MANUSCRIPT ONE

GEOSTATISTICS AND GIS:
TOOLS FOR CHARACTERIZING ENVIRONMENTAL CHARACTERIZATION
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4. Manuscript One: Geostatistics and GIS: Tools for Characterizing -

Environmental Contamination

4,1, Publication

This study was accepted for publication in the Journal of Medical Systems on

January 6, 2004.

4.2. Abstract

Geostatistics is a set of statistical techniques used in the analysis of geo-
referenced data that can be applied to environmental contamination and remediation
studies. In this paper, the 1,1-dichloro-2,2-bis(p-chlorophenyl)ethylene (DDE)
contamination at a Superfund site in western Maryland is evaluated. Concern about the
site and its future clean up has triggered interest within the community because
residential development surrounds the area. Spatial statistical methods, of which
geostatistics is a subset, are becoming increasingly popular, in part due to the availability
of geographic information system (GIS) software in a variety of application packages. In
this article, the joint use of ArcGIS software and the R statistical computing environment
are demonstrated as an approach for comprehensive geostatistical analyses. The spatial
regression method, kriging, is used to provide predictions of DDE levels at unsampled
locations both within the site and the surrounding areas where residential development is

ongoing.
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4.3. Imtroduction

Evaluating spatial relationships and geographic determinants of health is a
growing area of environmental and public health research. Traditional environmental
health studies have evaluated temporal changes in diseases and their determinants. More
recently, however, there is a growing interest in evaluating both spatial and temporal
patterns of health and their environmental determinants. As a resuit, geographic
information systems {GIS) have become increasingly popular in environmental health
applications and to environmental health practitioners (/2-19). As GIS becomes more
widespread, various applications of GIS have evolved. Articles in the literature provide
various definitions and applications of GIS as a medical, environmental, and public
health information system. In its basic form, GIS is a database system with the
distinguishing feature that it deals with spatially (or geographically) referenced data.
"Where" in addition to "what" that is measured or observed is important and thus
recorded and stored in a GIS database. With location information linked to data values,
GIS becomes a visual database providing comprehensive mapping capabilities as it’s
most basic and fundamental construct. However, the functionality of a GIS extends
beyond producing maps. Some of these more specialized features are highlighted in this
study with an application involving environmental contamination at a Superfund site.

The purpose of this paper is to present combined components of GIS and the R
statistical computing environment as tools for performing geostatistical and
environmental based analyses. Data from a western Maryland Superfund site are used to
demonstrate different features of GIS and R as they are needed to follow through a

geostatistical analysis characterizing potential contamination at the site. Background
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information on the Superfund site, geostatistics, and the R statistical computing

environment are provided first.

4.4. Background

4.4.1. Description of the Site

In the early 1930's a large chemical company built a 19-acre facility in western
Maryland for the production of fertilizers and pesticides, including blending 1,1,1-
trichloro-2,2-bis(p-chlorophenyl)ethane (DDT) until 1968. DDT and its derivatives, 1,1-
dichloro-2,2-bis(p-chlorophenyl)ethylene (DDE) and 1,1-dichloro-2,2-5is(p-
chlorophenyl)ethane (DDD), are classified by the United States Environmental Protection
Agency (EPA) to be Group B2, probable human carcinogens (6). These compounds have
also been found to be endocrine disrupters and acute doses can severely affect the
nervous system (6,36). In 1972, the use and production of DDT was banned by the
United States. The chemical company ceased all fertilizer and pesticide operations at the
site in 1984, however many original structures remain today.

Subsequent site investigations involving soil, water, air and fish sampling during
the 1970's, 1980's and 1990's indicated the presence and migration of these pesticides and
other organic and inorganic contaminants to off site areas, some of which are currently
under residential development (8-70,770,188). Furthermore, the municipality in which
the site is located has a population of approximately 60,000 residents. The EPA placed
the site on the National Priority List (NPL) for cleanup in 1997, designating it a

Superfund site (/7,794). For demonstration purposes, soil sample data collected on and
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near the site in the 1990's analyzed using both GIS and statistical techniques are

presented in this paper.

4.4.2. Geostatistics and R

The area of statistics known as geostatistics is ideally suited for characterizing the
spatial distribution of environmental contamination and for evaluating potential spatial
determinants. Geostatistics is a set of statistical techniques used in the analysis of
spatially referenced data (27-23). Originally developed in the mining industry to predict
recoverable ore reserves, the practice of geostatistics has found widespread use in
environmental applications such as Superfund site characterization (24-26,195,196).

Geostatistics provides the ability to predict levels of contamination at unsampled
locations based on known sampled values. Intuitively, predicting contamination levels at
unsampled locations can be thought of as a weighted average of neighboring sampled
values, with higher weight given to values closer to the prediction location. This can be
accomplished formally using the following regression model,

Y{(s) = u(s) + &(s), 4.1)
where ‘s’ denotes spatial coordinates, Y(s) represents contaminant values at location s,
u(s) is the mean component, and &(s) corresponds to a zero mean normally distributed
random error. Model 4.1 resembles the common linear regression model with one major
distinction; the error component, (s), is assumed to be spatially dependent. Levels of
contamination at the site are likely to be more similar at samples closer together than

samples further apart. This spatial dependence is accounted for in Model 4.1 by allowing
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the correlation between error terms to be structured as a decreasing function of the
distance between sample locations.

There exists a pool of valid correlation functions that are routinely used in
geostatistics, each parameterized to allow the data to help determine iis complete
structure. The function chosen for the correlation and, more importantly, the estimation
of its parameters, comprise a crucial step in the geostatistical process. The completely
specified correlation function determines the weighting scheme that yields optimal spatial
predictions at unsampled locations, generating what are statistically known as best linear
unbiased predictions (BLUPs). Once the correlation function has been determined, the
BLUPs under Model 4.1 are generated via statistical least squares techniques (23).

A primary focus in geostatistics is thus specifying this correlation function.
Traditionally, this has been accomplished with a closely related function known as the
semivariogram {23). The spherical semivariogram function shown below is an example

of a semivariogram commonly used in geostatistics (23),

0 h=0
y() =1t +02(1.5%h/p—0.5%(h/p)’) 0<hsg (4.2)
7’ +0? h> .

The parameter, @, is the range, and corresponds to the distance (h) at which
sample locations are no longer spatially correlated. Parameters v and o°, the nugget and
partial sill, respectively, define the variance of the process. The nugget represents what is
sometimes referred to as micro-scale variation, or variation between sample locations at 2
distance smaller than that observed in the sampling. By determining values for these
parameters, the semivariogram is specified, and is easily transformed into a correlation

structure used for generating BLUPs (23).
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The traditional geostatistical approach first estimates the semivariogram based on
the sampled data using the classic method of moments estimator, and then fits a
semivariogram function through these estimates with a graphically based procedure such
as weighted least squares (23,797). More recently, due to the subjectivity involved in this
method, there has been a push towards a more model-based approach making use of
statistical likelihood concepts for semivariogram parameter estimation (/91,798-200).

Note when information in the form of covariates is available, the mean
component, u(s), in Model 4.1 may be parameterized as u(s)= f, + B, X,(s) +...+ B, X (s),
where the X’s represent covariates indexed by location s, and B’s, their associated effects.
In this case, Model 4.1 is known as a universal kriging model. Ifno auxiliary
information is available, the mean component is assumed to be unknown and constant
across the site, u(s)=y, yielding what is known as the ordinary kriging model. For those
familiar with regression applications, this may secem unusual. However, prediction is
often the primary goal of the kriging model, as opposed to estimation of covariate effects.

Specialized sofiware packages exist to perform geostatistical analyses (27-30).
The open source statistical computing environment R is used in this study. R is similar to
the S and S-Plus statistical computing package (MathSoft), with main advantages being
that it is free and continually expanded with contributed libraries for a wide range of
specialized topics. R has an extensive range of built-in statistical techniques that can be
used to perform standard statistical analyses from exploratory to more confirmatory
model-based analyses. R is compatible on PC, Unix, Linux, and Macintosh platforms. In
addition, R has over 300 official open source add-on libraries for other specialized

techniques with several of these libraries containing tools to perform geographic/spatial
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analyses (28). Furthermore, R has powerful and unique graphical capabilities as is
evidenced in this analysis. R has widespread usage in the academic community and
increasing usage in industrial and government sectors. More detailed discussions about R

and its contributed libraries are found elsewhere (37).

4,5, Methods

4.5.1. Environmental Data Source

Soil samples were collected at the western Maryland Superfund site and analyzed
for DDT, DDE, and DDD among others at the request of the Maryland Department of the
Environment (MDE). The results of these investigations were published in reports which
were attained via the Freedom of Information Act (8-10,170,188). Within these reports,
assayed values were presented in table form along with survey-type maps of the site that
included drawings of buildings and other landmarks. Locations of sampled data were
marked on these maps and could be cross-referenced to the assayed value using the
corresponding unique sample identifier. However, actual geographic coordinates of each
sample or building structure did not exist.

In soil, DDT usually breaks down into two derivate forms, DDE, a product of
dehydrogenchlorination, and DDD, a product of dechlorination (5,6). For this study, 110
DDE surface samples (defined in this study as a depth of less than one foot) collected
between 1992 and 1997 were used to characterize the spatial distribution of contaminants
throughout the site. Multiple samples collected at the same location, time, and surface

depth were averaged.
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4.5.2. GIS

The DDE data were input into a Microsoft Excel database and imported into
ArcGIS 8.3 Desktop (Environmental Systems Research Institute, Inc.). Geographic
coordinates for each sample, needed to perform the geostatistical analyses, were
determined by creating a georeferenced map of the site and surrounding area, digitizing
all sample locations, and creating a geocoded database containing DDE concentrations by
location.

Georeferencing is the process by which a map is made electronic, and
geographically located on the globe (207). The process involves obtaining geographic
coordinates of some landmark structures on the site. In this study, a hand held global
positioning system (GPS) unit was used to record the geographic coordinates of the
corners of each building and fence line during a site walk-through. Maps were scanned
into ArcGIS and anchored, or georeferenced, using these landmark coordinates.

Geographic coordinates for the sample locations could not be obtained via a GPS
since the ground did not contain any such markings to designate sample locations.
Instead, sample locations were identified on the original site maps and made into points
on the georeferenced ArcGIS site map with the landmark buildings and boundary fence
lines in place. The computer mouse and ArcGIS editor tools were used to produce these
points. This process is known as on-screen digitizing and resulted in an approximate set
of geographic coordinates for the DDE sample locations (2017).

In order to link the soil contaminant values with the soil sample locations, DDE
concentrations were geocoded to the map using ArcGIS. Geocoding allows the user to

link any piece of information, or attribute, to a geographical location which already exists
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in the GIS (201). In this case, levels of DDE found in soil are linked to the locations
from which they were collected on the site layout map via a map identifier that was

created when the sample location points were added to the map.

4.8.3. Geostatistics and R

The data, now spatially referenced, were analyzed using geostatistical techniques.
The end result of the analysis is a map of the Superfund site characterizing predicted
levels of DDE contamination based on the 1992-1997 soil samples.

The ordinary kriging regression model (Model 4.1) was used to predict levels of
DDE at unsampled locations since no auxiliary information was available for the DDE
sample data. The spherical semivariogram function (Model 4.2) was used for the
correlation structure. Parameter estimates of the spherical semivariogram were obtained
using the composite likelihood approach (/97). The composite likelihood approach for
semivariogram estimation has many of the advantages of a full statistical likelihood based
approach with the robust and more positive properties of the traditional approach
(23,191).

To assess predictive performance of the kriging model, five DDE samples were
randornly chosen from each quartile of the 110 data values, and set aside for validation.
These 20 data points did not contribute in the initial analysis. Instead, the remaining 90
values were analyzed and used to predict at these 20 validation locations. The root mean
squared error between the true observed DDE values and the predicted DDE values was

used to assess the model’s ability to predict levels of DDE at unsampled locations. The
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geostatistical process was then repeated using the full set of 110 DDE samples to produce
a map of predicted DDE contamination across the entire site.

All statistical computing and graphics (exciuding ArcGIS maps) were performed
within the open-source R statistical computing environment. The analysis conducted in
this study used the contributed library geoR, a comprehensive set of functions to perform
geostatistical based analyses (/92,793). The geoR library contains written functions to
perform most traditional based geostatistical methods as well as many likelihood based
and Bayesian methods. A more detailed discussion and tutorial about geoR can be found
online (37,7/93). The flexibility of R also allowed programming the composite likelihood

method for semivariogram estimation.

4.6. Results

Georeferencing the original Superfund site map as well as digitizing and
geocoding the soil sample locations yielded a fully functional GIS map (Figure 4.1). The
map of the Superfund site displays buildings, boundaries, and the 1992-1997 DDE soil
sample locations used for analysis. Buildings on the site included an old pesticide plant
(which bumed down), fertilizer plant, mixing building, warehouse, laboratory,
maintenance shop, electrical shop, and boiler house. The site is bordered by railroad
tracks and undeveloped land on the southwest side, a road and industrial property on the
southeast border, and residential developments along the northwest and northeast fence

lines.
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Figure 4.1: A GIS based map of the western Maryland Superfund site. Included are the
110 DDE soil sample locations from 1992-1997 indicating the 20 locations set aside for
model validation
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Soil samples collected throughout the site for various reasons characterize the
extent of contamination (8-10,7170,188). Intensive sampling was performed along the
northwest fence line to determine whether the fence should be extended to contain any
contamination that had migrated or spilled offsite. Single-family homes were being built
in this region and continue to be built to this day. As a result of this sampling, the EPA
mandated that the fence be extended by 20 feet to protect the health of those residents in
1996 (188).

From 1992 to 1997, 110 soil samples were taken at the site and analyzed for
DDE. The distribution of the DDE sample values were highly skewed to the right and
ranged over several orders of magnitude (Figure 4.2a). Based on subsequent model
validations, the DDE samples were log transformed for all analyses with final predictions
transformed back to the original scale. Such an approach is common in geostatistics for
environmental data with similar characteristics (23,202-204). An initial summary of the
spatial distribution for the transformed DDE samples is shown in Figure 4.2b. The
apparent clustering of similar values in this plot, with respect to the logged DDE
quartiles, is evidence of spatial dependence. Also of interest is the close proximity
between several extremely high and moderately low sample values. For example, on the
original scale, levels of 0.5 parts per million (ppm) DDE were found in samples within

100 feet of samples with 28 ppm DDE.
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Figure 4.2: Spatial and non-spatial exploratory analysis of the 110 DDE samples collected at the Superfund site, 1992-1997. (a)
Histogram of the assayed DDE samples. (b) Spatial data posting based on quartiles for the log transformed DDE samples
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Spatial dependence is more formally explored by estimating a semivariogram
using the classic method of moments estimator, which is shown as 13 summary points in
Figure 4.3. The rising and leveling-off pattern in the estimated semivariogram is an
indication that the DDE sample values are spatially dependent. Lack of spatial
dependence would be evidenced by a horizontal band of estimates showing no pattern.
The composite likelihood estimated spherical semivariogram function is also shown in
Figure 4.3 with a solid line. The range parameter was estimated to be approximately 339

feet beyond which DDE soils samples are assumed to be no longer spatially correlated.

Figure 4.3: Method of moments semivariogram estimates (points), composite likelihood
fitted spherical semivariogram function (solid line), and corresponding parameter
estimates for the log transformed DDE samples
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The semivariogram estimates shown summarize spatial dependence for only a
discrete set of distances. It is widely‘known that the methods of moments estimator is
subjective and unreliable when based on a small number of spatial samples (/97,799).
The 110 DDE samples is not a large sample size in this regard (200). Therefore, the
composite likelihood method was used for estimating the spherical semivariogram
function because it is based on manipulations involving all 110 data samples, not just the
summarized 13 estimates. For this reason, it is expected that the resulting estimated
semivariogram function will not necessarily visually appear to fit these estimates well.
Rather, the estimated semivariogram is used as an exploratory and diagnostic tool.

As an intermediate step in the analysis, the geostatistical process was validated
using the 20 validation samples as described in the methods section. The spatial
locations of this validation set are shown in Figure 4.1. Spatial dependence for the
remaining 90 DDE values was estimated as outlined above and then used to predict at
these validation locations. The predicted as well as measured DDE values are listed in
Table 4.1. The overall root mean squared error in prediction (RMSEP) at these 20
validation locations was approximately 23.5 ppm. For validation locations in residential
areas, the RMSEP was 16.9 ppm versus a RMSEP of 22.3 ppm for within site

predictions.
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Table 4.1: Measured Levels of DDE at the 20 Validation Locations, their Predicted
Values, Prediction Errors¥, and Area Designation According to Figure 4.1. Also
ISEP) for the 20

listed are the Root Mean Sqguare Ervor in Predictions (R
Locations Overall and Stratified by Area

Measured Predicted Prediction Measured Predicled Prediction
: Value
Site 1.7 8.2 5.5 Industrial 18.0 5.1 -8.8
Site 2.7 19.3 18.6  |industrial 92.0 153.1 61.1
Site 2.5 15.2 12.7 Residential 1.4 6.2 4.8
Site 3.1 441 41.0 Residential 0.6 21.7 211
Site 13.0 32.9 19.9 Residential 1.2 36.8 35.4
Site 8.1 54.9 46.8  |Residential 1.8 17.5 15.7
Site 67.0 £9.1 2.1 Residential 2.3 10.8 8.8
Site 66.6 77.2 10.5  |Residential 3.8 11.0 7.2
Site 25.0 29.5 4.5 Residential 19.0 284 9.4
Site 47.4 37.9 -8.5 Residential 17.0 27.4 10.4
Overall RMSEP {ppm} 235
RMSEP within Site (ppm)  22.3
RMSEP outside of site in industrial Property (ppm}  43.8
RMSEP outside of site in Residential property (ppm) 16.9

* Prediction Error = predicted value - measured value

Using all 110 DDE samples and the semivariogram function (Figure 4.3), kriged
predictions (BLUPs) were generated at a grid of locations placed over the entire site and
surrounding areas. Grid spacings were approximately 30 feet apart and there were a total
of 2,500 prediction locations. The predictions were generated on the log scale and
transformed back to the original scale (23). The predicted values were imported into
ArcGIS and smoothed using inverse distance weighted interpolation to produce the map
of DDE contamination (Figure 4.4).

The map indicates extremely high levels of predicted DDE in the northwest
corner of the site and in the southwest area just beyond the fence line. Relatively low

levels of DDE are predicted in the surrounding northwest and northeast regions of the site
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(Figure 4.4). This is encouraging as these are areas of residential development. However,
although these areas seem to have the lowest predicted values on the map, the predicted
DDE levels in these regions are up to 39.3 ppm DDE. The EPA recommends cleaning up
industrial sites to a contamination level of less than 10 ppm DDE (205). In addition, the
EPA Region 11 risk based concentration (RBC) is 1.9 ppm for residential soil and 8.4

ppm for industrial soil based on standard exposure scenarios and a fixed level of risk

(206).
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Figure 4.4: Kriged map of predicted DDE levels for the western Maryland Superfund
site, based on soil data collected between 1992-1997.
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4.7. Discussion

In this paper, GIS and R, together were used to spatially analyze DDE
contamination across a Superfund site in western Maryland. Via georeferencing,
digitizing, and geocoding techniques, GIS provided the means to attain geographic
coordinates of sample locations that otherwise were unknown, and required to spatially
analyze the data. The statistical computing environment, R with the accompanying
library, geoR, provide the necessary tools to carry out the geostatistical analysis that
resulted in a map of predicted DDE levels across the site.

The analysis in this study is for demonstration purposes, and does not reflect a
complete analysis of contamination at the site. A more complete analysis would include,
for example, DDT and DDD, as well as other known contaminants. In addition, a map of
prediction uncertainty for the DDE analysis would be of value to complement predictions
and identify areas in need of further sampling. Additional samples are currently being
collected by the EPA on and nearby the site to further determine the extent of
contamination and identify the best remediation strategy.

A problem encountered in the analysis was the large variability in the sample
data, especially that noted for samples close together. The most likely cause of the large
variability in contaminant levels in the soil is spillage. Since the site blended DDT in the
past, it is likely that there were several points of spillage. In fact, several historical
reports mention observed signs of spills (8-70,770). The spillage of DDT could cause
high levels of its derivative, DDE, to remain in these locations for long periods of time
since DDE is not a mobile chemical in soil (6). Another smaller source of variability

could be due the fact that the samples were taken over a period of five years. It is
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possible, although unlikely, that environmental degradation over time could have caused
the levels of DDE in the soil to change. Furthermore, each year the samples were
collected, they were analyzed by different laboratories. This source of variability is most
likely small compared to the values observed in the soil.

Both GIS and R have capabilities beyond what were used in this study. For
example, GIS can serve as a relational database by providing a common format to link
specific data to additional geographical or environmental data collected for other
purposes in the same geographic area. Each of these databases can be mapped, and
layered atop of one another in a process called overlaying (207). For example, maps with
property lines, proposed development, runoff patterns, and soil types could be overlayed
with the DDE data used in this study. This is an avenue for further study.

Likewise, R has the capabilities of performing additional geostatistical techniques
as demonstrated in the online geoR tutorial and related publications (/92,193,207). With
the contributed library, geoRglm, all methods for model-based statistics as described in
Diggle et al. are available (/98,208). In addition, there are several contributed libraries
currently available in R devoted to geostatistics and other methods of spatial statistics.
Together, R and GIS make optimal tools for data analysis in the environmental and

public health fields.

4.8, Conclusion
This paper presents an evaluation of environmental contamination data that were
analyzed using GIS and R to predict levels of contamination on and around a Superfund

site in western Maryland. The methods and results of this study are important in the
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public health field because there are over 1,200 Superfund sites across the country that
are contaminated with substances that adversely affect human health (/I). Furthermore,
Superfund sites are often located in urban areas surrounded by residences. Therefore, the
health of people living near sites like these is dependant on the ability to accurately
characterize and evaluate environmental contamination on and around sites like these.
Spatial analyses, such as performed in this study using GIS and R, help to improve such

characterization, thereby providing important methods in protecting the public’s health.
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MANUSCRIPT TWO

THE USE OF SPATIAL INFORMATION IN DETERMINING POTENTIAL RISK
FACTORS OF BLOOD ORGANOCHLORINE LEVELS IN A POPULATION LIVING
NEAR A POTENTIAL SOURCE

91

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



5. Manuscript Two: The Use of Spatial Information in Determining Potential
Risk Factors of Blood Organochlorine Levels in a Population Living Near a

Potential Source

5.1. Abstract

The purpose of this paper is to evaluate residential location as a potential
exposure determinant by investigating the geographic distribution characteristics of
organochlorine levels in approximately 2,188 human blood samples in a community with
a potential source in 1974 and 1989.

Potential individual risk factors such as age, race, gender, education, smoking
status, body mass index, diet, socioeconomic status, drinking water source and potential
spatial risk factors such as residential distance and direction from the potential source,
and urban versus rural residence derived from geocoding address information in a
geographic information system (GIS), are evaluated in generalized least squares
regression models that further account for residual spatial variation.

The results of this study suggest that residential location may be an important
exposure determinant of organochlorine levels in the blood of Washington County,
Maryland, residents. A significant relationship was found between blood dieldrin levels
and residential distance from the potential source adjusting for age, gender, education,
smoking status and drinking water source and taking residual spatial variation into
account.

This study demonstrates that evaluating potential spatial risk factors and taking

into account spatial dependence in data models attempting to explain biomarkers of
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exposure is important. Spatial information may enable the researcher to detect a potential
exposure pattern that may not be seen with only non-spatial variables. Furthermore,
ignoring spatial dependence in model residuals is not only incorrect, but it may weaken
the model and more importantly, bias model findings by incorrectly overestimating the

effect of model parameters.

5.2, Introduction

Geographic or spatial information has long been used to study the environmental
contamination patterns of persistent organochlorine pollutants. The environmental fate,
transport, and transformation of these compounds are known (/). Although they are
ubiquitous, research involving the geographic distribution of these chemicals suggests
that residing near a source may be a risk factor for higher than background exposure to
organochlorines (3,4). These studies are limited to environmental measures, and the
spatial distribution of residences for individuals with biomarkers of organochlorine
exposure has not been investigated. Organochlorine compounds are known to
bicaccumulate in the adipose tissue of humans, posing a threat to those exposed, but also
allowing researchers the opportunity to estimate exposure with biomarkers. Therefore,
the importance of spatial information may extend beyond environmental data to measures
of human internal dose. Spatially evaluating biomarkers of exposure is 2 logical
extension of spatial analysis research.

In 1974 and 1989, a Johns Hopkins Training Center for Public Health Research
sponsored the collection of two large blood specimen banks as part of the Campaign

Against Cancer and Stroke (CLUE @) and Campaign Against Cancer and Heart Disease
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(CLUE II), respectively. In each campaign, approximately one third of the entire
Washington County, Maryland population volunteered to participate (J37). A subset of
these blood samples were subsequently analyzed for organochlorines (60,7/31,148).

Hagerstown, a municipality located in Washington County contains an old
chemical plant that is currently on the National Priority List (NPL) for cleanup. The site
produced pesticides, such as 1,1,1-trichloro-2,2-bis{p-chlorophenyl)ethane (DDT), and
fertilizers from the 1930°s until the 1980°s. Hence, it is a potential source of
organochlorine exposure for residents of the surrounding community. Levels of
organochlorine compounds in the environment suspected to be from the site have been
previously characterized by the Maryland Department of the Environment (MDE) and the
United States Environmental Protection Agency (EPA) and have been shown to have
migrated off site (8-10,170,209).

The purpose of this paper is to evaluate residential location as a potential
exposure determinant by investigating the spatial distribution characteristics of residences
for individuals with measured blood levels of persistent organochlorine compounds in a
community with a potential source. Potential risk factors based on geographic location
are often overlooked, and further, predictors of blood organochlorine levels are
determined by ordinary least squares regression techniques assuming independent
residuals or the absence of residual spatial variation (3,69,7165-167,189,210-212). This
paper evaluates spatial and other known potential risk factors in linear regression models
of blood organochlorine levels. Residual spatial variation from these regressions not
accounted for by the model is used to adjust potential risk factor estimation and their

standard errors, providing proper tests of significance.
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5.3. Background

5.3.1. Geostatistics

The area of statistics known as geostatistics is ideally suited for characterizing the
geographic distribution of environmental contamination and for evaluating potential
spatial determinants (2/-23). Originally developed in the mining industry to predict
recoverable ore reserves, the practice of geostatistics has found widespread use in
environmental and public health related applications (23).

Spatial relationships in data are often explored using estimated variograms (23).
Variograms are cornerstone to the field of geostatistics, and used as a tool for
characterizing spatial dependence (23). Positive spatial dependence exists when data
points that are closer together in space are more similar than those that are further apart.
Variograms are a function of distance and display the level and extent of spatial
dependence over a range of spatial scales. More details regarding variograms and their
applications are found in the background and research methods sections as well as in the

first manuscript.

5.3.2. Organochlorines

Organochlorines are chlorinated aliphatic and aromatic hydrocarbons that are
used extensively across the globe. Organochlorines are used as pesticides, insecticides,
herbicides, fungicides, preservatives, and industrial fluids. The focus of this research is
on DDT and polychlorinated biphenyls (PCBs) because although many organochlorine
residues can be found in humans, and several are detectable in almost everyone, DDT and

PCBs are thought to be the main contributors to the overall organochlorine body burden
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in humans (4,36). In addition, DDT represents a chemical that was extensively used at
the Superfund site in western Maryland, which is located in the community that will be
the focus of this investigation. On the other hand, PCBs represent ubiquitous
organochlorines that were not made or often used at the Superfund site since it contained
only one PCB-containing electrical substation, owned by the City of Hagerstown (8).
Spatial patterns and the impact of spatial determinants will be compared and contrasted
using these two chemicals.

Although DDT was banned in the United States in 1972, it is still used
extensively in the developing parts of the world, and continues to have a widespread
presence in the environment (6,40,43,45). DDT and its derivatives, 1,1-dichloro-2,2-
bis(p-chlorophenyl)ethylene (DDE) and 1,1-dichloro-2,2-bis(p-chlorophenyl)ethane
(DDD), are classified by the EPA as Group B2, probable human carcinogens and as
possible human carcinogens (Group 2B) by the International Agency for Research on
Cancer (IARC) (5,6,36,41,60,129-131). In addition, these compounds have also been
found to be endocrine disrupters and acute doses can severely affect the nervous system
(6,36). PCBs have also been linked to several forms of adverse health effects, and have
been classified as probable carcinogens by the EPA, TIARC, the National Toxicology

Program (NTP), and the National Institute for Occupational Safety and Health (NIOSH)

(5,106).

5.3.3. Superfund Site

In the early 1930's a large chemical company built a 19-acre facility in

Hagerstown, Maryland for the production of fertilizers and formulation of pesticides,
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including blending DDT until 1968. In the 1970°s and 1980’s several dumpsites were
uncovered in the grounds surrounding the site. These dump areas contained naphthalene,
volatile organic compounds, and pesticides as well as unconfirmed but suspicious
materials. Site investigations involving soil, water, air and fish sampling during the
1970's, 1980's and 1990's indicated the presence and migration of organochlorine
pesticides, such as DDT, DDE, DDD, hexachlorobenzene (HCB), aldrin, chlordane,
dieldrin, and methoxychlor and other organic and inorganic contaminants to off site
areas, some of which are residential (8-10,170,188). The site became inactive in 1984
(170). The EPA placed the site on the National Priority List (NPL) for cleanup in 1997,
designating it a Superfund site (/1,794). A more detailed description of the site can be

found in the first manuscript.

5.3.4, Blood Collection

In 1962, the Johns Hopkins Training Center for Public Health Research was
founded in western Maryland (/64). Among its many accomplishments, the Center
sponsored the collection of two large blood specimen banks as part of the CLUE I and
CLUE II campaigns. Over 20,000 adult residents volunteered for CLUE I from August
through November of 1974, approximately six years after the Superfund site stopped
making pesticides, and ten years before it became inactive. These participants
represented roughly one third of the County population. In May through October of
1989, the CLUE 1I campaign recruited approximately one third of the population to
participate as well, An estimated 25 percent of the CLUE [ participants also participated

in CLUE II (Z31).
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After signing a general consent form, volunteers donated their blood to be used
for research purposes. A subset of these samples were analyzed for organochlorines, and
used as biomarkers for organochlorine exposure in studies by Helzlsouer ef a/., Rothman
et al. and Cantor e al (60,131,148). All the blood samples were analyzed for DDT,
DDE, and 28 PCB congeners. Less than half of the 2,188 blood samples were analyzed
for additional organochlorines such as Aldrin, dieldrin (CLUE I only), chlordane, HCB,
hexachlorocyclohexane (HCH), endrin, (CLUE I only), oxychlordane, frans-nonachlor,
heptachlor, heptachlor epoxide, and mirex (60,137). Details concerning the blood
collection, storage, and analytical methods are found in the background section and

published elsewhere (60,131,148).

54. Methods

S4.1. Data

A total of 1,389 samples were analyzed for organochlorines from the CLUE I
initiative, and 795 samples were analyzed from the CLUE II recruitment campaign.
Blood sample organochlorine levels from six subjects whose blood was analyzed twice
due to their participation in two of the three cancer studies mentioned previously were
averaged for analysis purposes.

Street addresses and zip codes of the study participants were collected as part of
the CLUE campaigns. ArcGIS (Environmental Systems Research Institute, Inc.)
software was used to geocode the addresses providing a corresponding set of longitude
and latitude coordinates. The geocoding process employed several base maps (/77,213).

StreetMap 2000 (Environmental Systems Research Institute, Inc.), the United States

98

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Census Bureau 2000 Topologically Integrated Geographic Encoding and Referencing
(TIGER) street maps, and the Delorme Street Atlas software (Delorme) were all used in
an effort to successfully geocode a large percentage of addresses. Addresses that could
not be geocoded consisted mainly of post office boxes and rural routes, and were
removed from analysis. In situations where several study participants had the same
residential address, such as in an apartment building, the geocoded coordinates were
altered slightly by adding one foot increments to each the longitude and latitude
coordinates, ensuring all participants had a unique location and no two participants were
grouped into one when mapping. The Superfund site address was also geocoded. Details
regarding this geocoding process are found in the research methods section.

In addition to geocoded address information, participant demographic
information, such as age, race, gender, education level, marital status, and district average
socioeconomic status (SES) (CLUE I only) as well as variables that have shown to be
predictive of blood organochlorine levels such as body mass index (BMI) (CLUE I
only), smoking status (current smoker at the time of blood draw), drinking water source
(municipal/well/spring) (CLUE I only), and alcohol, fish, egg, dairy, vegetable and fruit
consumption (CLUE II only) were obtained (45,63,69,79,155,165-167,159). These data
were abstracted from CLUE-based questionnaires and a private Washington County
census. The spatial variables of direction and Euclidian distance from the Superfund site
to the residence as well as urban/rural residence were created and added to the list of
potential risk factors. Direction was determined based on residential location in one of
24 directional bins (every 15 degrees) from the Superfund site. Urban residence was

defined in this paper to be living within 1.5 miles of the center of Hagerstown City.
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Since DDT breaks down to DDE in the blood, DDE levels were chosen to
represent DDT exposure (4). A total of nineteen PCB congeners were evaluated.
However, only congeners 105, 118, 146, 153, 156, 170 and 180 were used for analysis.
These congeners represent those that are more commonly found in the general
population, and had the largest number of samples available for analysis (89,214). Total
PCBs refer to the addition of all the congeners listed above. Congener 156 was omitted
from the CLUE II (1989) analysis since only approximately half the CLUE II blood
samples were analyzed for this congener. Dieldrin was also chosen to represent an
additional compound that was used at the Superfund site.

In order io account for the effect of not fasting before blood draw, lipid adjusted
values of all organochlorines were calculated according to the methods of Philips et al,,
taking into account cholesterol and triglycerides (7/69). Some analytical labs reported
levels below the official limits of detection (LOD), which were used since they are
considered more valid than an interpolated value (/3/,748). The LOD divided by the
square root of two was used for the unreported values below detection (less than five

percent of the samples were below the LOD) (275).

5.4.2. Statistical Analysis

Summary statisﬁcs were generated for each compound considered, and stratified
for CLUEI(1974) and CLUE II (1989). Levels of these organochlorines in participant’s
blood were mapped using their geocoded coordinates to study the spatial distribution of
the levels of these organochlorines and their possible relationship to the Superfund site.

Spatial structure in the levels of organochlorines was further explored using estimated
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variograms {(23). Positive spatial dependence was suspected with the organochlorine
blood data. Variograms were also estimated for regression residuals as a diagnostic check
on the independence assumption inherent in ordinary least squares regression (OLS)
inference.

Multivariate linear regression was used to develop models that best describe the
blood levels of each organochlorine, both lipid adjusted and unadjusted, in both 1974
(CLUE I) and 1986 (CLUE II). These models are of the form:

Y(s) =B, + B, X,(s) +...+ B, X (s) + &(s), ¢.1)
where ‘s’ denotes spatial coordinates, Y(s) represents blood organochlorine levels of

participants residing at location s, X,(s)... X (s)’s risk factors (including possible
interactions) indexed by location s, B,...B.’s, their associated effects, and B, the baseline

intercept. The residual error term, g(s) was assumed normally distributed with a zero
mean and constant variance. To further account for possible residual spatial variation,
residuals were allowed to be spatially dependent by parameterizing their correlation as a
decreasing function of the distance between their locations. In the geostatistical
literature, Model 5.1, with these specifications, is known as a universal kriging model
commonly used for spatial prediction at unobserved or unmeasured locations (23).
However, the goal in this paper is inferential with a primary focus in selecting and
quantifying potential risk factors that best predict blood organochlorine levels.

The model selection process began by running all possible models derived from
each combination of potential risk factors considered as regression main effects. All
potential risk factors were checked for colinearity, and those found to be correlated with

one another were evaluated separately in the models to determine which were the best
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predictors. The fraction of variance explained by the model adjusted for the number of
explanatory variables (adjusted R?) as well as Akaike’s Information Criterion (AIC) were
used to rank model performance (276). The top ten to twenty performing models were
then further investigated for significant interactions among the included potential risk
factors. The final models chosen depended on model parsimony and scientifically
meaningful interpretations. All regression inference at this step was based on OLS
regression that assumes uncorrelated or independent residuals, which is possibly not a
valid assumption. OLS was used because the objective was to first arrive at a
manageable set of plausible final models to ultimately investigate and correct for residual
dependence. OLS methods for estimating regression parameters in models with
dependent residuals would Iead to spurious significant inclusion of potential risk factors,
which would then be re-evaluated adjusting for residual spatial dependence (217,218).

The set of final models arrived at from above were adjusted for possible residual
spatial dependence using a two stage approach (23,279). Variogram functions were
estimated for the OLS residuals and used to specify the residual correlation structure.
The residual correlation structure was then used to re-estimate model effects using
generalized least squares (GLS) methods (/90). To reduce bias from using an estimated
correlation structure based on the OLS model, another variogram was produced based on
the GLS residuals, and a new correlation structure was estimated. This structure was then
used to further update the GLS estimated effects, completing the two stage approach.

The exponential variogram function, routinely applied in spatial statistics, was
used to characterize spatial dependence for all model residuals and estimated using

maximum likelihood techniques (23). All statistical analysis was done using the open
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source R statistical computing environment with the contributed package, geoR, for

spatial statistical operations (37,192).

5.5. Results

Demographic information regarding the study population is found in Table 5.1.
The mean age of the CLUE I participants was 53 years old. The participants were 58
percent male and 19 percent were current smokers. The CLUE II population consisted
of 68 percent men and 11 percent current smokers with a mean age of 63 years. Both
populations were 98 percent white (two percent African American) with a mean
education level of between 11 and 12 years. Because there were so few African
Americans, the results are limited to only the white population with a brief explanation of

how the results differ when African Americans are added to the analysis.

Table 5.1: Summary of Demographic
Information for CLUE | (1974) and CLUE Il
(1989) Participants

IN=1374] N=787 |

Mean Age (vears) 53.1 54.06

Whites 98.3% 98.1%
Mean Education {years) 11.24 14.92
Mean BM! NA 28.35
Current Smokers 25.9% 11.1%
Men 57.8% 68.6%
City Water Drinkers 56.7% NA
Spring Water Drinkers 0.7% NA
Well Water Drinkers 11.8% NA
Urban Residents 35.8% 25.9%
Mean Distance fo Site (miles) 3.97 4.5

NA: Not Applicable to Dataset

103

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



The blood data were separated into two datasets corresponding to CLUE 1(1974)
and CLUE II (1989) since the number of samples as well as the available information on
potential risk factors were not the same for each group. Table 5.2 summarizes the blood
DDE, total PCB and dieldrin levels in the participants of each study. The mean level of
DDE in the blood of Washington County residents adjusted for lipid content decreased
from 1974 (3,024 ng/g) to 1989 (1512 ng/g) by approximately 50%. Thisisin
accordance with a trend seen throughout the literature indicating that body burdens of
persistent organochlorines have been declining since their use has decreased
(37,211,212). However, even if the lower 95 percent confidence level of CLUE Il mean
DDE was to decrease another 50 percent, the mean levels of DDE in this population are
well above the Second National Health and Nutrition Examination Survey (NHANES II)

reported national background level of 297 ng/g in 1999 to 2000 (4).
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lipid adjusted (ng/g) 1274 36.4-25205 30235+ 66.3 (28935, 3153.5) 659 38.0-12180 15120 £ 47.0 (14200, 1604.0}
unadijusted (ng/mi) 1374 0.19-1858 200 £ 045 (19.1, 20.8) 786 0.27-61.9 8.3£0.25 {7.8,8.8)
Total of PCB congeners:
105,118,146,153,156,170,180
lipid adjusted (ng/g) 1046 1204-9355 T771.5+220  (7284,814.7) NA NA NA NA
unadjusted (ng/mi) 1049 073638 50015 (4.7,5.2) NA NA NA NA
Total of PCB congeners:
105,118,146,153,170,180
lipid adjusted (ng/g) NA NA NA NA 617 476-3154 5174 %157  (486.7, 548.1)
unadjusted {na/mi) NA NA NA NA 658 0.35-25.5 2.7 +008 (2.6,2.9)
Dieldrin
lipid adjusted (ng/g) 685 17825  113.07+£3.05 (107.1, 119.1) NA NA NA NA
unadjusted {ng/ml) 688 001-56  0.72x0.02 {0.7,0.8) NA NA NA NA

NA: Not evaluated in this study
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In total, approximately 96 percent of the CLUE I and 95 percent of the CLUE II
addresses were able to be geocoded. The CLUE I residential locations and levels of
blood DDE are shown in Figure 5.1. The relative level of blood DDE in the Washington
County residents are represented by the size of the point at their residential location.
Additional maps can be found in Appendix A. Aside from clustering of residences in
accordance with population density, spatial patterns were not apparent.

The addresses that were not geocoded (50 from CLUE I and 31 from CLUE II)
consisted mainly of rural routes and post office boxes that the basemap was unable to
locate (/77,178). They showed no distinct patterns with respect to potential risk factors
such as age, gender, smoking status, and were from various zip codes, uniformly
dispersed across the County. There exclusion from the analysis, therefore, is not
expected to introduce bias.

From the exhaustive search, plausible regression models were chosen for each
organochlorine. Spatial dependence was found in the residuals of all organochlorines in
this step as diagnosed by their estimated residual variograms. Parameter estimates and
tests of significance were adjusted for this residual spatial dependence using the two

stage GLS based approach outlined previously.
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Figure 5.1: Map showing the geographic distribution of blood DDE levels in Washington County, Maryland
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The impact each potential risk factor had on the blood organochlorine level alone
was also measured using univariate GLS two stage regression. Tables 5.3 and 5.4
describe the results of the crude (univariate) and adjusted (multivariate) models used to
describe the blood levels of DDE, total PCBs, and dieldrin in the Washington County
residents in 1974 and 1989, respectively. Although all explanatory variables mentioned
in the methods section were evaluated in the regression analysis, only those potential risk
factors that were found to be predictive of blood organochlorines are presented in these
Tables.

The results of the GLS regression modeling of lipid adjusted and unadjusted
blood DDE levels including estimated parameter coefficients and corresponding p-values
are found in Table 5.3. In 1974, age, gender, smoking status, education, drinking water
source and distance to the Superfund site were found to improve the overall fit of the
model of blood DDE levels. Women, non-smokers, and city water drinkers are found to
have statistically significantly less DDE in there blood than men, smokers and those that
drink spring or well water, respectively, when all other potential risk factors are equal.
DDE levels are also found to increase significantly with age. No statistically significant
association was found between the level of DDE in the blood and distance of the

residence from the Superfund site as was suspected.
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Levels, 1974: Parameter Coefficients (p-values)

Table 5.3: Results of Generalized Least Squares Regression Determining the Effects of Covariates on Blood Organochlorine

Drinking water Seume

Distance from CCC site -0.75

to Residence {miles) 0.14 (0.5)10.12 (0.5)] 14.1(06) [9.1(0.8) | (0.32) [|-1.6(0.042) NA NA NA NA

Urban vs. Rursal

residence 0.71

(rural vs. Hagerstown) NA NA NA NA NA NA (0.013) | 0.37 {0.2) {132 (0.002}] 6.9 (0.1)

017 0.12 10.7

Age (years) (<0.001) [(<0.001)]15.7 (0.01)] (0.072) [ 0.22(0.4) [-0.18(0.5) [0.02 (0.08)| 0.01 (0.3) | 0.57 {0.7) | -0.43 {0.8)

Gender 11.2 10.8 1735.7 1695 4.3 4.2 641.4 635

{male vs. femals) (<0.001) |{=<0.001)| (<0.001) |(=<0.001)16.8(0.06)[14.6 (0.09)] (<0.001) | (<0.001) | (<0.001) | (<0.001)
-0.12

Education (years) -0.23(0.2)] (0.4) -1.4(0.8) [3.8(10.9)|-1.5(0.28)] -1.8(0.2) [-0.05(0.3)|-0.06 (0.11)} -24(0.7) | -53(0.4)

Smoking Status -2.3 2.4 -291.1 -296.4 21.8

(non-smoker vs. smoker)| (0.023) | (0.013) {0.06) (0.042) {19.3(0.01)] (0.004) |-0.37 (0.2)|-0.25(0.3) ]| -60.5 (0.2} | -36.7 (0.3)

Drinking water Source 16.8 15.4 2089.5 1918.8 221.0 2212

{spring vs. municipal) (=0.001) | {<0.001}| (0.005) (0.004) | (<0.001) | (=<0.001) | 0.74 (0.6) |-0.17 (0.9) | 26.7 (0.9) | -834 (0.6)
2.5 4086.2 362.6 0.88 140.4

| 34(07 | (0.025) |48
Adjused R squared 0.209 0.243 0.3376 0428 0.36
Degrees of Freedom 1100 1030 588 861 859

NA: Not in final model
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Table 5.4: Results of Generalized Least Squares Regression Determining the Effects of Covariates on Blood

Lovariale

Urban vs. Rural residence

Organochlorine Levels, 1989: Parameter Coefficients (p-values)

. DDE (iipid adjusted) |

once a day

Adj‘usted‘ R squared

(rural vs. Hagerstown) NA NA NA NA NA NA -31.1(0.6) [-13.5(0.8)
0.02
Age (years) 0.04 (0.3) 10.1(0.022)] 10.2(0.2) 1 14.8 (0.08} |0.04 {<0.001)| (0.002) [9.2{(0.001)] 2.1 (0.4)
-3.1 1.6 397.7 374
Gender (male vs. female) |-2.4 (0.004)] (<0.001) |-81.5(0.6) |-200.8 (0.2)| 1.7 (<0.001) | (<0.001) | (<0.001) | (<0.001)
-0.35 -62.9 -19.5 -15.6
Education {(years) (0.012) |-0.21 (0.11) (0.015) |-38.3(0.2) NA NA (0.017) {0.038)
0.24 0.31
BMI {0.013) (0.001) 135.4(0.04)141.5 (0.015)| 0.05 (0.014) 10.03 (0.07) NA NA
Smoking Status {non- -597.5 -477.5
smoker vs. smoker) -3.2 (0.015)-2.6 (0.045)] (0.009) {0.044) NA NA NA NA
Often Dairy Consumption
(everyday or more) vs.
none -0.6 (0.5) | -1.6{(0.3) | -38.4 (0.8) |-118.7 (0.5) NA NA 68.1 (0.2) 1-16.8 (0.8}
Often Vegetable
Consumption {everyday
or more) vs. less than
NA

0.414 0.442 0.45 0.793
Degrees of Freedom 277 266 643 266

NA: Not in final model
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The results of the GLS regression modeling of lipid adjusted blood dieldrin levels
including estimated parameter coefficients and corresponding p-values are found in Table
5.3. Afier adjusting for age, gender, smoking status, education, and drinking water
source, a statistically significant negative association was found between dieldrin levels
in blood and the residential distance from the Superfund site. It is interesting to note that
the only significant predictors of blood dieldrin levels were smoking status and drinking
spring water versus city water. Furthermore, smokers tended to have significantly less
dieldrin in their blood than non-smokers. Nonetheless, the results of this dieldrin model
suggest that those that live closer to the site have higher levels of dieldrin in their blood
than those that live further away.

As expected, no relationships between distance to the Superfund site and blood
levels of total PCBs were found in the 1974 data as shown in Table 5.3. The spatial risk
factor, urban versus rural residence, was significantly predictive of lipid unadjusted total
PCB levels in blood when adjusting for age, gender, education, smoking status, and
drinking water source. Blood levels of total PCBs in participants living within 1.5 miles
of the center of Hagerstown are lower than those living outside of Hagerstown holding
age, gender, education, smoking status, and drinking water source constant. The
association is not significant for lipid unadjusted blood total PCB levels. In addition,
while adjusting for other explanatory variables, men, smokers, and well water drinkers
had higher blood PCB levels than women, non-smokers, and those that drink city water,
respectively. However, only the association with gender is statistically significant.

Finally, a positive association with age, and a negative association with years of
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education and blood PCBs were found, although neither of these relationships is
statistically significant.

A summary of CLUE II results is presented in Table 5.4. With the exception of
lipid adjusted total PCB’s, the potential spatial risk factors (residential distance from
Superfund site and urban/rural residence) were not found to be explanatory of blood
organochlorine levels in 1989. Non-spatial risk factors, age, gender, BMI, education,
smoking status, and vegetable and dairy consumption were found to improve the overall
fit of the blood DDE model. Of these variables, only age and BMI were found to be
statistically significantly positively associated with blood DDE levels. The relationships
are slightly weaker when adjusted for the lipid content in the blood, however.
Furthermore, men and non-smokers had lower blood DDE levels than women and
smokers, respectively, adjusting for the other covariates. The association with gender
was only statistically significant for the lipid unadjusted values of blood DDE. The
relationship between smoking and blood DDE was statistically significant in both
models.

In 1989, age, gender, and BMI were the only covariates found to improve the
overall fit of the model of lipid unadjusted total PCBs in blood. Age was found to be
significantly positively associated with blood PCBs. Education, dairy consumption and
urban vs. rural residence in addition to age and gender were found to be potential risk
factors for lipid adjusted total PCBs while only gender and education had statistically
significant associations.

Results of this study indicate that the impact of spatial information varies within

and between each time period. For example, the results show a statistically significant
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association between residential distance from the Superfund site and blood dieldrin levels
in 1974, Weaker associations were found between residential distance from the site and
blood DDE levels and urban versus rural residence and blood PCB levels in 1974,
However, in 1989, none of these spatial variables were found to be significant potential
risk factors for blood organochlorine levels. Evaluating these potential risk factors add
statistical power to the models and are able to reduce unexplained variation.

Since spatial dependence was recognized in the residuals of the models, there is
evidence that even more variation in the model can be explained by spatial information
that was not explored in this study. However, since no additional spatial information was
available, the best method of correcting for this dependence was recognizing it in the
residuals using GLS regression methods that allow for the residual error terms to have
different variances, or to be correlated (220).

After correcting for spatially dependent residuals, most model parameter
estimates were not changed significantly. However, those covariates that bordered on
statistical significance (i.e. p-values around 0.05) were sensitive to correcting for spatially
dependent residuals. For example, a statistically significant urban/rural residence
relationship with lipid adjusted total PCBs in 1974 was found in OLS regression, but
became statistically insignificant after correcting for spatial dependence in the residuals.
Furthermore, in CLUE 11, age became statistically insignificant in the lipid adjusted DDE
model after adjusting for spatially dependent residuals, and BMI became statistically

insignificantly associated with lipid unadjusted total PCBs.
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5.6. Discussion

This paper demonstrates the importance of evaluating potential spatial risk factors
and taking into account residual spatial dependence in regression models attempting to
explain levels of contaminants in humans. Taking into account spatial information is
more commonly used in evaluating environmental contamination, but often overlooked in
studies modeling the same contaminants in humans, despite the fact that biomarkers are
indicators of exposure.

The results of this paper suggest that residential location may be a potential
exposure determinant of organochlorine levels in human blood as biomarkers of exposure
to persistent organochlorine compounds in Washington County, Maryland. A significant
negative association is present between blood dieldrin levels and residential distance
from the Superfund site. However, an association between residential location and the
potential source of exposure in the County was not found with blood DDE levels. In fact,
a weak, but positive association was found between residential distance to the Superfund
site and blood levels of DDE instead of the negative association suspected. One possible
reason for this contradiction may be because DDE is a widespread ubiquitous compound
that can be found in the blood of over 90 percent of the United States population, whereas
dieldrin is not as commonly found in the environment and in human blood (4,36). In
addition, DDT was most likely used often and all over the County before the 1970s,
especially on crops in the rural areas. Therefore, there may have been muitiple non-point
sources of exposure to DDE in the study population. The results in this paper suggest
that this widespread use of DDT may be a much larger contributor to internal dose than

any increase in body burden associated with living close to the Superfund site. Dieldrin,
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on the other hand, had more limited use for termite control. Therefore, the site may have
~ been the primary source of dieldrin exposure, resulting in higher blood levels for those
individuals living closer to the site.

Further research is needed to determine the validity of the association between
blood dieldrin levels and the Superfund site. Not only is the statistical significance of this
association marginal, but the model is based on less than half the sample size than that of
DDE. Furthermore, it is troubling that the model found smoking to be negatively
associated with blood dieldrin levels. There have not been any other studies in the
literature suggesting such an association with smoking, and therefore, more research into
this finding is warranted. Overall, the results are inconclusive as to whether or not there
is a direct relationship between the distance to the CCC Superfund site and residential
location and levels of organochlorines in the blood of the participants.

The results of this paper indicate a stronger relationship between residential
location and blood organochlorine levels in 1974 than in 1989 since the potential spatial
risk factors evaluated in this paper were found to be influential in modeling the levels of
organochlorines in human blood in 1974 but not in 1989. There are a few possible
reasons for this. First, DDT was banned in the United States in 1972, and the use of
PCBs was severely restricted in the 1970’s as well. Therefore, potential sources of
exposure in this area decreased or may have disappeared altogether. Therefore, without
potential sources of exposure, people living closer together may not have similar levels of
organochlorines in their blood compared to people residing far from each other.
Furthermore, since the sources of exposure existed mainly before the 1970’s and the

blood was drawn in 1989, many of the participants may have moved in those 15 years,
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and therefore, their residential location is not indicative of where they lived during peak
exposure. Finally, the overall levels of these substances in human blood dropped by
approximately 50 percent from 1974 to 1989 in this population. This may have made it
more difficult to statistically detect associations with spatial risk factors.

It is interesting to note that when both whites and African Americans are
considered in the 1974 DDE models, race strongly modifies the effect of distance to the
site on blood DDE levels. Although distance to the site is not a statistically significant
predictor in either African Americans or whites alone, there is a statistically significant
difference in the effect of distance to the site on blood DDE levels. However, since this
finding is only based on a population of 24 African Americans, the validity of this finding
is questionable, and is the reason the results of only the white population are reported in
this paper. The results of the model including both races as well as a more detailed
discussion about the racial effect are found in Appendix B. Several other studies have
also reported racial differences in blood organochlorine levels with higher levels in
African Americans than whites (4,47,130,167,210,221).

For the most part, the potential risk factors found to be associated with blood
organochlorines in this paper are consistent with the literature. For instance, other studies
also found that blood organochlorine concentrations were positively associated with age,
BMI, or current smoking status (3,755,165,222). Glynn et al. and Sala ef al. also report
that place of residence influences blood levels of organochlorines (3,765). The positive
age association can be explained by the fact that older people have had a longer duration
of exposure which is reflected in their body burden of organochiorines. In addition, since

these compounds are lipophilic, people with larger BMI's are able to store greater
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amounts of organochlorines in their bodies. Smokers may have higher exposure to blood
organochlorines due to the constant hand to mouth activity. It also makes sense that
those people that rely on wells or springs for drinking water have higher levels of
organochlorines in their blood, since the CCC site has been shown to have polluted the
surrounding waterways, and the geology of the area is such that surface water is able to
easily contaminate the groundwater (8-10,170).

There does exist some inconsistency in the literature regarding potential risk
factors that are evaluated in this paper. For instance, this paper reports that men have
higher levels of blood organochlorines (except for DDE in 1989) than women. Other
studies have reported the same findings (80,223). On the other hand, this is inconsistent
with several studies that either report women have higher levels than men, or no
association with gender (3,63,224). A potential reason for this inconsistency could be the
fact that gender does not always account for differences in occupation and BMI, as these
are both potential confounders in this relationship.

The very weak associations between diet and blood organochlorine levels found
in this study are not consistent with a majority of the literature, bui have been reported
(3,155,165,189). This is most likely because the diet data used in this paper were not
collected for the purpose of studying organochlorine exposure and are incomplete. For
example, the diet data is not categorized as locally caught, grown, or raised food. Despite
the limitations in the diet information, the negative association found between vegetable
and dairy consumption and blood DDE levels warrants further study. It would be
expected that vegetable consumption would be associated with higher blood levels of

organochlorines since they are grown in soil, and often spayed with pesticides. Likewise,
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since dairy products contain animal fat, it is expected that organochlorine compounds
would also be present in these products,

An additional limitation resulting from the fact that the data analyzed in this study
were not collected for the purposes of evaluating organochlorine exposure is that
information on possible confounders or effect modifiers is not uniformly collected in the
two CLUE studies. For example, the CLUE I questionnaire did not obtain height and
weight measurements, and therefore BMI could not be taken into consideration for the
CLUE I portion of this study. BMI was shown to be a predictor of blood organochlorine
levels in the CLUE 1I analysis of this study as well as in the literature (3,85,165,167,210).
Likewise, drinking water source information was found to be influential in the CLUE I
models of blood organochlorines, but unavailable in the 1989 CLUE II study. Other
information such as breastfeeding history, weight loss, and occupational and home
exposure to pesticides in the literature have been shown to be significant predictors of
blood organochlorine levels (3,63,69,165,225). Although this information was available
for many of the participants in this study, it was collected more than five years from the
time of blood draw. Since these data may not have been representative of the behavior at
the time of blood draw, they were omitted from the analysis. Therefore, future studies
should strive to collect information on all possible risk factors at the time of blood
collection.

Although high residual error and low explained levels of variation in regression
models are common when dealing with human populations due to human variability, they
indicate that there is still unexplained uncertainty in these models. This paper indicates

that spatial dependence in these residuals can account for some of this error using spatial
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information. It is therefore important to collect information on potential individual-level
risk factors as well as all spatial risk factors when designing future studies. Additional
potential risk factors that may have been helpful in this paper would have included:
occupation, exposure to organochlorines, consumption of local and fatty fish,
consumption of home-grown vegetables, recreational swimming in local surface waters,
land use, and drinking water well location and/or source aquifer.

This study compares organochlorine concentrations measured in serum collected
in 1974 to organochlorine concentrations measured in plasma collected in 1989. Plasma
is whole blood, while serum is plasma minus the clotting agents, which may interfere
with analytical techniques. Although this issue needs further exploration, it is estimated
that the difference between the two concentration measures, when adjusted for lipids, is
most likely small when compared to the difference that should be seen between the two
time points (60). Hence, this issue would not be expected to generate great bias in this
study.

This paper relies on two assumptions related to participant address information.
First, it assumes that the participant’s address represents their residential location during
the time they were most exposed to organochlorines. In other words, if they had moved
just prior to blood collection, the address information used in this study would only
represent their current address, and not where they lived in the past. It is also possible
that they may have had more exposure at their place of employment or recreation than at
their residence. Furthermore, this paper assumes that the locations of the residences were
geocoded accurately. However, this assumption is not valid since there exists positional

inaccuracy associated with geocoding in GIS (/77,273,226). Although this positional
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inaccuracy has been found to be insignificant in a study by Bonner ef al., the sensifivity
of the models presented in this paper to this bias was evaluated in the third manuscript
(226).

There are over 1,200 Superfund sites across the country that are contaminated
with substances that adversely affect human health (/7). Furthermore, Superfund sites
are often located in urban areas surrounded by residences. This paper presents methods
to better characterize residential location as a determinant in exposure by evaluating the

relative contribution of spatial information in predicting human internal dose.
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MANUSCRIPT THREE

GEOCODING POSITIONAL BIAS AND ITS EFFECT IN ANALYZING THE
SPATIAL DISTRIBUTION OF BLOOD DIELDRIN LEVELS

121

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



6. Manuscript Three: Geocoding Positional Bias and its Effect in Analyzing the

Spatial Distribution of Blood Dieldrin Levels

6.1. Abstract

Geographic information systems (GIS) are commonly used in environmental and
public health research in order to link exposure and disease to geographical locations.
However, the process by which GIS links information, geocoding, is not designed to
pinpoint exact address location but rather approximate address locations between street
intersections. Positional inaccuracies occur in geocoding when an address is placed at an
incorrect location along a street and further compounded when the distance from the
street to the actual residence or building is considered. The purpose of this paper is to
explore the extent and spatial variation in these sources of positional bias in geocoded
residential locations from a study on organochlorine exposure and to assess the
robustness of an epidemiological model to this positional bias.

Positional bias was quantified in this paper for 163 randomly selected geocoded
residential addresses out of a dataset containing 1,323 geocoded addresses. Conditional
simulation was then used to estimate the positional biases at all remaining geocoded
addresses in the dataset 1,000 times. A new estimated residential location was created for
each of the 1,000 estimated positional biases, and used in a model that found a
statistically significant association between blood dieldrin levels and residential distance
from a potential source after adjusting for age, gender, education, smoking status and
drinking water source. Hence, the sensitivity of this epidemiological model to these

geocoding positional biases was also tested.
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The results of this paper indicate that the mean parameter estimates and their
associated statistical significances changed minimally from the observed values
accounting for the positional bias. The distribution of the 1,000 t-statistics corresponding
to the residential distance from the potential source parameter in the epidemiological
model indicated that this parameter was significant in over 90 percent of the trials. The
overall mean statistical significance of the association between blood dieldrin levels and
residential distance from the potential source after adjusting for age, gender, education,
smoking status and drinking water source did not change. Therefore, the
epidemiological mode! based on geocoded address information evaluated in this paper is
robust to these geocoding positional biases.

However, the representativeness of this study population to other populations is
unknown. Therefore, it is important that researchers acknowledge that positional
inaccuracies are associated with geocoding, and take these biases into account if possible.
Furthermore, before reporting significant resulis that are based on geocoded information,

the sensitivity of their results to these biases should be tested.

6.2. Introduction

Evaluating spatial relationships and geographic determinants of health and
exposure is a growing area of environmental and public health research. As a result,
geographic information systems (GIS) have become increasingly popular in
environmental health applications and to environmental health practitioners (/77-
184,187). Maps and map overlays are basic constructs of any GIS, which are linked with

a geographic location. Geocoding is the GIS process by which an attribute or
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characteristic can be linked to a geographical location. Most often, this is accomplished
using ordinary street addresses matched to digital basemaps within GIS, providing, for
example, a set of longitude and latitude coordinates. With this information, GIS can serve
as a relational database by providing a common format to link specific data at the
location to additional geographical or environmental data collected in the same
geographic area (2). Such spatial databases provide the necessary input to the various
methods of spatial statistics available.

Coordinates obtained from GIS geocoded street addresses provide estimated
locations that are subject to positional inaccuracies (226). GIS basemaps contain roads,
which are represented as line segments, and road intersections. Geocoded coordinates are
obtained by approximating numbered addresses in proportion to the street segments
between intersections. For example, the geocoded coordinate for 125 Main Street would
be the location representing one quarter of the way between the 100 and 200 blocks of
Main Street, assuming the basemap contains these block intersections. The distance
along the road between the true location and the geocoded coordinate is one potential
source of positional bias. Bonner ef a/. evaluated this positional bias and found that 79
percent of the 200 addresses they sampled were within 100 meters of the geocoded
position (226). The distance residences are from the street is a second potential source
of positional bias with some residences being close to the street and others being set back
some distance.

Note, in GIS software, such as ArcGIS (Environmental Systems Research
Institute, Inc.), users are allowed to specify what is called an offset in the geocoding

process (201). This offset quantity is designed to relocate the geocoded coordinates from
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the middle of the street, which is commonly the default process, to one side of the sireet
by a distance specified in the offset. Since it will be shown that the distance residences
are from the street as well as the other sources of geocoding positional bias vary spatially,
it is not clear if this geocoding offset mechanism can be useful in minimizing the
positional bias considered in this paper.

The extent and possible spatial variation in the positional accuracy of geocoded
coordinates is of important interest. In environmental and public health research
applications, geocoded addresses often represent a proxy for exposure. Statistical models
for exposure assessment in such studies that use geographic information are therefore
subject to potential misclassification or bias due to these inaccuracies in location
information (/87). Using universal kriging in the second manuscript entitled, “The Use
of Spatial Information in Determining Potential Risk Factors of Blood Organochlorine
Levels in a Population Living Near a Potential Source,” blood levels of the insecticide
dieldrin were found to be significantly associated with the distance subjects lived from a
former pesticide facility. The distance to this source was calculated based on geocoded
location information, and therefore, depends on the positional accuracy of the geocoded
coordinates. Hence, the question is raised as to how robust these results are with respect
to geocoding positional bias. Even in situations when a location-derived potential risk
factor (e.g. distance to source) is not considered, spatial regression models such as
kriging rely heavily on location information for characterizing residual spatial variation,
and would also be subject to this bias.

There are two objectives to this paper. The first objective is {o explore the extent

and spatial variation in the positional bias of the geocoded residential locations from a
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study on organochlorine exposure. A global positioning system (GPS) and a laser
distance meter device are used to measure both potential sources of positional bias.
Second, the positional biases obtained from this sample are used to assess model
robustness in the cited dieldrin study that included distance to a potential source as a

significant effect.

6.3. Blood and Geocoding Positional Bias Datasets

In 1962, the Johns Hopkins Training Center for Public Health Research was
founded in western Maryland. Among its many accomplishments, the Center sponsored
the collection of two large blood specimen banks in 1974 and 1989 (/64). Blood samples
were assayed for 1,1,1-trichloro-2,2-bis(p-chlorophenyl)ethane (DDT), 1,1-dichloro-2,2-
bis(p-chlorophenyl)ethylene (DDE), and 28 polychlorinated biphenyl (PCB) congeners.
A subset of these samples were also analyzed for additional organochlorines such as
dieldrin (60,131,148). Details concerning the blood collection, storage, and analytical
methods are found in the background section and published elsewhere (60,131,148).
Several analyses of these data exist (60,131,748). Of interest {o this paper is a study that
found residential proximity to a former pesticide facility to be a significant potential risk
factor for blood dieldrin levels in 1974 when adjusting for age, gender, education,
smoking status, and drinking water source. This study is found in the second manuscript
entitled, “The Use of Spatial Information in Determining Potential Risk Factors of Blood
Organochlorine Levels in 2 Population Living near a Potential Source.”

The pesticide facility, in operation at the time of the first blood sample collection

(1974), has since been placed on the National Priority List as a Superfund site (1997)
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(11,194). The 19-acre site was built in the early 1930's by a large chemical company for
the production of fertilizers and pesticides, including DDT and dieldrin, which it did until
1968, DDT and its derivative, DDE, as well as dieldrin are classified by the United
States Environmental Protection Agency (EPA) to be Group B2, probable human
carcinogens (6,227). Acute doses of these compounds have also been found to severely
affect the nervous system (6,36,227). In 1972, the use and production of DDT was
banned in the United States. The EPA banned dieldrin for all uses except to control
termites in 1974, and banned it completely in 1987.

The database of blood organochlorine levels included geocoded addresses for
1,323 participants, as well as individual characteristics such as age, gender, education
level, smoking status, and drinking water source. The geocoded address coordinates and
the coordinates corresponding to the center of the Superfund site (obtained using a
Garmin model V GPS) were used to calculate distance to the site. The geocoded
coordinates were obtained in ArcGIS using StreetMap 2000 (Environmental Systems
Research Institute, Inc.) and United States Census Bureau 2000 Topologically Integrated
Geographic Encoding and Referencing (TIGER) files as basemaps. Details regarding the
geocoding process are found in the research methods section.

A stratified random sample of 200 of these geocoded addresses was selected for
measuring positional bias, 100 located in an urban setting and 100 from a more rural
environment. Urban residence is defined in this paper as those residents whose zip code
corresponded to one of the two zip codes associated with the largest municipality in the

County. All other addresses were designated as rural.
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During a visit to each address, GPS coordinates were obtained from the center of
the street in front of the house, denoted as position “X” in Figure 6.1. The Euclidian
distance between the GPS coordinates (X) and the corresponding geocoded coordinates
(*) was calculated to determine one source of positional bias. The distance from this
position (X)) to the actual residence was then measured using a laser distance meter
device (CST/berger model LS-1), capturing another source of geocoding positional bias.
If the distance from the house to the street was greater than 100 meters (328.1 feet), the
laser meter was unable to capture it, and 328.1 feet was recorded. The actual or overall
positional bias, the distance from the geocoded coordinates to the physical residence
(represented as a dashed line) was then calculated assuming measurements were made in

a perpendicular fashion as shown in Figure 6.1.

Figure 6.1: Diagram of positional biases associated with geocoding a residence in GIS

Residence
Legend:
X: GPS location in front of residence
7
Overall bias .~ %: Geocoded location from GIS basemap
'y v
 «© > X Street

Out of the 200 residences that were randomly chosen to visit, a total of 163
residences were successfully physically located and positional data obtained. The

remaining residences were unable to be located and/or measured because sither the
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houses no longer existed or were inaccessible. Overall, 85 urban and 78 rural residences

were available for analysis.

6.4. Variation in Geocoding Positional Bias

A summary of the two sources of geocoding positional bias as well as the overall
bias calculated from the two sources (Figure 6.1) is displayed in Table 6.1. As could be
expected, the distance from the house to the street, on average, was higher for rural
residences than urban (88 versus 60 feet). In addition, there was only one home that was
beyond 328.1 feet from the street in the urban area and seven in the rural areas.
Likewise, the distance from the geocoded coordinates to the actual coordinates was
greater in the rural zip codes than in the urban zip codes. Hence, the overall median
positional bias was also higher for rural residences than urban residences (318 versus 285
feet). This overall geocoding positional bias combining both urban and rural data is used

for further analysis.
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Table 6.1: Summary of Measured Geocoding Positional Bias Results in
Washington County, Maryland :

Remdence to

Sireet
Total (N=168) 58 74 16 47 74 328 8
Urban (N=88) 56 60 18 42 67 328 1
Rural (N=80) 868 88 16 50 81 328 7

Geocoded to GPS

Coordinates
Total (N=168) 295 1,385 19 125 812 26,400 NA
Urban (N=80) 290 1,632 31 135 629 22,180 NA
Rurai (N=78) 302 1,100 19 116 597 26,400 NA

Residence to

Geocoded

Coordinates
Total (N=163) 302 1,409 44 1419 608 26,400 NA
Urban (N=85) 285 1,673 44 147 601 22,180 NA
Rural {(N=78) 318 1,121 55 130 810 26,400 MNA

NA: Not applicable

The positional bias data were skewed and assumed to be distributed lognormally,
as shown in Figure 6.2. Therefore, biases were log transformed for all analyses, but back
transformed for reported results. An exponential spatially dependent correlation structure
was fit to the geocoding positional bias data using the maximum likelihood method, and
is shown in Figure 6.3 (23). From this variogram, it appears that positional biases are no

longer spatially correlated beyond approximately four miles.

130

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 6.2: Histogram of geocoding positional bias data measured at 163 residential
locations in Washington County, Maryland
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Figure 6.3: Exponential spatial dependence correlation model fit to geocoding
positional bias data measured at 163 residential locations in Washington County,
Maryland
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6.5. [Effect of Geocoding Positional Bias in Kriging Models

The regression model used to analyze the blood dieldrin data in the second
manuscript is of the form:

Y(s) =B, + B, X,(s) +...+ B X (s) + &(s), (6.1)
where ‘s’ denotes the geocoded residential coordinates, Y(s) represents blood dieldrin

levels for participants residing at location s, X,(s)... X (s)’s risk factors indexed by
location s, B,...B,’s, their associated effects, and B, the baseline intercept. The residual

error term, &(s) was assumed normally distributed with a zero mean and constant
variance. To further account for possible residual spatial variation, residuals were
allowed to be spatially dependent by parameterizing their correlation as a decreasing
function of the distance between their locations. In the geostatistical literature, Model
6.1, with these specifications, is known as a universal kriging model commonly used for
spatial prediction at unobserved or unmeasured locations (23). The goal in the second
manuscript was more inferential with a primary focus in selecting and quantifying
potential risk factors that best characterize blood organochlorine levels.

The final model arrived at in the second manuscript for blood dieldrin included
significant effects due to residential distance to the Superfund site, current smoking status
(yes/no) and drinking water source (municipal/well/spring) adjusting for these covariates
as well as age and gender. A summary of the covariate effects and their corresponding p-
values are reproduced in Table 6.2. Inferences for the model parameters were obtained
using the following two stage approach (23). Variogram functions were estimated for the
ordinary least squares (OLS) residuals from Model 6.1, and used to specify the residual

correlation structure. The residual correlation structure was then used to re-estimate
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model effects using generalized least squares (GLS) methods (790). To reduce bias from
using an estimated correlation structure based on the OLS model, another variogram was
produced based on the GLS residuals, and a new correlation structure was estimated.
This structure was then used to further update the GLS estimated effects, completing the
two stage approach. Standard errors and t-tests for statistical significance were then
generated.

Of primary interest in this paper is the effect of geocoding positional bias on the
estimation and significance testing of the distance to the Superfund site risk factor.
Geocoding positional bias directly effects distance calculations, which in Model 6.1
involve the distance to the Superfund site variable as well as the residual error component
that is assumed spatially dependent. Sensitivity of either of these model components to
this bias could impact the results. Note the remaining potential risk factors in the model
are individual characteristics and are most likely robust with respect to geocoding
positional bias. Any changes in their effects would only be due to a different dependent
error term.

An approach based on conditional simulation is used to assess the robustness of
the dieldrin universal kriging model results to geocoding positional bias (23,228). Let S
= {s1,...,5443} represent the set of geocoded coordinates for all the blood dieldrin data
used to fit Model 6.1 in the second manuscript. Let S¥={S;%, S,*} represent the
complete set of “true” coordinates with S;¥={s;*,...,8163*} denoting the subset
corresponding to the sample geocoded addresses that were visited and S,* the remaining
280 true coordinates. Following this notation, let R={R;, Ry} represent the complete set

of geocoded positional biases as those in S;* are taken here to represent those obtained
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after relocating the corresponding geocoded coordinates by their measured positional bias
in R in a random direction. R; was observed, and used to generate 5;*. Conditional
simulation is used to generate positional bias information for the unsampled addresses
referred to as R, thus providing the necessary information for generating true coordinates
in the remaining subset, S;*.

The positional bias, R;, explored previously, was assumed to be lognormally
distributed. Conditional simulation for positional bias in R; is simulated from the
conditional distribution of R, given the already measured positional bias in R;.
Assuming the complete (R;, R;) distribution of geocoding positional bias follows that of
the subset R; which was lognormal, the conditional distribution of R;, given Ry, can be
specified and used to produce simulated positional biases. There are two main
advantages of using the conditional simulation approach. First, the resulting simulated
surface passes through, or is conditioned on, the observed set of positional biases in R;.
This is ideal since these were actually measured in the field. In other words, the
positional biases measured in R, remain fixed. Second, the spatial structure of the
positional bias estimated with the observed set, R,, (the variogram in Figure 6.3) is
preserved with the conditionally simulated R; data. The following algorithm was used
with conditional simulation to assess the robustness of model results to geocoding

positional bias.
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1. Estimate and mode! spatial dependence for the sampled geocoding
positional bias, R; (Figure 6.3).

2. Based on results from Step 1, conditionally simulate geocoding
positional bias for the remaining geocoded addresses in the blood
organochlorine database, Ry,

3. Generate new residential location, S*, based on the measured positional
bias, Ry, and the simulated positional bias, R, and from this, a new
distance to the Superfund site variable.

4, Re-estimate Model 6.1 using the two stage GLS approach outlined
above using the new residential locations, S*, and distance to the
Superfund site variables.

5. Repeat Steps 2 through 4 1,000 times.

6. Summarize the distribution of re-estimated distance to the Superfund

site effects and their t-statistics.

The exponential variogram model was fixed throughout the simulations, and
estimated with maximum likelihood (Figure 6.3). Various checks at different stages in
the process supported this fixed variogram model. All statistical analysis was done using
the open source R statistical computing environment with the contributed package, geoR,
for spatial statistical operations (3/,792).

The distributions of the 1,000 beta coefficients and t-statistics for the distance to

the site variable taking into account geocoding positional biases in the model of blood
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dieldrin levels after adjusting for age, gender, education, smoking status, and drinking
water source are found in Figures 6.4 and 6.5, respectively. The observed beta
coefficient and p-value in the same model not taking geocoding positional bias into
account from the second manuscript are marked on the distributions with a line. These
lines appear to be located in the center of the distributions. Therefore, the regression
model from the second manuscript is not sensitive to the geocoding positional bias
quantified in this paper. The distribution of t-statistics resulting from the conditional
simulation algorithm shows that the effect of the distance to the site variable on blood
dieldrin levels was statistically significant in over 90 percent of the trials.

Table 6.2 shows the mean beta coefficients and p-values obtained from the mean
t-statistics for all variables in the model and compared to the observed values from the
second manuscript that did not take geocoding positional bias into account. Overall, the
beta coefficients in the model changed minimaily, not affecting the t-statistics, and
therefore leaving the p-values unchanged. Hence, taking geocoding positional bias into
account did not change the overall results reported in the second manuscript. More

details regarding the model results are found in the second manuscript.
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Figure 6.4: Distribution of 1,000 beta coefficients of a residential distance to potential
exposure source variable taking geocoding positional bias into account in an
epidemiological model of blood dieldrin levels adjusted for age, gender, education,
smoking status and drinking water source and compared to the beta coefficient value of
the same variable in the same model not taking geocoding positional biases into account
(represenied as a line)
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Figure 6.5: Distribution of 1,000 t-statistics of a residential distance to potential
exposure source variable taking geocoding positional bias into account in an
epidemiological model of blood dieldrin levels adjusted for age, gender, education,
smoking status and drinking water source and compared to the beta coefficient value of
the same variabie in the same model not taking geocoding positional biases inte account
(represented as a line)
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Table 6.2: Results of Multivariate Linear Regression Determining the
Effects of Covariates on Lipid Adjusted Blood Dieldrin Levels Both
With and Without Taking Geocoding Positional Bias into Account:

Parameter coefficients (p-valunes)

Observed Parameter |
. Estimates without
Acecouniing for
Geocoding

Expacted Parameter |
| Estimates Accounting
__for Geocoding Error

Distance from CCC site o

Residence {miles)

-1.5867 (0.042)

-1.5794 (0.042)

Age (years)

-0.1894 (0.5)

-0.1890 {0.5)

Gender
{male vs. female)

14.5878 (0.09)

14,6008 (0.09)

Education {years}

-1.7726 (0.2)

-1.7685 (0.2)

Smoking Status
(non-smoker vs. smoker)

21.7963 (0.004)

21.7673 {0.004)

Drinking water Source
(spring vs. municipal)

221.1706 (<0.001)

221.1256 (<0.001)

Drinking water Source
{well vs. municipal)

8.3924 (0.4)

9.3829(0.4)

6.6. Discussion

Geocoding positional biases occur for many reasons. First, and foremost, the
accuracy of geocoding is strongly dependent on the accuracy of the basemap being used.
The basemap should be up to date, and contain all streets. However, even the most
current basemaps such as those provided with GIS systems and Census TIGER files can’t
capture all of the side streets and rural routes (2,777). It is therefore recommended that
several basemaps be used to minimize the number of missing streets (177,213).
Furthermore, in addition to the bias associated with matching addresses basedon a
proportional distance between intersections, the same sort of bias could occur if the
houses on the block do not take up equal proportions of the line segment. For instance,

there could be several small businesses next to one large building that takes up over half
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the block. The GIS system is unable to recognize this unequal proportion, and may place
the address in an inaccurate location (/77).

In this paper, the average distance from the geocoded to GPS coordinates was
found to be very large. This is inconsistent with a study by Bonner ez al. who reported
that the positional inaccuracy was relatively insignificant in their study conducted in
Western New York State (226). The reasons for this are unclear. It is possible that the
basemaps were simply not accurate for Washington County’s relatively rural location. In
addition, several of the residences were on long rural streets with few intersections and
few houses. This may enlarge the bias associated with placing addresses at the incorrect
location based on the street address between intersections, or blocks. Another potential
source of the large distances could be that the researchers located and measured the
incorrect house. Many of the houses and streets were not marked well, and therefore, it is
possible, although unlikely, that a mistake could have been made. Nonetheless, this issue
warrants further study.

Measuring the distance from the street to the actual house is novel in the
literature. Although it is an obvious geocoding positional bias, it is more difficult to
measure, and is probably the feason it has not been evaluated in previous studies.
Although GIS software, such as ArcGIS, allows the user to estimate this distance (offset)
from the center of the street, the user is confined to defining only one constant distance
on one side of the street, or manually entering in an offset for each address. As
evidenced by this paper, these distances are not constant, and rather vary spatially,
thereby limiting the effectiveness of this GIS tool. However, with new laser technology

that measures relatively large distances, researchers can measure the distance from the
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street to the building without having to enter the property. Future researchers evaluating
geocoded addresses should take this into consideration.

It was expected that there would be a difference in geocoding positional bias
between urban and rural residences (/84,229). However, the fact that the difference was
minimal was most likely due to the way this paper defined urban residence. Although it
made sense to define urban by the zip codes that correspond to the largest municipality in
the County, when the locations were visited, there were several residences that appeared
to be rural despite the fact that they had an urban zip code and vice versa. Perhaps a
better definition of urban versus rural would have been based on population density as
was done in a study by McElroy et al (177).

The positional bias measured in this paper is only one source of potential bias to
studies that involve geocoded information. Another limitation is the fact that not all
addresses are able to be geocoded. Post office boxes and rural routes, for instance, are
not recognized by many basemaps (/78). The reason why addresses were not geocoded
is important and should raise concerns. If all addresses that weren’t able to be geocoded
were located in the same region, or were similar demographically or biclogically,
omitting them from analysis could bias results (/87). In the literature, an attempt to
minimize this bias has been to either trace down the correct address, or geocode the
address to a larger area, such as a census fract or zip code, as opposed to exact address
iocatién (1768,180,186,187,230). However, tracing addresses can be very difficult and
resource consuming, and geocoding to a larger area introduces ecological fallacy

(178,180,186,187,230).
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The resulis of this paper show that taking geocoding positional bias into account
may not affect the results of studies that rely on geocoded information in Washington
County, Maryland. Specifically, the results of this paper strengthen the results reported
in the second manuscript that suggest blood dieldrin levels are influenced by residential
proximity to a potential source of exposure. Since GIS and geocoding are becoming
more popular in environmental and public health research as technology advances, it is
important that researchers acknowledge that positional biases are inherent in geocoding,
and take these biases into account if possible. Furthermore, the sensitivity of their results
to these biases should also be tested, before reporting significant findings that are based

on geocoded information.
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CONCLUSIONS
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7. Conclusions

There have been many studies characterizing the geographic distribution as well
as the transport and transformation of organochlorine compounds in the environment
(1,195). In addition, there have been numerous studies evaluating the potential adverse
health effects caused by organochlorines (36). Fewer studies have suggested how these
chemicals get from the environment into the body, and most of these use biomarkers of
organochlorine exposure to identify high risk factors for such routes of transmission.
Although residential location near a point source has been suggested to influence
exposure, spatial or geographic attributes of biomarkers of such exposure have not been
well studied (3,4). Therefore, this research evaluates residential location as a possible
exposure determinant for elevated biomarker concentrations. Spatial distribution
characteristics of human blood organochlorine levels in a community with a potential
source, Washington County, were evaluated in this research. The results presented in this
thesis add to the growing literature evaluating the importance of geographic location as
an exposure determinant. This study is one of the first to lock at the spatial

characteristics of biomarkers of organochlorine exposure.

7.1.  Overall Findings

The results of this research highlight the importance of taking spatial information
into account when dealing with both human exposure and human internal dose measures
of pollutants, such as organochlorines. The first manuscript entitled, “GIS and
Geostatistics: Tools for Characterizing Environmental Contamination™ demonstrates the

utility of Geographic Information Systems {GIS) and the R Statistical Computing
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Environment as it characterizes environmental contamination around a Superfund site
that is currently becoming surrounded by residences. The spatial statistical methods of
variogram analysis and kriging are described and used to evaluate levels of
environmental contamination. The results of this study show that estimated levels of 1,1-
dichloro-2,2-bis(chlorophenyl)ethylene (DDE) in soil surrounding the Superfund site are
well above background levels, thereby supporting the hypothesis that the Superfund site
is a potential source of organochlorine exposure to the surrounding County.

Since the Superfund site is a pofentiai source of exposure to Washington County
residents, the second manuscript entitled, “The Use of Spatial Information in
Determining Potential Risk Factors of Blood Organochlorine Levels in a Population
Living Near a Potential Source” investigates whether or not there is a relationship
between place of residence and levels of DDE, total polychlorinated biphenyls (PCBs),
and dieldrin in the blood of these residents. In this paper, spatial information is
incorporated in regression models that take into account residual spatial variation.
Results indicate that spatial explanatory variables such as residential distance to the
Superfund site and urban/rural residence may be potential risk factors for elevated levels
of blood organochlorines. The study found that there was a statistically significant
association between lipid adjusted blood dieldrin levels in 1974 and residential distance
from the Superfund site, suggesting that those living closer to the site have higher levels
of dieldrin in their blood than those living further away. However, significant
associations between residential distance from the site and blood levels of other

organochlorines used at the site were not found. In 1989, spatial relationships did not
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exist for any compounds except for an insignificant urban/rural residence association
with lipid adjusted total PCBs in blood.

The study also found that assuming independent residuals in regression models
when dealing with exposure models is not always a valid assumption. Generalized least
squares regression techniques should be used in place of ordinary least squares as a
preferred approach.

The results of the second manuscript support the hypothesis that spatial
information can further predict individual blood organochlorine biomarker levels. In
addition, the hypothesis that the potential risk factors for, and spatial distribution of
human blood organochlorine biomarker levels in Washington County will differ in 1974
compared to 1989 is supported by this study. However, the hypothesis that there will be
a spatial relationship between the blood levels of those organochlorines produced/used by
the CCC and the Superfund site location is not well supported by the results of the second
manuscript since it was only found with one compound at one point in time.

Results of the second manuscript are strongly based on geocoded residential
information. Therefore, the sensitivity of these models to inaccuracies in the geocoding
process was investigated in the third manuscript entitled, “Geocoding Positional Bias and
its Effect in Analyzing the Spatial Distribution of Blood Dieldrin Levels.” Two types of
geocoding positional bias were measured at a random subset of the geocoded addresses.
These biases were then used to predict the positional bias associated with all the other
addresses that were geocoded, but not part of the subset that was physically measured.
This was done using conditional simulation so that the sampled set of positional biases

were fixed and the spatial dependence structure estimated from the sampled biases was
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preserved. These simulated positional biases were then incorporated into the 1974 blood
organochlorine models from the second manuscript to assess model robustness.

The results of this study found that although geocoding positional bias was
relatively large in some cases, it did not modify the regression models. Therefore, the
hypothesis that geocoding positional bias will not significantly influence the regression

models used to describe the blood organochliorine levels was supported.

7.2.  Further Research

There are numerous avenues of potential future research to follow up these study
findings. Many of these avenues stem from limitations in this thesis that can be attributed
to the fact that much of the data used in this study were not collected for the purposes of
this thesis. Detailed discussions regarding these limitations are found within each of the
three manuscripts.

Using this research as preliminary work, a state-of-the art study could be designed
to evaluate the geographic distribution of other types of environmental pollutants that
pose a health threat to human populations. Focusing on geographic determinants of
environmental pollutants, this future study can provide a better understanding of the
pathway from source to health cutcome. This information can then be used to
recommend optimal confrol/intervention strategies. The results of this thesis suggest that
this goal can best be accomplished by spatially linking environmental contamination to
human biomarker data. All potential sources of the contaminant should be fully
characterized spatially and temporally around the study population. Environmental

samples in all relevant media (air, water, soil, and biota) should be collected throughout
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the region of interest. Extensive environmental sampling would be especially important
surrounding potential sources of the contamination and residential, recreational, or
otherwise highly populated areas. A sampling strategy designed to evaluate spatial
variability would need to be developed. The levels of contamination at any unsampled
locations could be predicted throughout the region using the kriging methods presented in
this preliminary research. From these data, extensive environmental exposure maps could
be created. In combination with time activity data, these maps could predict human
exposure at different areas throughout the region which could further be used fo model
human internal dose measures of these pollutants.

In order to understand human exposure to environmental contaminates, potential
risk factors of exposure as well as internal dose measures should be measured in a large
sample of the population. In addition to the potential risk factors evaluated in this
preliminary research, other potential risk factors such as occupational and personal
exposure to the pollutant of interest, breastfeeding history, consumption of locally caught
fish and meat and locally grown fruits and vegetables should be collected at the time the
biomarker specimen is taken. In addition, spatially dependent potential risk factors such
as current and historical land use, primary wind and groundwater direction, and drinking
water aquifer source could also be helpful in conjunction with the potential spatial risk
factors studied in this preliminary research. Taking into account this additional spatial
information is needed to evaluate more complex spatial relationships than are evaluated
in this preliminary work.

Furthermore, studying the spatial attributes of the health cutcomes associated with

exposure to these pollutants would help complete the future study. Historical as well as
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prospective medical records of study participants should be collected in order to evaluate
the spatial relationships or patterns in these health outcome data. With all of this
information, the future study would be able to more fully evaluate the potential spatial
links between poliutant sources, environmental contamination and exposure, human

internal doses of these compounds, and their effects on human health.

7.3.  Public Health Siganificance

Currently, there are over 1,200 Superfund sites across the country that are
contaminated with substances that adversely affect human health (/7). Furthermore,
Superfund sites are often located in urban areas surrounded by residences. Therefore, the
health of people living near Superfund sites is dependant on the ability to accurately
characterize and evaluate environmental contamination on and around these sites.
Research is lacking in assessing the impact of residing near a potential pollution source
such as Superfund sites. The results of this study help to better characterize residential
location as a determinant in organochlorine exposure by determining the relative
contribution of spatial information in predicting internal dose around one site.

In general, this study provides insight into additional means of predicting and
evaluating human exposure. The use of spatial information helps to better characterize
the pathway from source of exposure to human health outcomes. By characterizing this
pathway, both spatial and nonspatial risk factors for exposure can be identified. This
knowledge is needed to perform risk assessments and to design intervention strategies.
Adding spatial risk factors for exposure into risk assessment techniques will help reduce

the inherent uncertainty associated with assessing risk in a human population. These
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methods could further be used in policy decisions to implement environmental controls
and public health methods of intervention that may limit human disease caused by
pollutant exposure. They may also be helpful in decisions regarding such things as
exposure regulations, Superfund site remediation, dietary recommendations, pesticide

application, and even drinking water standards.
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Appendix A: Additional Exploratory Maps

The following provides a sample of the exploratory maps made with geographic
information systems (GIS) and used to detect spatial patterns in the blood organochlorine
data. The size of each dot on the map corresponds to the relative level of the
organochlorine in the blood of the study participant living at that location within
Washington County, Maryland. GIS also allows the user to zoom in on areas of high

population density, which was done to take a closer lock at spatial patterns.

Figure A.1: Exploratory map of blood DDE levels in Washington County, Maryland,
1974
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Figure A.2: Exploratory map of blood total PCB levels in Washington County,
Maryland, 1974
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Figure A.3: Exploratory map of lipid adjusted blood dieldrin levels in Washington
County, Maryland, 1974
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Figure A.4: Exploratory map of blood DDE levels in Washingtor County, Maryland,
1989
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Figure A.5: Exploratory map of blood total PCB levels in Washington County,
Maryland, 1989
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APPENDIX B

RACIAL EFFECT ON BLOOD DDE
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Appendix B: Racial Effect on Blood DDE

It is interesting to note that when both whites and African Americans are
considered in the 1974 1,1-dichloro-2,2-bis{p-chlorophenyl)ethylene (DDE) models
discussed in the second manuscript entitled, “The Use of Spatial Information in
Determining Potential Risk Factors of Blood Organochlorine Levels in a Population
Living Near a Potential Source,” race strongly modifies the effect of distance to the site
on blood DDE levels. Although distance to the site is not a significant predictor in either
African Americans or whites alone, there is a statistically significant difference in the
effect of distance to the site on blood DDE levels. However, this finding is only based on
a population of 24 African Americans (compared to 1,350 whites), and therefore, the
validity of this finding is questionable. However, an attempt is made here to explore the
issue further.

When modeling the 1974 blood DDE data, as discussed in the second manuscript,
a strongly significant interaction term between race and distance to the Superfund site
becomes apparent. Table B.1 contains results of the DDE models including both African
Americans and whites and adjusting for race. The interaction between race and distance
to the Superfund site is not only significant, but when taken out of the model, the
negative significant coefficient of the distance to the site term becomes positive. This
suggests a confounding effect. African Americans do have higher mean values of blood
DDE than whites (4018 vs. 3004 ng/g) and live closer to the Superfund site (mean
distance of 0.93 vs. 4.03 miles from the site) in this study. However, when stratified by
race, a very weak association between DDE in the blood and distance to the site is found

with the white population (15.53, p-value = 0.32), and a stronger association is found
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with African Americans (2540, p-value = 0.07). Hence, race is not a confounding factor,

but a strong effect modifier.

Table B.1: Results of Generalized Least Squares Regression
Determining the Effects of Covariates on Blood DDE Levels
Including African Americans, 1974: Parameter Coefficients
(p-values)

ISES and race interaction |

Distance from CCC site -13.1 -2739

to Residence {miles) 0.14 (0.5) {0.06) 14.1 (0.6) {0.008)
0.17 0.13

Age (years) {<0.001) | (<0.001) | 15.7 (0.01) |11.5 (0.045)

Gender 11.2 10.8 1735.7 1707

{male vs. female) {<0.001) | (<0.001) | (=0.001) (<0.001)

Race

{ African American vs. 88.1 1126.2 20788

White) 5.7 (0.15) | (0.042) {0.039) {0.001)

SES

(district average based

on education and 10.9 2594

housing index) -0.5(0.4) {0.049) |-75.7(0.45)| {(0.002)

Smoking Status 2.4 -291.1

(non-smoker vs. smoker}| -2.3 (0.023)| (0.011) {0.08) -281 (0.05}

Drinking water Source 16.8 15.5 2089.5 1628

{spring vs. municipal) {<0.001) | {<0.001) {0.005) {0.004)

Drinking water Source 408.2

fwell vs. municipal) 3.0{0.039) 1 2910.04) | (0.085) |4101(0.05)

Distance to site and race 2751

interaction 0.16 (0.45) 113.2 (0.06) 16.7 (0.5} £{0.008)

-10.8

Adjusted R squared | 0.173 0.1793
Degrees of Freedom 1115 1045
NA; Not in final model
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In order to figure out why there is such a difference in effect of residential
distance from the site and blood DDE levels, some simple exploratory analyses were
conducted (Table B.2). Other than the fact that African Americans live closer to the site,
on average, than whites, and also have higher DDE levels in their blood, it is not obvious
why there is such a difference between the two populations given these data. African
Americans have only slightly lower education and socioeconomic status (SES) levels
than whites. Moreover, the mean age of African Americans is younger than whites,
which was found in this research to be negatively associated with higher levels of DDE in

blood.

Table B.2: Summary Statistics of Potential Risk
Factors for Blood Organochlorine Levels
Stratified by Race; 1974

Number 1350 24

Mean Age (years) 53.3 44.8

Meaan District Average

SES 9.9 8.6

Mean Education {years) 11.3 10.5

Current Smokers 341 18

WMen 782 12

City Water Drinkers 9o 17

Spring Water Drinkers 10 o

Well Water Drinkers 162 0

Mean DDE {ng/mi) 18.8 238

Mean lipid adjusted DDE

(nglg) 3004 4018

Mean Distance to Site

{miles) 4.0 0.83
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It is not uncommon in the literature for researchers to report a racial effect on
levels of organochlorines in blood. For example, James et al. reported that non-white
women (primarily African American) had on average, 50 percent higher levels of 1,1,1-
trichloro-2,2-bis(p-chlorophenyl)ethane (DDT) and DDE in their blood serum (167).
Several other studies have also reported a racial effect on blood organochlorine levels
especially between the higher levels in African Americans than whites
(4,41,130,210,221).

The reasons for a difference between African American and white blood
organochlorine levels are unclear in this study. Speculating, possible reasons that African
Americans may have higher blood organochlorine levels than whites include: consuming
diets higher in fat, living closer to potential sources, holding occupations with potentially
greater exposure to these compounds, or possible metabolic differences between the two
races. Hence, the racial effect on blood organochlorine levels in this study, and in

general, deserves further consideration.
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Appendix C: Selected R Statistical Computing Code
Selected Statistical Code for Manuscript One

The following is a sample of the R statistical Computing Environment code used
to analyze the soil DDE data collected from 1993-1997 to produce the results reported in
Manuscript One. The geographical data is in Maryland 1983 State Plane Coordinates
measured in feet.

# 1) Data Management
# First, the data in text format is read into R

soll<-read.table(*c:\\shenshaw\\Thesis\\Environmental Data
\\socilanalyeis\\scil3.cev®, header=T, gep=",",as.ig=TRUE}
names {soil)

Year<-ag.numeric{substr (soilsMAP.ID,1,2))
soil<-data.frame{socil, Year=Year)

# Use only the data in the 90's {(ie. 92-97)
u<-goil$¥ear >90
soill4<-soilfu,]

# Use only DDE data
u<~-501i114 SANALYTE=="4,4"' -DDE" [ S01114SANALYTE=="DDE"
50i114<-501i114 [u,]

# Make a table in order to see if there are any values that are non
detects or at the detection limit

table (soill4sYear, s0il14SCONCENTRAT)

table (soill4$Year,soill4SArea)

# For those samples that were analyzed in duplicate, the values were
averaged, and the average value was named the first sample ID with an X
at the end, and the 2 duplicates were taken out of the analysis

801114 [501114$SAMPLE. T =="slh585"lEoi114$SAMPLE.ID=="slh657",}
5011145SAMPLE. ID [801114$SAMPLE. ID=="51h585"] <-"glh585x"

801114S5NEW. CONC (801114 $SAMPLE ., ID=="glh585x "} <-mean (¢ {6600, 9500} }
dim(soill4)

u<-c{1:118) {801114$SAMPLE. ID=="g1hg57"]

soilid4<-g0ilidi-u,l]

801114 [2801114$SAMPLE. ID=="g1h585x", ]
soi114[801114$SAMPLE,ID==“Slh1214“;soi114$SAMPLE.ID=="slh3377",]
801114 3$8AMPLE . ID[501i114$SAMPLE. ID=="81h1214"]<-"glhl1214x"
801114SNEW.CONCIs0i114S$SAMPLE., ID=="g1hl1214x"]l <-mean{c (540,4000))
dim(scills)

u<c-c(1:117) [80111488SAMPLE. ID=="g1h3377%]

soilld<-s0ili4{-u,]

501114 [5011148$3AMPLE, ID=="glh1214x",]
soill4[Soill4$SAMPLE.ID==“Slh1217"{soi114$SAMPLE.ID==“slh3404",]
801114$SAMPLE. ID{8011145SAMPLE. ID=="310h1217%] <-"glh1217x"
801114SNEW.CONC[201114S8SAMPLE . ID=="glhi1217x%] <-mean (¢ {(2900,2400))
dim(soili4)
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u<-c{1:116} [801i1145SAMPLE. ID==%g1h3404%]

s0illé<-soilldi-u,]

801114 [80111438AMPLE. ID=="glh1217x",]
soi114[SOill4$SAMPLE.ID=="slh3444"iSOill4$SAMPLE.ID=="Slh3459",]
801114S$SAMPLE. ID{8C1i114S5SAMPLE. ID=="81h3444"} <-"glh3444x"
8cil114SNEW, CONC [s0il1144SAMPLE. ID=="81h3444x" ] <-mean {c {820, 760))
dim({soili4)

U<-¢{1:115) [801114S$SAMPLE . ID=="81h3459"]

s01l1l4<~g80ilid{-u,]

801114 [{80i1114SSAMPLE. ID=="glh3444x", ]

# Samples taken at depths greater than 1 foot were taken out of the
analysis

u<-

801114$SAMPLE. ID=="81h861" |s01114$SAMPLE. ID=="g1h893" | 301114 $SAMPLE. ID=
="51h925" |801114$SAMPLE, ID=="81h957"

soilld<-soilid[!u,]

dim({scill4)

# In order to get 5 random samples from each guartile of data, the
following code is necessary

summary (s0il14SNEW. CONC)

n<-length {s0il14$NEW. CONC)

ulec-¢c(1:110) [s0il14$NEW.CONC<=2100]

u2<-sample (ul, 5)

u3<-¢(1:110) [s01114$SNEW.CONC>2100&8C1i1148SNEW. CONC<=4400]
length (u3)

ud<-sample (u3,5)

uB<-¢(1:110) [sCcil14$NEW.CONC>4400&801114$NEW. CONC<=23000]
ub<-gample {(us,5)

u7<~-c{1:110) [s0il14SNEW.CONC>23000]

ug<-gsample (u7,5)

u.delete<-c(u2,u4,ué,us)

# For Paper 1, the 5 randomly chosen values taken from each guartile of
the data are identified as follows:

u.delete<-
c(94,65,93,72,85,82,11,74,84,71,107,14,53,101,5,104,32,10,27,110)

# Their sample ID's:
801114$SAMPLE . ID{u.delete]

# The data is divided into areas

table(soill4$Year,20ili4SArea)
Areax<-s50ill4Sarea

u<-301l145Area==
s0ill4al<-s0ilid [u, ]
dim{soilld4ai)
u<-80ill4SArea==

goillda2<-s0ilisiu, ]
dim(soilidaz)
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u<-~-50ill48Areas==
g0ilidal3<-s0ilis fu,]
dim(sgoill4al)

u<-gollld4SArea==
soillidad<-s0ilidu, ]
Gim{soilisa4d)

u<-8011l14SArea==
so0ill4aS<-s0ili4[u,]
dim{socilidas)

# B geodataset ig made of the entire dataset minus the validation
points

g0illé<-s0ill4g {-u.delete,]

goillé<-as.geodata (=801116,data.col=9)

# A geodataset is made of just the validation points
s0ill7«<-soill4 {u.delete,]
s0ill7<-as.geodata(soill7,data.col=9)

# A geodataset is made of all the points
s0ill8<-as.geodata (s0ill4,data.col=9)

# A geodatset is made of each area, and plotted
soill4al<-as.gecdata({scilld4al,data.col=9)

points (soili4al)

title("Soil sample Locations 22-97 minus predictions Area 1, size
relative to level of DDE")

sort (soill4alsdata)

goilld4a2«<-as.gecdata(socilis4a2,data.col=9)

points (soill4az)

title{"Scil sample Locations 92-37 minus predictions Area 2, size
relative to level of DDE")

gsort (soill4a2s5data)

goill4ald<-as.geodata{soill4a3,data.col=9)

points{so0illi4a3)

title{*Scil sample Locations $2-%7 minus predictions Axea 3, size
relative to level of DDE")

sort {so0ill4a3$data)

gsolill4adsc<-as.gecdata{soilldad,data.col=9)

points(soilld4a4d}

title("Soil sample Locations 92-387 minus predictions Area 4, size
relative to level of DDE")

sort {soilidassdata)

gcill4ab<-as.geodata{soill4a5,data.col=9)

points{soili4as)

title("Soil sample Locations 92-97 minus predictions Area 5, size
relative to level of DDEY)

gort {goill4assdata)

# 2) Data Analysis
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# Kriging to Predict levels of DDE at unknown locations. A
semivariogram of the logged data is first plotted to determine if there
is spatial dependence in the data and to identify initial paramaters
used to model the semivariogram in the data

# First, a semivariogram model with the initial parameters {(nugget,
811}, and range) specified is fit to the data

t0<-variogi{soills, max.dist=750, lambda=0)
tl<-variocfit(t0,ini.cov.pars=c{2,300),nugget=2.2)

# MakePairs is the function used to get the composite liklihood method
to model the gemivariogram. It is defined as:

MakePairs<-function (N) {
i<-rep(c{l: (N-1)),c((N~-1):1})
j<-numeric(0)
for(k in 2:N)

je-c{j,c(k:N))
return{cbind{i,j})

}

Xy<-s0illéscoords
z<-log(soillésdata)
N<-length(scilié$data)
Pairs<-MakePairs (N)

# A spherical model is chosen to model the semivariogram. The composite
likelihood code for the function CLSpherical is:

CLSpherical<-function (theta) {
pl<-Pairs(,1]
p2<-Pairs|, 2]
tau2<-thetalll
sigma2<-thetal2]
phi<-theta[3]
ds<-sgrt ((xy[pl,1]-xyip2,1]) "2+
(xylp1l,2]-xyip2,2])°2)
kap<-0.5
gamma<-tau2 + sigma2*((3/2)*{(ds/phi) - (1/2)*{ds/phi)"3)
gamma [ds>=phi]<~tau2+sigma2
lel<-gum({{{z[pil)l-zlp21) "2/ (2*gamma)) + log{gamma))
return{lcl)

}

t2<-nlmP (CLSpherical,c{2,2,3200),lower=c{0.01,0.01,0.01),
upper=¢c {(Inf, Inf, Inf))

g01l116.cl<-t1

s0illé.clscov.model<~"spherical®
soilis.ci[1]l<-t2[{21] 1]

scillé.cl (2] ]<-t2[[21][-1]

lines {s0ll16.cl, 1ty=3)

# Glcobal/Internal cross Validation to determine how well model predicts
at known locations within the dataset

# First, using the geodataset of the %0 peints (110 points minus the 20
validation points)
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501116 .xvalid<-xvalid(g0ills, model=g0ills.cl)
soillis.cvi<-sgrt(mean({s0ilié.xvalidSerror™2))
s0illé.ov3

# Internal Cross validation by Area
# {(Areas of the map were divided up to see if one area had better
prediction rates than other areas;.

# Area 1= the fenceline (inside property}
soili6al.cvi<-sgrt (mean(scillé.xvalid$error [Area==1]1"2))

# Area 2= the trench
s0ilil6a2.cv3<-sgrt (mean(soillé.xvalidSerror [Area==2]1"2))

# Area 3= the bottom left side of the map (ocutside property)
s0illgald.cvi<-sgrt (mean(soills.xvalid$error [Area==3]"2})

# Area 4= Brighton manor subdivision {(NW of site outside property)
s0ill6a4.cvi<-sgrt (mean(soillé.xvalid$error [Area==4]1"2))

# Area 5= Residential area NE of site
soillsa5.cvi<-sgrt (mean(soillé.xvalidSerror [Area==51"2))

# Now, the model used for the geodataset of 90 points is used to
predict at the 20 validation locations and the results of the
predictions are compared to the actual observed values at that
location. This is called external cross validation

s01l16 . krigex<-

krige.conv(soills, loc=scill7scoords, krige=krige.control (ob].model=gcill
6.cl,lambda=0))

501116.cv3.2<-sqrt {mean((so0illé.krige$predict - soili7$data)”2))

# A plot of this prediction is produced:

locs.gite<-expand.grid (MD83£ft.X=seg(1107800,1109200,length=50),
MD83ft.Y=5eq(724850,726450, length=50})

goillé.krige.site<-krige.conv(gsoillé,loc=l1lcocs.gite,

krige=krige.control {obj.model=s0ill6.cl,lambda=0))

image.kriging(scillsé.krige.site)

points (scillé$coords)

# Information for Table 1 is produced
chind{socill4Sarealu.delete] ,s0illié.krigebpredict,soill7sdata)

# Analvses using all 110 data points

# First, plot the semivariogram, and estimate the semivariogram model
based on initial parameters:

plot {variog(soilig, max.dist=750,lambda=0} ,viim=c{0,5))

lines.variomodel (cov.model="spherical®, cov.pars=c(2,400)} ,nugget=2,max.d
ist=750}

title{"Bstimating a Variogram model for logged DDE data')

# A variogram is f£it to the data based on initial parameters
t0<-variog(soills,max.dist=750, lambda=0)
tl<-variocfit (t0,ini.cov.pars=c{2,400),nugget=2)
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# A spherical variogram model is fit to the data using the composite
liklihood method

xy<~-s0iliBscoords

z<-log(goiligsdata)

N<-length{soiliggdata)

Pairs<-MakePairs (M)

t2<-nlmP (CLSpherical,c{2,2,400},lower=c{0.01,0.01,0.01},
upper=c (Inf, Inf,Inf})}

goilig.cl<-tl

s0ilig8.clécov.model<-"spherical®
soilig.cli{{1}l<-t21012]] 1]

scilig.clif2]l<-t2{[2}110-1]

lines{so0ilig.cl, lty=3)

# Graphs for paper 1

# To see what the quartileg in the data look like for the legend in the
histogram
summary (s011183%data/1000)

# To create a histogram of the data (Figure 2a)

hist{80i1183%data/1000,x1ab="1992-1997 Levels of DDE in Soil Samples

(Ppm) u ; main=u ] )

legend {locatox (1) ,legend=c ("N = 110%,"Mean = 25.407%,"Stdev = 46.38",
"Min = 0.005%,"Max = 300"))

# To change ppb to ppm

soillg8a<-s0ills8

soillBa$data<-sciliB8asdata/1000

# To create a plot of the soil locations around the buildings, the
building points had to first be read in from a data file
bldg<-read.table ("c:\\shenshaw\\Thesis\\GIsS\\Geocode\\CCC\\
buildingsft.txt", header=T)

bldgS$huilding.c<-as.character (bldg$building.c)

# A vector file had to be created made out of the points of the corners
of bulldings

types<-as.vector (unique (bldgsbhuilding.c})

types<-types|[-¢c(1,9,12,13,14})]

# A geodataset was created made out of the data values divided into
guartiles to produce # Figure 2b.  Went into points.geodata and changed
Y to DDE and saved as Xpoints.geodata

# Figure 3 is created by plotting the semivaricgram, and plotting a
semivariogram model # overtop

par {pch=13)
plot (varicg{sciliga, max.dist=750, lambda=0) ,ylim=c (0,5} ,xlab="Distance
{(£r) ™)

lines{so0illg.cl, lwd=2)

legend{locator (1), legend=c{"81i11 = 2.8"%,"Nugget = 1.57,"Range =
339%) ,ncel=1)

par {pch=1)

# Global/Internal cross Validation using all data is used
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# to determine the predictibility of the model based on all 110
datapoints

goilis.xvalide-xvalid({s0ills,model=80il18.cl)
s0il118.cv3<-sqgrt (mean{soill8.xvalidsSerror™2))

# The model based on the entire dataset is used to krige at all
locations in a grid over the gite
locs.site<-expand.grid (MDB3ft . X=seq{1107800,1109200, length=50),

MDB3fL.Y=8eq(724850,726450, length=50))
soilig. krige.site<~krige.conv{goills, loc=locs.site,

krige=krige.control {ob].model=s0ilis.cl, lambda=0))
image.kriging{s0ill8.krige.site)
points (soill8Scoords)

# Exporting these kriged results so that they can be brought into
ArcGis to Make Figure 4
CLresults2<-cbind{locs.site,s0ill8 . krige.siteSpredict)

write (t {CLresults2),file="c:\\shenshaw\\Thesis\\Environmental Datal\\soi
lanalysis\\fig4res.txt", ncol=3)

#In GIS you can produce a better looking image of the kriged values
with a better legend and all the other site features, etc.
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Selected Statistical Code for Manuscript Two
CLUE I (1974) Analysis

The following consists of selected R Statistical Computing Environment code
used to analyze the serum organochlorine data as reported in Manuscript Two. However,
in an effort to be brief, but still inclusive of all data analysis, only the analysis of one
compound, DDE, is shown here. However, these same analyses were also completed for
DDT, DDD, all PCB congeners, total PCBs, hexachlorobenze, beta- and gamma-
hexachlorocylcohexane, dieldrin, aldrin, mirex, heptachlor, heptachlor epoxide, alpha-
and gamma-chlordane both lipid adjusted and unadjusted.

### Readino in all of the data from text files ###
# Organochlorine Data

# Clue 1: 1974
ocl<-read.csv{"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\
Changed_Variable Names\\Merged Datal\wcclocdNA.csv", header=T, sep=", ")

# Clue 1: breast cancer lipid data
beclip<-read.csv("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars
\\bclip.csv", header=T, sep=", ")

# Clue 1: prostate cancer lipid data
prlipclc-read.csv{"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars
\\prlipci.csv", header=T, sep=",")

# Address Data: clue 1: 1974
addrl<-read.csv{"c:\\shenshaw\\Thesis\\GIS\\Geocode\\cluell\\
cluelshpNAwoxydup.csv®, header=T, sep=", ")

dim{addri)

# Extra Variable data

# Breast Cancer Studies 19295
bel<-read.csv("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\Extravars
\\becevarslNA.csv", 6 header=T, gep=",")

bec2<-read.csv (¥c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars
\\bcsvars2NA.cgv", header=T, sep=", ")

beld<-read.csv {"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars
\\besvars3NA.csv", header=T, sep=", ")

be4<-read.csv ("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars
\\bcsvars4NA.cev", header=T, sep=", ¥)

# CLUE Studies

# Clue 1 and 75 census (1974-75)
cluel<-read.csv{"c:\\shenshaw\\Thesis\\CLUE\\CLUE_ Data\\ExtraVars
\\clvargiNA.csv", header=T, gep=", ")

% CLUE Follow up studies 1896

£0l96<-
read.csv{"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars\\c2med96¥A.c
sv", header=T, sep=", %)

dim(foles)
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names {f0l85)

# Round 2 Study 1998
rnd2<-read.cev (*c:\\shenshaw\\Thesig\\CLUE\\CLUE_Data\\Extravars
\Me2rnd2NA . csv?Y, header=T, gep=", *)

# 2000
fol00<-read.cev{"c:\\shenshaw'\Thezis\\CLUE\\CLUE_Data\\ExtraVars
\\c2medO0NA. cav”, header=T, sep=", ¥}

# Diet Study: 1989
diet<-read.csv(*c:\\ghenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars
\\ec2diet89NA.csv?, header=T, sep=", ")

# Additional variables asked for from several studies
mixed<-read.csv{"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars
\\mixedNA.csv?, header=T, sep=", ")

### Data Management and Exploratory Analysis ###
cluelid<~ocis$cluel

# Working with OC data (Clue 1) Outcome variables
# ng/mL and ng/g (lipid adjusted)

# DDE, looking at available data using the table function
# ng/mL and ng/g (lipid adjusted)
table{is.na({ocl$pdde.ml})

table(is.na{ocli$pdde.lip))

# Make total lipids variables by using cholesterol and triglyceride
data in Philips et al short eguation..equation 2, then make it a factor
to multiply unadjusted values by to get ng/g units

t<-match(ocl$cluel, belipSCLUE)
chol<-belip$TCit]

tri<-bclip$TG{t]
ocl<-data.frame {ocl, chol=chol, tri=tri)
tt<-match{ocl$cluel,priipcigcluel)
choles<-prlipclscholestt]
ocl<-data.frame{ocl, choles=choles)

n<-length{oci$tll)

tlip<-rep{NA, n)

ocl<-data.frame (ocl,tlip=tlip)

ocl$tlipiocisstudy==1]<~

1/{(2.27%ocibchol [ocléstudy==1]+ocistri[ocisstudy==1]1+0.623}*100000
coi$tliplocisstudy==2]<-

1/{2.27*ocl$choles [ocl$study==2] +ocli$trigly (oclsstudy==21+6.623)*100000
ocls$tliplocis$study==3]<-
1/{(2.27%oclécholestr{ociSstudy==3]+oci$triglycrlocis$study==3]+0.623)*10
GQoo

# get rid of outliers in the lipid adjuster values (those that
incorrect lipid adijusted information was recorded) a total of 3
ocistliploclStiip>1000]<-NA
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# need to change all lipid adjusted variables so that they are the same

oclépdde.lip<-oclispdde.ml*oclstlip
#Check for zeros in the data, if there are make = LOD/sgrt(2)

# DDE

# To f£ind out where the zZeros are:

<~ {1:1391) [ocispdde.ml==0]

zerodde<-length{ocispdde.ml [oclspdde.ml==0&!is.na{ocispdde.ml} ]}
/length (oclépdde.ml!is.na{oci$pdde.ml} ]} *100

# To find out what study the zerosg are found in

ocliu, sl

# Make them the LOD/sqgri(2)
ocli$pdde.ml [ocis$pdde. . ml==0]<-0.61/sqgrt (2}
zeroddelip<-length{ocid$pdde.lipocispdde.lip==0&!is.na(oclspdde.lip)])
/length{oci$pdde.lip(!is.na({oclépdde.lip)]) *100

# Check for correlations in the DDT/DDE/DDD data

cor {ocl$pdde.ml, ocl$oddt . ml, use="pairwise.complete.obs")
cor {ocl$pdde.ml,ocl$pddt.ml, use="pairwise.complete.obs’)
cor {ocldpdde.ml,oclspddd.ml, use="pairwise.complete.ocbs"}
cor {oclspdde.lip,cclsoddt.1ip, use="pairwise.complete.cbs")
cor{ocl$pdde.lip,oclspddt.lip, use="pairwise.complete.cbs')
cor {oclsSpdde.lip,oci$pddd.lip, use="pairwise.complete.obs")

#### getting all covariates ####

tl<-match{ociscluel, addrisCLUEL)
t2<-match{ccisScluel,becisClue)
t3<-match({ociscluel,bec28Clue}
t4<-match{oclscluel,cluelsCluel)
t5<-match{ocliScluel,be3sCluel)
t6<-match{oclscluel, mixedsCluel)

#1974 variables tl & t4 & smoke2 from té
#1995 wvariables = £2,t3, & t5

#

### Continuous Variables $##

# Centroid of site in MD state plane coords 83 ft
sitex<-1108776
sitey<-725732

# residence: zip and x and y location in MD state plane coordinates
zip<-addrl$ARC.ZONE[t1]
add¥«<-addriSMDB3FT. X [t1]
add¥<-addr1$MDE3FT.Y[t1]

# Distance from residence location to site measured in miles
dtosite<- {sqri ({addX-sitex) "2+ (add¥-sitey) "2)) /5280

# Age in years
age<-cluel$hge [t4]

# Weight w/c sheoes in pounds
weight<-bc38Wgt [£5]
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# Height in inches
height<-bc3SHtinch{t5] + be3sHtfeer[£5]%12

# Body Mass index
BMI<~ (weight/height™2)*703

# district average SES {(in private census districts}:
# ={average of years of education and housing index)
SES<-cluel$bDaveSes (t4]

# Vears of education
edu<-cluelsSEdit4]

# Months of breaszstfeeding
brfeed<-bcl$Breastidt2]

# Total years applied insecticides on pets
pestpets<-be2Spetyrs [£3]

# Total years applied insecticides on farm animals
pestfarm<-be2$farmyrs [t3]

# Total years applied insecticides outside house
pestout«-bec2$outyrs [£3]

# Total years applied insecticides inside house
pestin<-be2sinyrs[t3]

# Total vyears applied pesticides
pestpest<-bc2$pestyrs{t3]

### Binary Variables ###

# Race (l=white,2=black)
race<-cluel$Race [t4]

# Gender {(l=male,2=female)
gender<-cluel$Sex [t4]

# Exposed to pesticides, insecticides,herbicides, fungicides,or fumigants
on the job

# (0=no,l=yes}

occ<~-be2épesteid L3}

# current smoker at time of blood draw {l=yes,2=no)
smoke<-cluelSNow[t4]

# how many drinks/week subject normally has {0=lessz than 1,1=1,2=2-
3,3=4-5,4=6-8,5=9-11,6=12-14,7=15-19,8=20-24,9=25~-29,10=30-34,11=35-
39,12=40+)

alcohol<-boi8Numdrk[t2]

# Are you a vegetarian now (avoid meat) (0=no,lsves)
meat<-bec3$Vegnow [L5]

# Avoid eggs (0=no, l=yes)
eggs<-bc3isNoeggs [£5]
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# avoid dairy products {(0=no,l=yes)
dairy<-bc3sNodairy [t5]

# Ever been a vegetarian {(0=no,l=yes)
veg<-bclsVegdiet [£2]

#4#4 Categorical variables ###

# smoking recode: (0=never smoked,l=ex cig smoker,2=zex
cigar/pipe,3=current cig 0-14, 4=current cig 15-24,5=current cig
25+, 6=current cig, amount unknown,7=current pipe/cigar, 8=cthers
smoke3<-mixed$Smkr [t6]

#Recode smoking again to make smoke 2 variable (O=never,l=ex
amoker, 2=current smoker)

smoke2<-~smoke3

smoke2 [smoke3==0]<-0

smoke2 [smoke3==1|smokel3==2]<-1

smoke2 [smoke3==3 | smoke3==4|smoke3==5|smoke3==6|smoke3==7 | smoke3==8] <-2

# how often =at fish (0O=never or <i/month,l=1/month,2=2-
3/month, 3=1/week, 4=2/week, 5=3-4/week,6=5-6/week, 7=1/day, 8=2/day
fish<-beclisFish{t2]

# Drinking water source: O=spring,l=city,2=deep well,3=shallow
well,4=cistern city,5=cistern rain,é6=cistern well,7=cistern other or
mixed, 8=bottled, 9=not stated

water2<-cluels$Driwt4]

# Recode to make city water the reference category:
# O=city,lisspring,2=well,3=cistern {(rain, mixed, or other),b4=bottled

water<-waterz2

water [water2==1|water2==4]<-0

water [water2==0]<-~1

water [water2==2|water2==3|water2==6}<-2
water [water2==5|water2==7] <-3

water [water2==8] <-4

water [water2==9]<-NA

# Marital status: l=never married,2=married
now, 3=separated, ¢=divorced, 5=widowed
marital<-cluelsMSic4]

# vears lived at this residence (1974-year moved in)
rea<-74~-clueldvyMvdits]
table(is.na(res}}

# to find out if in clue 2 as well

clue2id<-cluelsCLUE2 [£4]

table(is.na(clue2id)})

#Check to make sure what these data look like using stem plots, and

make sure they are continuous, binary, or categorical: (Although only
one is shown, this was done for all covariates.
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stem{dtosite}
# Make dataframe with all cutcome variables and covariates

cldataZ<-data.frame(cluelid, clue2id, add¥X, addyY, dde,ddelip, tpchepeak,
tpcbhspeaklip, achlordane, achlordanelip,gchlordane, gchlordanelip, oxychlor
oxychlorlip, tnonachlor, tnonachlorlip, heptachlor, heptachlorlip, heptepox,
heptepoxlip,HCB,HCBlip, mirex, mivexlip,aldrin,aldriniip,dieldrin,
dieldrinlip,endrin,endrinlip, bHCH, bHCHlip, gHCH, gHCHlip, dtosite, age, edu,
marital, BMI,race,gender,water,veg, meat,eggs,dairy, £ish,oce,alcohol, SES,
zip, smoke2, smokel, smoke,brfeed, pestpets, pestfarm, pestout,pestin,
pestpest, res,ddt,ddelip,ddd,dddlip)

# Need to make categorical variables categorical
cidataz2$water<-as.factor{cldata2Swater)
cldataz$marital<-as.factor{clidata2smarital)
cldata2$fish<-as.factor{cidata2$fish)
cldataz$smoke2<«-as.factor (cldatal2ssmoke?)
cldatazssmoke3<-as.factor (cidata2Ssmoke3)

# Check data to make sure data matched okay

cldata2[c(101,82,215),]
ocifc{15,400,1280),]
cldata2{,c(1,17,21,26)]

# Now make some additional variables for possible analysis
# First is a few dtosite buffer variables

# use this as 5 mile buffers away from site
# make buffer in 5 mile radius from site

# (1l=<5mi,2=5-10mi,3=10-15mi, 4=15-20mi,5=20-25mi, 6=25-30mi, 7=>30mi)
x<-cldata28dtosite*5280
y<-cldata2édtosite*5280

X [y<=26400]<-1

x[y>26400&y<=52800]<-2
x[y>52800&y<=79200]<-3
x[y>79200&y<=105600]<-4
x{y>105600&y«=1320001<-5
x{y>132000&y<=158400]1<-6

x{y>1584001<-7
cldataz«-data.frame{cidata2,dbuff2=x)

# and Make rural ve. urban variable
# get point of city origin
HagX«-1108876.10384
Hag¥<-720505.27649

# Make continuous variable as distance to city {(dtocity) in miles

drocity<- {sqrt {(cldata2$addX-HagX) "2+ (cldata2$addy-Hag¥) "2} ) /5280
cldatal«-data.frame (cldataz, dtocity=dtocity}

#Make Urban vs. Rural variable where rural is anything greater than
8000 £t {(1.5miles) from
# center of city
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X<-gldatal28dtocity
y<-~cldata2sdtocity
x{y<=1.51<-1
xfy>1.5]1<-2

cldataZ<-data.frame{cidata2, urban=x)
stem{cidata23dbuffa)
stem{clidata2sdtocity)
stem{cidata2Surban)

sitetocenter<- {sqgrt({cldatalssitex-HagX)“2+{clidatal$sitey-
HagY)"2)) /5280

# Make a direction variable to see if direction around site makes a
difference, and rotate every 15 degrees

Using DirBins function defined as:

DirBins<-function{data, rot=0){
dsite<-datasdtosite*5280
x<-datas$addx
y<-datasaddy
dx<-x-sitex
dy<~-y-sitey
n<-length (x)
quad<-numeric {n)
quad [dx>0&dy>0]<-1
quad [dx>0&dy<0]<-2
guad [dx<0&dy<0] «<-3
quad [dx<0&dy>0] <-4
angle<-rep{NA,n)
angle [quad==1] <-asin{abs (dx {quad==1]) /dsite [quad==1})
angle [quad==2]<-30*pi/180 + asin(abs{dylgquad==2])/dsitelquad==2])
angle [quad==3]<-pi + asin(abs(dx[guad==3])/dsitequad==3])
angle [quad==4]1<-270%pi/180 + asin{abs (dy[quad==4])/dsite[quad==4])
angle<-angle*180/pi
angle<-angle+rot
bin<-rep(NA,n)
bin{angle>0 & angle <= 45]<-1
binfangie>45 & angle <= 901<-2
bin{angle>20 & angle <= 135]<-3

binlangle>135 & angle <= 180]<-4
binlangle>180 & angle <= 225]<-5
binfangle>225 & angle <= 270]<-86
binlangle»>270 & angle <= 3151<-7
bin{angle>315 & angle <= 3601<«-8

return{bin)

}

dbins0<-DirBins {cldata2)

cldatal2<-data.frame (cldata2,dbing0=dbing0)

cor {cldata28dde [cldata2sdbingl==1] ,cldata2sdtosite{cidatal28dbinsl==1],u
se=%pairwise.complete.obs”)

for{i in 1:8)

print (cori{clidata2$dde [cldata2s5dbins0==1i],cldata2%dtosite [cldata28dbins0
==1] ,use="pairwise.complete.obs®)}
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dbinsl5<-DirBins {cidata2, rot=15)
cldata2<-data.frame{cidata2,dbinsl5=dbinsls)

for{i in 1:8)
print{cor{cldataz$ddelclidata2sdbingls==1],cldata28dtosite [cldatal2sdbins
15==i] ,use="pairwise.complete.obs”))

dbins30<-DirBins{cldataZ, rot=30)
cldata2«<-data.frame{cidata2,dbins30=dbins30)

for{i in 1:8)

print {cor{cldatazsddeicldata28dbine30==1i],cldatazédtosite(cldata2$dbins
30==1] ,use="pairwise.complete.obg®})

# Make those that need to be categorical, categorical
cidata2sdbuff2«<-as.factor{cidataz2s8dbuff2)
cidata28dbinsl<«-as.factor(clidata2$dbins0)
cldatal2sdbinsiS<-as.factor{cldatazsdbingls)
cldata28dbingl0<-as.factor (cidata2$dbins30)

# First made sure no multiple subjects at the same location. Did this
by adding 1 ft to both the x and y component of their residential
location, then marking a 0,1,2,3,etc in the "changeft" column to
signify if I added 0,1,2,3...ft to each the x and y location,
respectively

# Now there are 4 people in clue 1 that participated in 2 studies. Same
person, same blood, same location. I will average their outcome levels.

#1

cldata2 {cidata28cluelid=="5047",]
cidata2gcluelid{288]<-"5047a"
cildata28cluelid[289]<-"5047b"

cldata2 [288:289,]
cldata2scluelidicldata2$cluelid=="5047b"]<-%5047¥

u<-~cldata2$dde [288]

v<~cldata28dde [289]
cldata28dde[cldatalscluelid=="5047"] <-mean{c{u,v))
u<-cldata28ddelip{288]

v<-cldataz2sddelip[289]
cldata2$ddelip{cidata2scluelid=="5047"]<-mean{c{u,v))

u<-cldata2$tpcbspeak288]

ve<-gcldata2$tpcbspeak [289]
cidataz$tpcbspeakicidatazscluelid=="5047"]<-mean{ci{u,v}}
u<-cldata2$tpcbespeaklip[288]

ve-cldata2stpcbspeaklip(289]
cidataZ$cpcebspeaklipicldata28cluelid=="5047%]<-mean{c{u,vj)

dim{cidataz)

a<-c{1:13921) [cldata28cluelid=="5047a"]
cldataz2«<-clidatazi{-a,}
cldataZcidataz2$cluelid=="5047",]

#2
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e{1:1390) [cidatazscluelid=="31033"]
cldatal [cldata2é$cluelid=="310337,]
cldata28cluelid {9071 «-"31033a"
cldata28cliuelidionsgl «~*31033b"
cldataz[907:9208,1

cidatazbcluelidicidataZ$cliuelid=="31033b"]<-"31033"

u<-cldatazsdde [207]

ve~cldatazsdde [908]
cldata2$ddecidata2scluelid=="31033"] <-meanic{u,v}}
u<-cldataz28ddelip(207]

ve-¢ldataz$ddelip [208]
cldata2$ddelipicidatals$cluelid=="31033"]<-mean{c{u,v})

u<-cldata2$tpcbspeak[907]

ve-cldata2$tpcbspeak [908]
cldata2$tpcbspeakicidata2scluelid=="31033"]<-mean(c{u,v))
u<-cldataz2$tpcbspeaklip[S07]

v<-cldata2$tpchspeaklip[908]
cldataz2$tpchbspeaklip{cldata2$cluelid=="31033"] <-mean{c{u,v))

dim(cidataz}
be-c(1:1390) [cidata28cluelid=="31033a"]

cldataZ<-cldatazi-b,]
cldata2 {cldata28cluelid==%31033",]

#3
c{1:1389) {cidatazscluelid=="33872"]
cldataz [cldatazscluelid=="33872",]

cldata2Scluelid[10561<-"33872a"
cidata2$cluelid{1057]}<-"33872b"
cldataz2{1056:10587,1]

cldatazbcluelid{cidataz$cluelid=="33872b"]<-"33872"

u<-cldata2s5dde[1056]

ve-cldata2$dde [1057]

cldataz2bdde [cidata2scluelid=="33872%] <-meanic{u,v))
u<-cldata2sddelip{10586]

v<-cldata25ddelip[1057]
cidata2$ddeliplicldata2$cluelid=="33872"]<-mean{c{u,v))

u<-cldata2stpcbspeak[1056]

v<-cldata2$tpcbspeak [1057]
cldata2étpchbspeakicidatazscliuelid=="33872%]<-mean{c{u,v})
u<-cldata2$tpcbspeaklip[1056]

ve-cldata2Stpcbhspeaklip{1057]
cldata2$tpcbspeaklipicldata2scluelid=="33872"] <-mean{c{u,v)})

c<-0{1:1389) [cldatazScluelid=="33872a"]
cidata2<-cldata2i-¢,]
cldata2 [cldata28cluelid=="33872",]

#4
c{1:1388) [cidataz$cluelid=="34913"]
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cldata2 [cidata28cluelid=="349213", 1]
cldata28cluelid(11101<~-"34913a"
cidata28cluelid {1111} «-"34913b"
cldata2[1210:1121, )

cildata28cluelidicidata2sclueiid=="349130b"]<-"34813"

u<~-¢cldata28dde {1110}

ve-cldata2sdde {1111}
cldatazsddeclidatalscluelid=="34913%]} <-mean{c(u,v))
u<-cldata2$ddelipii110]

v<-cldataz8ddelip{i111]
cldata2$ddelipicidataz$cluelid=="34913"]} <-mean{c{u,v))

u<-cldata2%tpcbspeak[1110]

v<-cldataz2$tpchbspeak[1111]
cldata2$tpcbspeakcldata2scluelid==934913"]<-mean(c{u,v))
u<-cldata2étpcbspeaklip{1110]

ve-cldataz$tpcbspeaklip{1111]
cldata25tpcbspeaklip{cidata2$cluelid=="34913"] <-mean{c{u,v})

dim{cldata2}

d<-c(1:1388) [cidata28cluelid=="34913a"]
cldata2<-cldata2[-4d,]
cldata2 [cldatazbcluelid=="34913"%,]

# Take out variables that aren’t in the WC zip codes

u<-c(1:1387) [cldata2$zip==21736|cldata2$zip==25419|cldata2$zip==25425|
cldata2$zip==21712]

cldata2<-cldata2|-u,]

# Take out 4 points where geocoded location is not inside washington
County

dim(cldata2)

ve-c(1:1379) [cldata2$cluelid==41266|cldata28cluelid==12637|
cldata2$cluelid==13849|cldata2$cluelid==13854]

¢ldataz<-cldata2-v,]

# try w/o outlier

names {cldata2)

dim{cidata2)

u<-¢(1:1375}) [cidata2sdde>400]
cldataz«-data.frame{cidatazi-u,l}
dim{cidataz)

# Recode Water to only 4 categories: 0O=city water, l=spring water,
2=well water, 3=other, Recode to make city water the reference
category: O=city, l=spring, 2=well,3=cistern (rain, mixed, or

other) ,4=bottled

n<-length{cidata2s$water)

water2<-rep {NA, n)

cldataz«-data.frame (cldata2,water2=waterz)
cldataldwater2 [cldata28water==0]<-0
cldatazéwater2 {cidataZswater==1]<-1
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cldata2fwater2 {cldatal2gwater==2]<«<-2
cldata2$water2 [cldatal$water==3|cldata2fwater==4]<-3

water2<-cldata2iwater2
table{water2)
cidata2swater2<-as.factor{cidataléwater2)

# try recoding gender here to match clue 2
# recode to match clue 2 coding l=female, 2=-male

n<-length{cidata2fgender)

gender2<-rep (NA, n)
cldataz<~data.frame{cldata2,gender2=gender2)
cldata2Sgender?2 [cldata2sgender==2]<-1
cldata2$gender2 [cldata28gender==1]<-2

gender2<-cidata2$gendex2
table {cidata2ggender2)
table (cidata2$gender)

# Descriptive statistics on outcome variables (w/c zeros)

Mdde«-mean.default {cidata25dde, na.rm=T)
Ndde<-length(cldata25dde{!is.na(cldata2$dde)])
shdde<-sqrt (var {cldata25dde,na.rm=T) ) /sqgrt (Ndde)
CIiLdde<-Mdde-1.96*8Ddde
CIUdde<-Mdde+1.96*3Ddde

Mdde

Ndde

SDhdde

CILdde

Ciudde

summary (cldata2$dde)

# Make new data frame ready to make geodata object with
library{"geoR")

geodata<-data. frame (addX=cldata2$addX, add¥=cldata25addy, dde=
cldata2$dde,ddelip=cldata2éddelip, tpchspeak=cldata2stpcbspeak, tpchepeak
lip= cldata2$tpcbspeaklip, cluelid=cldata2s$cluelid, achlordane=
¢ldata28achlordane, achlordanelip=cldataZ$achlordanelip,
gchlordane=cldata28gchlordane, gchlordanelip=cidata2sgchlordanelip,
oxychlor=cldata2$oxychlor, oxychlorlip=cldataZ$oxychlorlip, tnonachlor=
cldata2$tauonachlor, tnonachlorlip=clidata2$tnonachlorliip, heptachlor=
cldata2Sheptachlor, heptachlorlip=cidatazZ$heptachlorlip, heptepoxs=
cldata25heptepox, heptepoxlip=cldata2sheptepoxlip, HCB=cldata25HCE,
HCBlip=cldata2SHCBlip, mirex=cldata2$mirex, mirexlip=cldataZsmirexlip,
aldrin=cldata2$aldrin,aldrinlip=cidata2$aldrinlip,dieldrin=
cldata2$dieldrin,dieldrinlip=cldata2g$dieldrinlip,endrin=cldataziendrin,
endrinlip=clidataZ$endrinlip, bECH=cldata2$bHCH, bECH]l ip=cldata2SbHCHlip,
gHCH=c1ldata2$gHCH, gHCHlip=cldatal2s$gHCHlip, ddt=cldata2s8ddt, ddtlip=
cldata2$ddtlip, ddd=cldata2$ddd,dddlip=cldata23dddlip)

# First, clean up data (NAs in coordinates or ocutcome variable)
# And make them into geodata objects forVariogram analyses for OC data
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# Taking out missing data for DDE

dim{geodata)

Ul<-c{1:1374) [is.na{geodatasdde) ]

u2<-c{1:1374) [gecdata$dde«=0]

u3<-c{1:1374) [is.na({geodatasaddX) |is.na(geodatasaddy)]
u<~c{ul,u2,u3)

u<-unigue {u)

# Make gecdata objects without the missing data
ddegeo<-as.gecdata (geodatal-u,],data.col=3,covar.col=7)
# Write these into text files to bring them into GIS: R->.csv->GIS

write.table{geodatal-u,],file="c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\
Changed Variable_Names\\Merged Data\\ddegeodata.csv",sep=%,",col.names=
T, row.names=F)

#Exaustive regression search looking for most influential risk factors

This is an example of the exhaustive search of one organochlorine, DDE.
However, this was done for each organochlorine, both adjusted and
unadjusted for lipids.

Furthermore, only one loop is shown, and all combinations run (but not
shown are described at the end of the loop.

library(*combinat®)
# Make new dataset with only those variables I wish to test together

dde75a<-
cldatal,c("dde”, "dtosite”, "age”, *edu”, "marital®, "race”, “gender”, "water"”
, "smoke2", "SES", *dbins0") ]

# Have to run this code each time and change data name

RunReg<-function(vars, resp="dde") {
xnam<-names (dde75a} [vars]
fmla<-as.formula(paste(resp,” ~ ¥, paste(xnam,collapse=" + "})})
fit<-Im{fmla,data=dde75a}
rsgrd<-round {(100*summary(fit) $adj.r.squared, 2)
fmla<-as.character{fmla)
fmla<-paste(fmlal2] ,paste{¥ ", fmlalll,” ¥,sep=""},fmla3],sep="")
return{c{rsgrd, as.character {fmla)))

}

# This has 11 possible variables and cone response listed in the first
column. Below you'll need tl through tN, where N is the number of
possible variables

models<-combn {2:11,1)
tl<-apply {models, 2, RunReg)

medels<-combn(2:11,2)
t2<-apply(models, 2, RunReqg)
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models<-combn(2:11, 3)
t3<-apply {(models, 2, RunReg)

models<-combn{2:11, 4)
t4<-apply (models, 2, RunReg}

models<-combn{2:11,5)
£5<-apply {models, 2, RunReg)

modelg<~-combn{2:11,6)
té<-apply (models, 2, RunReg)

models<-combn{2:11,7)
t7<-apply {models, 2, RunReg)

models<-combn{2:11,8)
t8<-apply {models, 2, Runkeg)

models<-combn(2:11,9)
tBa<-apply (models, 2, RunReqg)

models<-matrix{combn(2:11,10) ,ncol=1)}
t9«<-apply (models, 2, RunReg)

tall<-cbind(tl,t2,t3,t4,£5,t6,£7,t8,t8a,t9)
Regsults<-data.frame {t (tall))

names (Results) <-c{*AdjRsqgrd”, "Model")
Resultsi$AdjRsgrd<-as.numeric(as.vector (Results$AdiRsqgrd))
u<-order (Results$AdiRsqrd, decreasing=TRUE)
Results{ul1:101,1

# b Try using addX,addY instead of dtosite

dde75b< -

cldatal,c("dde", *addXy, "addy", "age’, Yedu", "'marital”, Yrace", "gender?, "wa
ter?, *smoke2', "SES", "dbins0") }

#c Try using distance buffer instead of distance to site/addX/addy
dde75¢c<-

cldatal,c("dde”, "dbuff2", rage”, tedu", Ymarital?, "race”, "gender®, "water",

"gmoke2", "SES", *dbins0™) ]

#d Try using urban/rural variable instead of other distance to site
variables

dde75d<-
cidatal,c{"dde, "urban®, "age”, Yedu"’, "marital®, "race”, "gender”, "water®,®
smoke2", "SESY, *dbing0¥) ]

# Try doing steps, a, b, ¢ and d with smoke as binary, see if makes a
difference:

# e Make new dataset with only those variables I wish to test together
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dde75e<-
cldatal,c("dde®, "dtosite”, "age”, Yedu", "marital¥®, "race?, "gender", "water”
, "smoke® , “8ESY, *dbing0®) ]

# f Try using addX,add¥Y instead of dtosite

dde75f<-
cldatal,c{("dde®, "addX", "add¥", "age"?, "edu®, "marital®, "race", "gender", 'wa
ter®, Ygmoke®, "8ES", "dbins0") ]

#g Try using distance buffer instead of distance to site/addX/addy

dde75g<-
cldatal,c{*dde", "dbuff2v, Yage”, "edu”, *marital?, *race", *gender", "water”,
"smoke?, *SESY, *dbins0%) ]

#h Try using urban/rural variable instead of other distance to site
variables

dde75h<~
cldata,c{"dde”, *urban", "age”, "edu”, "marital’, "race", "gender",6 "water®,
smoke?, "SESY, "dbins0"} ]

#Now do steps a-h with direction bins rotated by 15 degrees

dde75al5<-
cldatal,c("dde", "dtosite”, "age", "edu’, "marital", "race", "gender", "water"
, "smoke2", "SES", "dbingls5%) ]

#Now do steps a-h with direction bins rotated by 30 degrees

dde75a30<-
cldatal,c{"dde", "dtosite", "age”, "edu”, "marital®, "race", "gender”, "water®
, "smoke2®, "SES", *dbins30") ]

# Now combine all models get results of all of these combinations
ordered according to R2:

talle-
chind({tl,t2,t3,t4,t5,£6,£7,t8,t8a,t9,£10,t11,t12,£13,£14,£15,t16,t17,t1
8,t18a,£19,t20,t21,t22,£23,124,t25,£26,£27,t27a,t28,£29,t30,t31,t32,
£33,t34,t35,836,136a,1£37,€38,139,t40,T041,€42,143,1t44,t45,1t45a,£46,t47,
£48,t49,£580,t51,1£52,t53,£54,1t55,t55a,t56,£57,158,t59,t60,t61,162,t63,
£64,L64a,L65,L66,€67,L68,£69,L70,871,872,873,873a,t74,5101,8102,E103,
£104,£105,t106,8107,1108,£108a,¢109,¢110,¢£111,£112,¢€113,£114,t115,t118,
£117,£1318,t118a,£112,£120,£121,£122,t123,8124,t125,¢126,t127,t127a,
£128,€129,2130,t131,€£132,t133,£134,£135,1136,1£136a,€137,£138,t139,t140,
£143,T142,8143,¢144,1145,8145a,£146,8147,1148,£1498,¢150,t154,1t152,£183,
£154,£155,£155a,¢8156,0157,¢158,£189,t160,t161,t162,8163,8164,t164a,
£165,t166,t167,1168,t169,t170,€171,¢172,¢173,81734a,¢174,£201,t202,€203,
£204,£205,£206,t207,C208,t208a,t209,1£210,¢211,£212,£213,%214,£215,£216,
£217,£218,£218a,£219,1220,€221,8222,t223,£224,t225,€226,£227,t227a,
£228,1229,t230,£231,t232,€233,£234,t235,1236,12262,¢237,4238,1t239,1240,
£241,5242,5243,1244,L245,£245a,£246,0247,5248,1249,¢£250,1251,£252,t253,
254, £255,t255a,1256,£257,€258,£259,8260,£261,£262,8263,1264,t2644a,
£265,1266, £267,L268,£269,8270,£271,£272,€273,£273a,t274)
Results«-data.frame (t{tall))
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names (Results) <-c(*AdiRsqgrd”, "Model")
ResultssAdiRsgrd<-as.numeric{as.vector (ResulcsSAdiRsgrd} ]
u<-order {ResultsSAdjRsgrd, decreasing=TRUE)
Results{uil:40],]

write{t{Resultsiu,]l),file="c:\\shenshaw\\Thesis\\Papers\\Paper3\\dde74.
tXeY, neol=2)

# Best OLS wmodels chosen for each organochlorine:

# use only whites
cldatal<-cldata? [cldata2Srace==1,]

ddereg<-lm{dde ~ dtosite + age + gender2 + water2 + smoke + edu,
cidata3)
summary (ddereg)

HHESHHHF FHH SRR R R R R S B G R R R R R R R S R R R R
# all without spatial

ddenospatial<-im(dde ~ age + gender2 + water2 + smoke + edu
+race*edu, c¢ldata3l)
summary {ddenospatial)

S S H R R R R R R R S S H R R R R R

# Analyzing models
# DDE

plot (variog (ddegeo,max.dist=100000))

title (" variogram for DDE %)

plot (variog4 {ddegeo,max.dist=100000) )
title({'multidirecticnal variogram for DDE ¥)

# logged

plot {variog(ddegeo,max.dist=100000, lambda=0})
title(" variogram for logged DDE ¥)

plot {variog4 {ddegeo, max.dist=100000, lambda=0) )
title ("multidirectiocnal variogram for logged DDE *)

R HH S G S B R S R R R H R S R R R R e

# plot variograms of residuals of models:
# dde

u<-complete.cases {(cldata3d [, c(*dde”, "addX", taddy", "dtosite”,
"age®, "race", "gender2", "water2”, *smoke®, "SES"} 1)
ddereggeo<-as.geodata (cbhbind{cidata3 [u,c("addXy, *addy"} i,
as.vector (dderegSresidualg)))

plot {variog{ddereggeo, max.dist=100000})}

title("V residuals of dde 74 model?)

plot {varicg4 (ddereggeo, max.dist=100000))
title{*Multidirectional V residuals of dde 74 model®)

# check to make sure lined up alright
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ti<-cidatal [u,c(¥addxX", raddyn) ]
t2<-dderegSresiduals
range (as.numeric{labels (1) [{1]]) -as.numeric(labela{t2))}

# dde no spatial

ddencspatialbe-im{dde ~ age + race + gender2 + water2 + smoke +SES +
race*SES, cldata3 {u,])
ddenospatialgeo<-as.gecdata (cbhind(cidatal [u, c("addX", "addy®)],
as.vector (ddenospatialb$residuals)))

plot {(variog{ddenospatialgeo,max.dist=100000))

title("V residuals of dde 74 model w/o spatial®)

plot {variog4 (ddenospatialgeo,max.dist=100000))

title (*Multidirectional V residuals of dde 74 model w/o spatial¥)

HHSHSHESHEEEHEEitting variogram models #HS#SEHEEHSEHSEEESE
# now £it exponential model to residual variograms
# DDE

plot (variog (ddereggeo) )

plot (variog (ddereggeo, max.dist=100000})

lines.variomodel (cov.model="gaussian", cov.pars=

c{150,30000) ,nugget=150,max.dist=100000)

title("Estimating a Variogram model for 74 dde data")
dde.remla<-1ikfit (ddereggeo,ini=c(150,30000) ,nugget=150,cov.model =
"gaussian®, method="reml")

names (dde.remla)

dde.remla1:3]

# look at all variables to see what is going on, also done with race in
a separate analysis, but not shown here since not reported in
Manuscript Two

# outcome variables

hist (cldata3sdde)
hist {cldatal3sdtosite)

# Lock at Covariates using the table and summary commands {(only example
is shown)

table {cldata3$gender2)
summary {cldatalsdtosite)

# check correlations,

cor {cldata3$8ES, cldataifedu, use=¥pairwise.complete.obs")}
cor{cldata3[,39:72], use="pairwise.complete.obs")

# Look at data stratified by all covariats {only gender shown)
table{cldata3sgender2,cldataliswater2)

table (cldata3$gender2,cidata3sSmarital)
table {cldata3$gender2, cidatal3$smoke}
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# make new summary statistics stratifying by gender, {alsc done with
race, urban/rural residence and smoking status, but not shown):

# gender

by{cldata3s$dde, cidata3$gender2, summary, na.rm=T)

by {cidata3sddelip, cidata3d$gender2, summary, na.rm=T)
by (cldata3sfdtosite, cldata3sgender2, summary, na.rm=T)
by {cidata3$SES, cldatal3Sgender2, summary, na.rm=T)
by{cildata3$edu, cldata3Sgender2, summary, na.rm=T)

by {cldata3$age, cldatal3$gender2, summary, na.rm=T)

by {cidata3surban, cldata3$gender2, summary, na.rm=T)
by{cidata3$smoke, cldataljgender2, summary, na.rm=T)
by (cidata3Sgender2, cldatal3$gender2, summary, na.rm=T)
by {cildata3, c¢ldata3$gender2, mean, na.rm=T)

# Now generalized Least square regression was used taking into account
the spatial dependence in the data was fit to each organochlorine
chosen to represent CLUE I analysis.

# Producing GLS regression correction results CLUE 1

HHfHEH S DDE #H###HH G R R R

u<-complete.cases (cldata3[,c{"dde”, "addX", "addy", "dtosite", "age",
"gender2®, "water2", *smoke", "edu”) 1)

tempdde<-cldata3 [u, ]

names (tempdde)
covarsdde<-model .matrix (~dtosite+age+gender2+edu+water2+smoke,
data=tempdde)

covarsdde<-data. frame (covarsdde)

covarsdde<-covarsdde [, -1}

# 5th column is dde, x, y are 3,4

temp2dde<-data.frame (tempdde{,c(3:4,5) ], covarsdde)
t2geodde<-as.geodata (temp2dde, coords.col=1:2,data.col=3,covar.col=4:11)

vg2adde<-variog(t2geodde, max.dist=100000)
plot {vg2adde)

trendldde<-formula (~t2geocdde$covariateSdtogite+t2geoddeScovariateSage+
t2geocdde$covariate$gender2+t2gecddeScovariatesSedu+
t2geoddeScovariatedwater2i+t2geoddesScovariateSwater22+
t2geodde$covariateSwater23+t2geocddescovariatessmoke)
vg2bdde<-variog(t2geodde, max.dist=100000, trend=trendidde)

plot {vg2bdde)

vgzbddes$beta.ols

# check to make sure these match the betas for 1m method

ddelmtemp2<-1lm{dde~dtosite+age+rgender2+edu+water2+smoke, data=tempdde)
ddelmtemp2%coefficients

locslidde<-t2geoddeScoords

# initial parameters were estimated based on the residual variation
found from the OLS regression
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covil<-c{200,30000)
nuggetl<-150
n<-dim{cempdde} [1]

fit2hdde<-1ikfit {t2geodde, cov.model="exp®, ini.cov.pars=covil,
method="reml?, nugget=nuggetl, trend=trendidde)

plot (vg2bdde)
lines.variomodel (£it2bdde)

# beta GLS coef. and GLS std error

glsddea<~-chbind (fit2bddesheta, sgrt (diag(fit2hddesbeta.var)),
Fit2bdde([7]1]/ (sqgrt(diag(fit2bdde[[811))})

glsddea

# get R2 and adjusted R2

dmatdde<-as.matrix{dist (cemp2dde|,1:2]))

Cov<~cov.spatial (dmatdde, cov.model="exp", cov.pars=£it2bdde$cov.pars)
Cov<-Cov/fit2bddescov.parsil] # so Now we have (sigma®2)V as covariance
structure

Cinv<-gsolve (Cov)

X<-as.matrix(cbind {1, temp2dde{,4:11]))

p<-dim(X) [2]

Y<-matrix{temp2dde[, 3] ,ncol=1)

beta.ols<-solve (C(X) $*%X) §+%t (X) $*%Y

var.ols<-diag(solve (£ (X)%*%X))

sse.ols<-t ({¥-X%*%beta.ols) ) %*% (Y-X%*%beta.ols)
mge.ols<-sse.ols/ (n-p)

olag<-cbind{beta.ols, sgrt (mse.ols*var.ols))

sqgrt (mse.ols)

# matches residual standard error from summary(temp2)
summary (temp2dde)

beta.gls<-solve (£ (X) $*%Cinve*$X) $*%L (X) $*3Cinve*%Y
var.gls<-diag{(solve (£ (X) $*%Cinv%+*%X))

sse.gls<-t ((¥-X%*%beta.gls)) $*%Cinvs*% (Y-X%*%beta.gls)
mse.gls<-sse.gls/ (n-p)

gls<-cbind{beta.gls, sgrt(mse.gls*var.gls))

J<-matrix{l,n, 1)

s58to.gls<-t (Y} $+%Cinve*%Y-

280lve (L (J} $*%Cinve*%J) $*3 (L (YY) $*%Cinve*$T5%L (J) ¥ *$CIinve*%Y)
ssr.gls<-ssto.gls-sse.gls

R2.gls<-1-sse.gls/ssto.gls
R2adj.gls<-1-{{n-1)/(n-p})*sse.gls/ssto.gls

e.ols<-¥-X%*%beta.ols
e.gls<-¥-X%*3beta.gls

muhat<-X%*%beta.gls
resids<-Y-muhat

ddegeo2<-as.gecdata {cbind (t2geoddeScoords, resids} )
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plot {variog (ddegec2) )
plot (variog (ddegeo2, max.dist=100000})

¥ Now re-estimate initial parameters from regidual variation in GLS
regressionas {a 2™ iteration).

covic<-c{220,30000})
nuggetl<-180

fit2bdde2<-1ikfit{t2geocdde, cov.model="exp", ini.cov.pars=covl,
method="reml", nugget=nuggetl, trend=trendidde)

glsddeb<-

cbind {fit2bdde2%beta, sgrt {diag(fit2bdde2sbeta.var) ), fit2bdde2 {711/ (sgr
t{diag(fit2bdde2[[811))))

glsddeb

# Get R2 and adjusted R2 for this final model

dmatdde<-as.matrix(dist {temp2ddel,1:21)})

Cov<-cov.gpatial (dmatdde,cov.model="exp", cov.pars=£fit2bdde2Scov.pars}
Cove-Cov/fit2bdde28cov.pars[1] # so Now we have (sigma”2)V as
covariance structure

Cinv<-solve (Cov)

X<-ag.matrix{cbind(1l, temp2dde[,4:111))

p<-dim(X) [2]

Y<-matrix (temp2dde(,3],ncol=1)
beta.ols<-golve (L (X) $*$X) $* %L (X) $*%Y
var.ols<-diag{solve (£t (X) $*%X))

sse.ols<-L {{¥Y-X%*%beta.ols) ) %*% (Y-X%*%beta.ols)
mse.ols<-gse.ols/ (n-p)

ols<-cbhind(beta.ols,sqgrt (mse.ols*var.ols))

sgrt {mse.ols)

# matches residual standard error from summary{temp2)
summary {temp2dde)

beta.gls<-solve (t (X) $*%Cinve*%X) ¥*%t (X) $*%Cinvs* %Y
var.gls<-diag{solve (£ (X) $¥3$Cinve=%X) )

gse.gle<-t ({Y-X%*%beta.gls) ) $*$Cinvs*% (VY-X%*%beta.gls)
mse.gls<-sse.gls/ (n-p)
gls<-cbind{beta.gls,sgrt{mse.gls*var.gls})

Je<-matrix{i,n, 1)

g8to.gls<-t (¥} $*%Cinves*%Y-

golve (C{T) $*3Cinves*%T) $* % (L (¥) $*$Cinve*S I *%L {J) $*%Cinves*5Y)
ssr.gls<-ssto.gls-sse.gls

R2.gls2<-1-gse.gls/ssto.gls
R2adj.gls2<-1-{{n-1)/{n-p) ) *sge.gle/ssto.gls

glsdderesultsl<-cbind(R2.gls,R2adj.gls,R2.gls2,R2ad]j.gls2)}
glsdderesultsl
glsdderesults<-cbind{gisddea, glsddeb!}

# Run simple, univariate (crude) analyses using GLS regression
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fit2bddel<~-likfit{t2geodde, cov.model="exp”, ini.cov.pars=covl,
method="reml", nugget=nuggetl, trend=-~t2geoddeScovariatefdtosite)
glsddel<-c{fit2bddel$beta, sqgrt (diag(fit2bddeli$beta.var) ),
fit2hddelisheta/ (sgrt {diag{fit2bddeisbeta.var) ) )}

fit2bdde2<-likfit{t2geodde, cov.model=Yexp", ini.cov.pars=covi,
method="reml?, nugget=nuggetl, trend=~t2gecddefcovariatebage)
glsdde2<-~-c{fit2bdde2Sbeta, sgrt (diag{fit2bdde2sbeta.var) ),
fit2bddezsbeta/ (sgrt{diag{fit2bddez8beta.var))))

fit2bdde3«-1ikfit{t2gecdde, cov.model=Yexp®, ini.cov.pars=covl,
method="%reml®, nugget=nuggetl, trend=~t2gecddeScovariateSgender?)
gladde3<-c{fit2bdde3s$beta, sgrt{diag{fit2bdde3sbeta.var}),
fit2bddel3sbeta/ (sgrt{diag{fit2bdde3sbeta.var)})})

fit2bddes<-likfit (t2gecdde, cov.model="exp", ini.cov.pars=covl,
method="reml", nugget=nuggetl, trend=~t2gecdde$covariatesSedu)
glseddes5<-c(fit2bddesSbeta, sgrt{diag(fit2bddes$beta.var)),
fit2bddeS5Sbeta/ (sgrt (diag{fit2bddessbeta.var))))

fit2bddes<~1ikfit (t2geodde, cov.model="exp", ini.cov.pars=covl,
method="reml"’, nugget=nuggetl, trend=~t2gecdde$covariates$smoke)
glsddeé<-c{fit2bddeés$beta, sqrt {(diag(fit2bddes$beta.var}},
fit2bddessbeta/ (sqrt{diag(fit2bddessbeta.var))))

fit2bdde7<-1ikfit (t2geodde, cov.model="exp®, ini.cov.pars=covl,
method="reml”, nugget=nuggetl, trend=~t2gecddefcovariateiwater2l)
glsdde7<-c(fit2bdde78beta, sqrt {diag (fit2bdde73beta.var)),
fit2bdde7sbeta/ (sqrt (diag(fit2bdde73beta.var))))

fit2bddes8<-1likfit{t2geodde, cov.model="exp", ini.cov.pars=covl,
method="reml”, nugget=nuggetl, trend=~t2geoddeScovariateSwater22)
glsdde8<-c{fit2bdde8sbeta, sqrt (diag(fit2bdde8sbeta.var)),
fit2bddessbeta/ (sqgrt{diag{fit2bddessbeta.var)}))

fit2bdde9<-1ikfit (t2gecdde, cov.model="exp", ini.cov.pars=covl,
method="reml", nugget=nuggetl, trend=~t2geoddelcovariateswater23)
glsddeg<-c{fit2bdde?%beta, sqrt{diag(fit2bdde9sbeta.var)),
fit2bddessbeta/ (sgrt (diag(fit2bddedsbeta.var)}))

gimresultsdde<-rbind{glsddel,glsedde2,glsddel, gladdes,glsdde6,gladde?,
glsddes,glsddes)

write.table(simresultsdde, file="c:\\shenshaw\\Thesis\\Papers\\Paperi\ig

le\\simdde.csv", sep=", ", ccl.names=T, row.names=F)
write.table{glsdderesults, file="c:\\shenshaw\\Thesig\\Papers\\Paper3\\g
1s\\glsdde.cev’,sep=", ", col .names=T, row.names=F)
write.table (glsdderesultsl, file="c:\\shenshaw\\Thesis\\Papers\\Paper3\\
gls\\glsddel.csv¥, sep=",",col.names=T, row.nameg=F}
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CLUE II (1989) Analysis

Like CLUE I (1974), only the analysis of one compound, DDE levels in plasma,
are shown here. All other organochlorines both lipid adjusted and unadjusted were also
analyzed in the same manner.

### Reading in all of the data ###
# Organochlorine Data

# Clue 2: 198%
oc2<-read.cev{"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\
Changed_Variable Names\\Merged Data\\wcc2ocdNa.csv", header=T, sep=",")

# Clue 2: prostate cancer lipid data
prlipc2<-read.csav ("c:\\shenshaw\\Thesis\\CLUE\\CLUE_ Data\\ExtraVars\\
prlipc2.csv”, header=T, sep=",")

# Address Data:

# clue 2: 1989
addr2<-read.csv{"c:\\shenshaw\\Thesis\\GI8\\Geocode\\clue2\\
clue2shpNAwoxy.dup.csv™, header=T, sep=", ")

# Extra Variable data

# Breast Cancer Studies 1995
belz-read.csv("c:\\shenshaw\\Thesis\\CLUEN\CLUE_Data\\Extravars\\
besvarsliNA.csv?, header=T, sep=",")
bc2<-read.csv({"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtravVars\\
besvars2NA.csv", header=T, sep=", ")
be3<~read.csv("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars\\

besvars3NA.csv”, header=T, sep=",")
becs<-read.csv("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtravVars\\
besvars4NA.csv”, header=T, sep=", ¥)

# CLUE Studies

# Clue 2: 19289

clue2<-read.csv{"c:\\shenshaw\\Thesis\\CLUE\\CLUE Data\\ExtraVars\\
c2varsiNA.csv", header=T, sep=",")

# CLUE Follow up studies 1926
fol96<-read.csv ("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars\\
c2med96NA.csv®, header=T, sep=", ")

# Clue 2 Round 2 Study 1998
rnd2<-read.csv {"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars\\
c2rnd2NA. csv®, header=T, sep=", )

# 2000
folo00<-read.csv("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\Extravars\\
c2med00NA.csv®, header=T, gsep=", ")

# Diet Study: 1589

diet<-read.csv("c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars\\
c2diet89NA.csv™, header=T, sep=", ")
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fruit<-read.csv{"c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars\\
fruitNA.csv", header=T, sep=", "}

# Additional variables asked for from several studies
mixed<-read.csv{*c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data\\ExtraVars\\
mixedNa, cav®, header=T, sep=", ")

### CLUE II only ###

clue2ID<-0oc28clue2
cluelID<-oc2$cluel

# DDE
table{is.na(oc2$pdde.ml2))
table{is.na{oc2%pdde.1p2}))

cox {oc2$pdde.ml2,0c280ddt . ml2, use=‘pairwise.complete.ocbs")
cor{oc2spdde.ml2,0c2$pddt.ml2, use="palrwise.complete.obs")
cor {oc28pdde.ml2,0c28pddd.ml2, use="pairwise.complete.obs”)
cor {oc28pdde . 1p2,0c250ddt . 1p2, use="pairwise.complete.cbs")
cor (oc28pdde. 1p2,0c2$pddt.1p2, use=*pairwise.complete.ocbs")
cor (oc2Spdde. 1p2,0c25pddd. 1p2, use="pairwise.complete.obs")

# Make total lipids variables using cholesterol and triglycerides for
Philips et al short equation..equation 2 then make it a factor to
multiply unadjusted values by to get ng/g units

tt<-match{oc2$cluez,prlipc2sclue2)

choles<-prlipc2gcholes [tt]
oc2<-data.frame (0c2, cheolesx=choles)

n<-length{occ2$tlix)

tlp2<-rep (NA, n)

oc2<-data. frame (oc2, tlp2=tlp2)
oc2$tlp2loc2sstudy==1] <-oc2spdde. 1p2 [oc28study==1]/
oc28pdde.ml2 [oc28study==1]

oc28tlp2 [oc28study==2]<-1/(2.27*0c2%cholesx [oc28$study==2] +
oc2striglycxioc2sstudy==2]+0.623) *100000

oc2stlp2 [oc28study==3]<-1/(2.27%0cc28cholstrx[oc2Sstudy==3]+
oc2btriglycx{oc28study==3]1+0.623) *100000

tip2<-0c28tlip2

# Get a total lipids variable for breast cancer study since cholesterocl
and triglyceride data were nct available for 1989 breast cancer data.

oc28pdde. 1p2 {oc2$study==1] /foc2$pdde.ml2 [oc28study==1]
n<-length{oc28pis53.ml2)

c2bclip2<-rep (NA, n)
oc2<-data.frame {oc2, c2bclip2=c2bclip2)

oc28c2belip2 [oc28study==1]<-

oc28p170.1p2 {oc2$study==1] /oc2$pl70.m12 [oc2sSstudy==1]
oc28c2belip2 [oc2$study==2]<-NA

oc28c2belip2 {oc2$study==3]<-Na

oc2spdde. 1p2<-oc2$pdde . ml2%cc25t1p2
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# Find zeros in all data

zeropdde<-length{oc28pdde.ml2 [oc25pdde.mi2==0&!is.na{oc25pdde.mi2) 1)
/length{oc2$pdde.ml2[iis.na(occ28pdde.ml2}]) *100

# DDT compounds

# DDE

# To f£ind out where the zeros are:

u<-¢{1:797) {oc2$pdde . m12==0]

# To find out what study the zeros are found in
oczu,5]

# Make them the LOD/sqgrt(2)
oc28pdde.ml2 [oc2$pdde . m12==0]<-0.61/sqrt (2}

# get zeros out of lipid adjusted for study 1 (BC) as well
#cannot change lipids to zero for DDE because that is where got factor
from, why had to make bclip2 as a backup

oc2$pdde. 1p2 [oc2$pdde . 1p2==0] <-

oc2s$pdde.ml2 [oc2Spdde. 1p2==0] *oc2$c2bclip2 [oc2$pdde. 1p2==0]
c2dde<-oc25pdde.ml2

c2ddelip<-oc2$pdde.1p2

4## %x1,2,3..<-all covariates ###

t10<-match{oc2$clue?, addr2$CLUE. 2)
tl2<-match{oc2sclue2, f0l968$CLUE2)
ti13<-match{oc28clue2, fol00SCLUEZ)
tlé<-match{oc2sciue?, clue28CLUE2)
£15<-match(oc2s5clue2, dietSCLUER)
tl6<-match{oc28clue2, rnd2SCLUEZ)
t17<-match(oc2Sclue2, cldatasclue2id)
t18<-match{oc2$clue2,beclsClue)
ti9<-match(oc2$clue2,bec25Clue)
t20<-match{oc28clue2, bed SCLUER)
t2l<-match({oc28clue2, mixedsCluel)
t22<-match{oc28clue2, £ExruitSCLUEZ)

### Continucus Variables..#i##

# Centroid of site in MD state plane coords 83 ft

sitex<-110877¢6

sitey <-725732

residence: zip and x and y location in MD state plane coordinates
c2zip<-addrZ$ARC. ZONE [£10]

c2add¥X<-addr2$MDE3EfL . X [£10]

cZadd¥<-addr2SMDB83EL .Y [E£10]

# Distance from residence location to site measured in feet
c2dtosite<- (sgrt{{c2addX-sitex) "2+ {c2add¥-sitey)"2)) /5280

# Age in years
c2age<-clue2SAge[tid]
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¥ Body Mass Index
C2BMI<-clue2$BMI [£14]

# Number of vears of school completed
c2edu<-clue2$Ed{t14]

# Months of breastfeeding
c2brfeed<-bclSBreastfdtis]

# Total vears applied insecticides on pets
c2pestpets<-be28petyrs [£19] ,

# Total years applied insecticides on farm animals
c2pestfarm<-be28farmyrsitis]

# Total years applied insecticides outside house
c2pestout<-be2Soutyrs [£19]

# Total years applied insecticides inside house
c2pestin<-bc28inyrs [t19]

# Total years applied pesticides
c2pestpest<-bc28pestyrs [t19]

### Binary Variables...###

# race (W=white,B=black)
c2race<-clue2$Race [t14]

# Gender {M=male,F=female)
c2gender<-clue28Sex[t14]

# Exposed to pesticides,insecticides,herbicides, fungicides,or fumigants
on the job

# {(0=no,l=ves)

c2oce<~-be2Spesteid [t19]

# current smoker (l=yes,2=n0) at time of blood draw
c2smoke<-clue28NCigiti4]

# Are you a vegetarian now {avoid meat) (0=no,l=vyes)
c2meat<-bc4sVegnow [£20]

# Avoid eggs (0=no, l=yes)
c2eggs2<-bcdSNoeggs [£20]

# Avoid dairy products (0=no, l=yes)
c2dairy2<-bc4sNodairy it20]

### Categorical variables...###

¥ Marital status: l=never married,2=married now, 3=0ther, 9=not stated
c2marital<-clue2sMsicisg]

#New egg variable from 89 diet study, how cften did subject
# how often did subject eat eggs in last year
# 1=never,2=1-3/month, 3=1/week, 4=2-4/week, 5=5-6/week, 6=1/day
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# 7=2-3/day,8=4-5/day, 9=6+/day
c2eggs<-mixed$Egguse [£21]

# Same thing for fruit use in past vear

#New egg variable from 892 diet study, how often did subject
# how often did subject eat eggs in last vear

# l=never,2=1-3/month,3=1/week,4=2-4/week,5=5-6/week, 6=1/day
# 7=2-3/day,8=4-5/day, 9=6+/day

c2fruit<-fruitsSfruitt22]

# Water source at curvent residence (O=municipal, i=household well
dug, 2=well drilled

# 3=bottled, 4=cistern, 5=spring, 6é=cother)
c2water<-be28waterl [(£19]

# broiled/baked fish use in the last vear
¥ (l=never,2=1-4/year,3=5-11/year,4=1-3/month, 5=1/week, 6=2-4/week,
# 7=almost everyday)

bakedfish<-dietSOfISHUSE[t15]

friedfish<-diet$Ffishuse[t15]
#c2fish<-dietSOfISHUSE [t15] +diet$Ffishuse [£15]

cor (Aiet$CEISHUSE,diet$Ffishuse, use="pairwise.complete.cbs")

# Recode to make additions of these variables make sense

# 1 variable = (l=never,2=1-4/year,3=5-11/year,4=12-36/year, 5=52/year,
# 6=104-208/vear, 7=365/year

# Then take midpoints of these servings to get the average
serving/category

# 1 variable = (1=0 never,2=2.5/year,3=8/year,4=24/year,5=52/year,

# 6=156/year, 7=365/year

# Need to rename the variables to be these avg. servings/yr

bakedl<-bakedfish

bakedl [bakedfish==1]<-0
bakedl [bakedfish==2]<-2.5
bakedl [bakedfish==3]<-8
bakedl [bakedfigh==4]}<-24
bakedil (bakedfigh==5]}<-52
bakedl [bakedfigh==6]<-156
bakedl [bakedfish==7]<-365

friedli«-friedfish

friedl (friedfish==11<-0
friedl{friedfish==2]<-2.5
friedl[friedfish==3]<-8
friedl{friedfish==4]<-24
friedl[friedfish==5]<-52
friedlifriedfish==6}<-156
friedl{friedfigh==7}<-365

figshl<-bakedl+friedl
fish2<-fishl
fish2 {fishl==2.5}<-1
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fish2[figshl==5}«<-2
fish2 [fishi==8]<-3
fish2 {fishl==10.58}<-4
fish2 [fishl==16]1<-5
fish2 [fighl==24]<-6
£figh2[fishl==26.581«-7
fish2[fishl==32]1<-8
fish2{fishl==48]<-9
figh2{fishli==521<-10
fish2[fishl==54.5]<-11
fish2{fishl==60]<-12
figh2[{fishl==761<-13
fish2[fishl==104]1<-14
figh2[fishl==156]<-15
fish2[fishl==158.5]<-16
fish2[fishl==164]<-17
figh2 [fishl==180]<-18
fish2[fishl==208]1<-1%
figh2[fishl==312]<-20
fish2 [fishl==365]<-21
fish2 [{fishl==367.5]<-22
fish2[fishl==389]<-23
fish2[fishl==730]<«<-24

# new coding for fish2 variable=how often eat fried/baked/broiled fish
in last year
# O=never,1=2-3/year,2=5/yr,3=8/yr,4=10-11/yr,5=16/yr,6=2/month,

# new coding for c2fish variable=how often eat fried/baked/broiled fisgh
in last year

# O=never,l=less than once a month,2= 1-2/month,3=1-2/week,4=3-4/week,
# 5=5-7/week, 6=more than once a day

c2fish<-fish2

c2fish{fish2==1 - 4]<-1
c2fish[fish2==5 -~ 9]<-2
c2figh{fish2==10 -14]1<-3
c2fish{fish2==15 -19]<-4
c2fishifish2==20-21]1<-5
c2fishifish2==22-24]<-6

#New dairy variable from 8% diet study, coded as:

# how often did subject eat these dairy products in last vyear
# l=never,2=1-3/month,3=1/week, 4=2-4/week, 5=5-6/week, 6=1/day
# 7=2-3/day,8=4-5/day, 9=6+/day

Cheese<-mixedSCheeseuse[t21]
Whole<-mixedSWMilkuse [t21]
percent<-mixed$Milk2use[t21]
Skim<-mixedSsSkimuse [£21]

#First need to recocde these to make midpoint cof serving #
# 1=0/month,2=2/month, 3=4/month,4=12/month, 5=22/month, 6=30/month
#7=75/month, 8=135/month, 9=180/month

cheegel«-Cheege
cheegel [Cheese==1]<-0
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cheesgel [Cheese==2]<-2

cheesel [Cheese==3]<-4

cheegel [{Cheeges==4]<-12
cheegel (Cheese==5]<-22
cheesel [Cheege==6]<-30
cheegel [Cheese==7]<~75
cheegel [Cheege==8]<-135
cheesel [Cheese==9%]<-180C

wholel<-Whole

wholel [Whole==1]<-0
wholel [Whole==2]<-2
wholel [Whole==2]<-4
wholel [Whole==4]<-12
wholel [Whole==5]<-22
wholel [Whole==6]}<-30
wholel [Whole==7}<-75
wholel [Whole==8]<-135
whelel [Whole==9]<-180

percentl«-percent
percentl {percent==1]1<-0
percentl [percent==2]<-2
percentl [percent==3]<-4
percentl [percent==4]<-12
percentl [percent==5]<-22
percentl [percent==6]<-30
percentl [percent==7]<-75
percentl {percent==8]<-135
percentlpercent==%]<-180

skiml<-Skim

skiml [Skim==1}<-0
skiml [Skim==2]1<-2
gkiml [Skim==31<-4
skiml [Skim==4]<-12
skiml [Skim==5] <-22
skiml [Skim==6]<-30
skiml [Skim==71<-75
skiml [Skim==8]<-135
skiml [Skim==9]<-180

dairyl<-cheesel+wholel+percentl+skiml

# Recode variables to new categories

# Number of servings over past year

# O=never,l=lees than 1/week,2= 1-2/week,3=3-4/week, 4=5-6/week,
# 5=everyday,6=1-2/day,7=3-4/day, 8=5 or more times a day

c2dairy<-dairyl
c2dairy[dairyl==2-11}<-1
c2dairyldairyl==12-22]<-3
c2dairy[dairyl==23-27]<-4
c2dairy(dairyi==28-321<-5
c2dairyidairyl==33-78]<-6
c2dairy[dairyl==79-142]<-7
c2dairyv{dairyi==143-210]<-8
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#New vegetable variable from 895 diet study, coded as:

# how often did subject eat these veggies in last year

# l=never,2=1-3/month,3=1/week,4=2-4/week,5=5-6/week, 6=1/day
# 7=2-3/day,8=4-5/day, 9=6+/day

salad<-dietSsalusetl15]
carrots<-diet$CARUSE[t15]
spinach<-diet$SPINUSE [£15]
vams<-diet$YAMUSE [£15]
potatoes<-diet$POTUSE [£15]
greens<-diet$GREENUSE [t15]
othervegs<-dietSOVEGUSE [£15]
brocoli<-diet$BROCUSE [t15]
cabbage<-diet$CARUSE [t15]

#First need to recode these to make midpoint of serving #
# 1=0/month,2=2/month, 3=4/month,4=12/month, 5=22/month, 6=30/month
#7=75/month, 8=135/month, 9=180/month

saladi«-salad
saladi{salad==1]<-0
saladlisalad==2]<-2
saladllsalad==3}<-4
saladlisalad==4]<-12
saladl(salad==5]<-22
saladl[salad==61<~30
saladl[salad==7]<-75
saladl[salad==8]<-135
saladlsalad==91<-3180

carrotgl<-carrots
carrotsl[carrots==11<-0
carrotsl[carrots==2]<-2
carrotsl [carrots==3]<-4
carrotslcarrots==4]<-12
carrotsl{carrots==5}<-22
carrotslcarrots==8]<-30
carrotslcarrots==7]<-75
carrotslcarrots==8]<-135
carrotslicarrots==9}<-180

vamsl<-yams

yamsl [yamg==1]<-0
vamsl [yams==2]<-2
yamsgl [yams==3] <-4
vamsl [yams==4]<-12
vamgl [yamg==5]<-22
vamsl [yvams==6]<-30
yvamsl [yams==7]<-75
vamsl [yams==8]<-135
vamsl [yamg==9]<-180

greengl<-greens
greensgl [greens==11<-0

greensl [greens==2}<-2
greensl [greens==31<-4
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greensl [greens==41<-12
greensl [greens==5]<-22
greensl [greens==§]<-30
greensl [greens==7]<-75
greensl [greens==8}<-135
greensl [greens==8]<-180

cabbagel«-cabbage
cabbagel [cabbage==1]}<-0
cabbagel [cabbage==2]<-2
cabbagel [cabbage==3]<-4
cabbagel [{cabbage==4]<-12
cabbagel [cabbage==5]<-22
cabbagel [cabbage==6]<-30
cabbagel [cabbage==7]<-75
cabbagel [cabbage==8]<-135
cabbagel [cabbage==9]<-180

spinachl<-spinach

gpinachl {spinach==1]<-0
spinachl [spinach==2]<-2
spinachl {spinach==3]<-4
spinachl [spinach==4]<-12
gpinachl {spinach==5]<-22

gpinachl [spinach==6]<-30
spinachl [spinach==7]<-75
spinachl [spinach==8]<-135

spinachl [spinach==39]<-180

potatoesl<-potatoes
potatoesl [potatoes==11<-0
potatoesl [potatoes==2]1<-2
potatoesl [potatoes==3]<-4
potatoesl [potatoes==41<-12
potatoesl [potatoes==5]<-22
potatoesl [potatoes==6]<-30
potatoesl [potatoes==7]<-75
potatoesl [potatoes==8]<-135
potatoesl [potatoes==9]<-180

brocolil<-brocoli
brocolilibrocoli==1}<-0
brocolillbrocoli==2]<-2
brocolillbrocoli==3]1<-4
brocolilfbrocoli==4]<-12
brocolilibrocoli==5]<-22
brocolil{brocoli==6]<-30
brocolil[brocoli==7]1<-75
brocolili{brocoli==8]<-135
breocolilbrocoli==2}<-180

othervegsl<-othervegs
othervegsl [othervegs==1]<-0
othervegsl [octhervegs==2]<-2
othervegsl [othervege==31<-4
othervegsl [othervegs==4]<-12
othervegsl [othervegs==51<-22
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othervegsl [octhervegs==6]<-30
othervegsl [othervege==7]<-75
othervegsl [othervegs==8]<-135
othervegsl [othervegs==9}<-180

Veggiei<—salad1+greens1+brocoli1+carrots1+yamsl+potatoesl+othervegsl+
spinachi+cabbagel

# Recode variables to new categories

# Number of gervings over past vear

# O=never,l=less than 1/week,2= 1-2/week,3=3-4/week, 4=5-6/week,
# s=everyday,6=1-2/day,7=3-4/day, 8=5 or more times a day

c2veggie<-veggiel

¢2veggie [veggiels=2-5]<-1
c2veggie[veggiel==6-111<«<-2
c2veggie[veggiel==12-22]1<-3
c2veggie [veggiel==23-27]1<-4
c2veggie{veggiel==28-32]<-5
c2veggie [veggiel==33-78]<-6
c2veggie[veggiel==79-142]1<-7
c2veggie[veggiel==143-210]<-8

# to determine how many drinks/week currently when blood taken

# (l=never,2=1-3/month,3=1/week, 4=2-4/week,5=5-6/week, 6=1/day, 7=2-
3/day.

# 8=4-5/day,9=6+per day
#c2alcoohol«-dietsbheeruse [t15] +dietSwiNEBEcuse [t15] +dietSLIQURUSE [t15]

beer<-dietSbeeruse [t15]
wine<-dietSwINEcuse [t15]
1iquor< ~-diet$LIQURUSE[t15]

#First need to recode these to make midpoint of serving #
# 1=0/month,2=2/month, 3=4/month, 4=12/month, 5=22/month, 6=30/month
#7=75/month, 8=135/month, 9=180/month

beerl«-beer

beerl [beer==1]}<-0
beerl [beer==2]<-2
beeri|beer==3]<-4
beerl [beer==4]<-12
beerl [beer==5]<-22
beerl [beer==6]<-30
beerl [beer==71<-75
beeri [beer==8]<-135
beerl [beer==9]<-180

winel<-wine

winel [wine==1]<«-90
winel [wine==2]<-2
winel [wine==3]<-4
winel [wine==4]<-12
winel [{wine==5]<-22
winel {wine==6]<«-30
winel {wine==7]1<-75
winel [wine==8}<-135
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winel [wine==5]<-180

liquorli<-liguor
liguorl{ligquor==1}<-0
ligquorl{ligquor==2}<-2
liguorl{ligquor==3]<-4
liquoriiliquor==4]<-12
liguorl{liguor==5]<-22
liguori{liguor==6}<-30
liguorl[liquor==7}<~75
liguorl {liguor==8}<-135
ligquorl{ligquor==8]<-180

alcoholl<-beerl+winel+liquorl

# Recode variables to new categories

# Number of servings over past year

# O=never,l=less than 1/week,2= 1-2/week,3=3-4/week, 4=5-6/week,
# B=everyday,6=1-2/day,7=3-4/day, 8=5 or more times a day

c2alcohol<-alecoholl

c2alcohol [alcoholl==2-5]<-1
c2alcohol {alcoholli==6-111<-2
c2alcohol {alcoholl==12-221<-3
c2alcohol [alcocholl==23-271<-4
cZalcochel [alcoholl==28-32]1<-5
c2alcohol [alcoholl==33-78]<-86
c2alcohol [alcoholl==79-142]<-7
c2alcohol [alcoholl==143-210]1<-8

# look at missing data using talbe(is.na{ function (only shown for one)
table (is.na(c2dtosite))

#Check to make sure what these data look like, and make sure they are
continuocus, binary, or categorical (one one shown):

stem(c2dtosite)

# make data frame including all covariates and outcome variables
c2data<-data.frame {clue2ID, cluellD, c2addX, c2add¥, c2dde,c2ddelip,
c2tpcbspeak, c2tpcbspeaklip,c22tpcbspeak, c22tpchspeaklip, c2achlordane,
c2achlordanelip, c2gchlordane, c2gchlordanelip, c2oxychlor, c2oxychlorlip,
c2tnonachlor, c2tnonachlorlip, c2heptachlor, c2heptachlorlip, c2heptepox,
c2heptepoxlip, c2HCB, c2HCBlip, c2mirex, c2mirexlip, c2aldrin, c2aldrinlip,
C2bHCH, c2bECH1ip, c2gHCH, c2gHCHlip, c2zip, c2water, c2egys2, c2dairy2,
cZveggle, tlp2,c2fruit,c2ddt, c2ddelip, c2ddd, c2dddlip, c2dtosite, c2age,
c2edu, c2marital, c2BMI, c2race, c2gender, c2eggs, c2meat, c2dairy,c2fish,
c2occ, c2alechol, c2smoke, c2brfeed, c2pestpets, c2pestfarm, c2pestout,
c2pestin, c2pestpest)

names (c2data)

dim{c2data)

# Need to make these categorical
c2datadc2fish<-as.factor{(c2datasc2fish)
c2datadc2water<-as. factor {(c2datasc2water)
c2data$cleggs<-as.factor (c2data$cleggs)
c2datasc2dairy<-as. factor{c2datadczdairy)

233

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



c2datadc2alcecohol«-as. factor{c2datagsc2alcohnol)
c2datas$c2veggie<-as.factor{c2datasSc2veggie}
c2datasc2fruit<-as.factor{c2datasSc2fruit)
c2dataSc2marital<-as.factor(c2dataSc2marital)

# Check to make sure data matched up alright

cz2datalc{113,356,512),!
oc2{c({15,349,678}),]

# Now make some additional variables for possible analysis
# First is a few dtosite buffer variables

# make buffer in 5 mile radius from site
# (1=<5mi,2=5-10mi,3=10-15mi,4=15-20mi,5=20-25mi, 6=25-30mi, 7=>30mi)
x<~-c2data$c2dtosite*5280
v<-c2dataSc2dtosite*5280

x [y<=26400}<-1

x[y>26400&y<=52800]<-2
x[y>52800&y<=79200]<-3
x[y>79200&y<=105600] <-4
x[y>105600&y<=132000}<~5
*[y>132000&y<=158400]<-6

x[y>1584001<-7
c2data<-data.frame (c2data, c2dbuff2=x)

# and Make rural vs. urban variable
# get point of city origin
HagX<-1109576.10384
HagV¥<-720505.2764°9

# Make continuous variable as distance to city {c2dtocity) in miles

c2dtocity<- (sgrt { (c2data$c2addX-HagX) “2+ (c2datafc2addyY-Hagy) *2)) /5280
c2data<-data.frame {c2data, c2dtocity=c2dtocity)

#Make Urban ve. Rural variable where rural is anything greater than
800C ft (1.5miles) from

# center of city

x<~c2data$c2dtocity

v<-c2data$cdtocity

X{y<=1.5}<-1

x{y»>1.5}<-2

c2data<-data.frame (c2data, c2Zurban=x)
stem{c2datasc2dbuff2)
stem{c2datac2dtocity)
stem(c2datasSc2urban)

sitetocity<- (sqrt{{c2datadsitex-HagX) *2+ (c2datassity-Hag¥) "2} ) /5280

# Make a direction variable to see if direction around site makes a
difference, and rotate every 15 degrees using DirBins2 defined as:

DirBins2<-function{data, rot=0) {
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dsite<-datas$c2dtosite*5280

x<-datafc2addX

y<-datafcaddy

dx<-xX-sitex

dy<-y-sitey

n<-length (x)

gquad<-numeric(n}

quad [dx>08&dy>0]<-1

guad [dx>0&dy<0]<-2

guad [dx<0&dy<0]<-3

quad [x<0&3Gy>0]<-4

angle<-rep (NA,n)

angle [guad==1] <-asin(abs (dx [quad==1])/dsite [quad==11)
angle [quad==2]<-90%pi/180 + asgin{abs (dylgquad==2])/dsite quad==2])
angle [quad==3]<-pi + asin{abs (dx[guad==3])/daite[quad==3])
angle [quad==4]<-270%pi/180 + asin(abs (dylguad==4])/dsite[quad==4])
angle<-angle*180/pi

angle<-angle+rot

bin<-rep(NA,n)

bin{angle>0 & angle <= 45]<-1

bin{angle>45 & angle <= 90]<-2

bin{angle>90 & angle <= 135]<-3

binlangle>135 & angle <= 180]<-4
binf{angle>180 & angle <= 225]}<-5
binlangle>225 & angle <= 270l<-6
binfangle>270 & angle <= 315]<-7
bin[angle>315 & angle <= 360]<-8

return{bin)

}

c2dbins0<-DirBins2 {c2data)

c2data<-data.frame (c2data, c2dbinsl=c2dbins0)

cor {c2datasc2dde {c2datadc2dbinsl==1], c2dataSc2dtogite [c2datasc2dbinsgl==
1] ,use="pairwise.complete.ocbs")

for(i in 1:8)

print (cor {c2datasc2dde [c2datadc2dbinglf==1],c2datasc2dtosite [c2datasc2db
ing0==1],use="pairwise.complete.obs"))

c2dbins15<-DirBins2 (c2data, rot=15)

c2data<-data.frame {c2data,c2dbinsl5=c2dbingls)

for{(i in 1:8)

print (cor (c2datasc2dde [c2datasSc2dbinsgl5==1], c2datasc2dtosite [c2datasc2d
bingl5==1],use="pairwise.complete.obg"})

c2dbins30<-DirBins2 (c2data, rot=30)
c2data<-data.frame (c2data, c2dbins30=c2dbins30)

for{i in 1:8)

print{cor{c2datasc2dde [c2datasc2dbing30==1], c2datadc2dtosite [c2datasc2d
bins30==i] ,use=pairwise.complete.obs"))

# Make those that need to be categorical, categorical
c2datasc2dbuffz<-as.factor{c2datasc2dbuff2)
c2datasc2dbinsl<-ag. factor{(c2datasc2dbins0)
c2datasc2dbinsls<-ag. factor{c2datasc2dbingls)
c2datasSc2dbinsg30<-as.factor{c2datasc2dbing30)

# Now there are 2 people in clue 2 that participated in 2 studies.
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# same person, same blood, same location
# I will average theilr outcome levels.

#1

c{1:797) [c2data$clue2ID=="B-4761"]
c2datafc2datadclue2ID=="8B-4761",]
c2datasScluelIDi283] «<-"5047a"
c2datasciuelin[284] <-"5047b"
c2datalc {283,284} ,]

c2datascluelIDc2datadcluelID=="5047b"]<-"5047"

u<-c2datadcz2dde [283]

ve-c2datasc2dde [284]

czdata$c2dde [c2datadcluelID=="5047"] <-mean{c{u,v))
u<-c2data$ciddelip{283]

v<-c2datadc2ddelip284]
c2datasc2ddelipic2datadcluellD=="5047"] <-meani{c{u,v})

a<-c(1:797) [c2datasScluellD=="5047a"]
c2data<-c2datal-a,]
c2data lc2dataSclue2ID=="B-4761", ]

#2

c(1:796) [c2datasSclue2ID=="B-6568"]
c2datafc2datasclue2ID=="R-6568", ]
c2datadcluelID[315]<-"a"
c2datasScluelID[316] <-"b"
c2datal315:316,]

u<-c2datasc2dde [315]

ve-¢c2datasc2dde [316]

czdatasc2dde [c2datadcluelID=="b"¥l<-mean{c{yu,v))
c2datasSc2ddelipic2datascluelID=="b"] <~

mean (c{(u,v)) *c2data$tlip2 [c2datascluelID==%5"]

u<-c2data$c22tpcbspeak[315]
ve<-c2datadSc22tpchspeak [316]
c2datasc22tpcbspeakic2data$cluelID=="b*] <-mean{c{u,v))
c2dataSc22tpcbspeaklip [c2datasScluelID=="b"] <~
mean{c{u,v})}*c2datastlip2ic2datadcluelID==g"]

ve-c2datadc2achlordane {316]
c2datag$c2achlordaneliplc2data$cluelID=="b"] <-
v#c2datastcip2 [c2datascluelID=="a"]

ve-c2datadc2gchlordane [316]
c2dataSc2gchlordanelipic2datasciuelID=="h"} <~
v*c2datastlp2 [c2datasclueliD=="a"%]

ve-c2datasc2oxychlor[316]
c2datalc2oxychlorlip(c2datasciuelID=="b"] <~
v¥*c2data$tlip? [c2datadcluelID=="a"]
ve-c2data$c2tnonachlor [316]

c2datas$c2tnonachlorlipic2datascluelID=="b"] <~
v*c2datastlp2 [c2datasScluelID==%a"]
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ve-c2dataSc2HBCR{316]
c2data$c2HCBlipic2datasdclueliD=="b"] <~
v¥c2datadtip2 [c2datadcluelID=="a%]

v<~-c2data$c2heptachlor[316]
c2datas$czheptachloriipic2data$clueliD=="b"] <~
v*c2datastlip2 [c2datadcliuelID=="a"}

v<-c2dataschepepox [316]
c2datadczhepepoxiip{c2datasScluelID=="b"] <~
v*c2datasStlip2 ic2data$cluelID=="a"]

v<-c2datasc2mirex {316}
c2datadczmirexlip{c2data$ciuelID=="b"]} <~
v*c2datastlp2 [c2datasScluelID=="a"]

ve<-c2datafc2aldrin{316]
c2datas$c2aldrinlipic2datascluelID=="pb"] <-
v*c2datasStlip2 [c2datascluelID=="a"]

v<-c2datadc2dieldrinil3is]
c2datas$c2dieldrinlipic2datasclueliD=="b"]«-
v*c2datastip2 [c2datascluelID==%a"]

ve-c2datadclendrin{316]
c2data$c2endrinlip{c2data$cluelID=="b"] <~
v*c2datastlp2 [c2datasclueliD=="a"]

ve~-c2dataSc2bHCH[316]
c2datas$c2bHCHElip [c2datascluelID=="b"] <~
v*c2datastlp2 [c2datasciuelID=="a"]

v<~c2data$c2gHCH[316]
c2datas$c2gHCHlip [c2data$cluelID=="b"] <~
v*c2datastlp2 [c2datasScluelID=="a"]

ve-c2data8c2ddt [3161
c2datasc2ddtlip{c2datascluelID=="b"] <~
v*c2datastip2 [c2datagcluelID=="a"]

v<-c2datasc2ddd {316]
czdatasc2dddlipc2datascluelID=="%b"] <~
v*o2datastlip2 [c2datascluelID=="a"]

c2datal315:316,]
dim(c2data}

c2datadcluelinic2datascluelID=="b"] <-"<NA>"
be-c(1:796) [c2datascluelID=="a"]

c2data<-c2data-b,]

c2data{c2datadclue2ID=="B-6568"Y, ]

# Take out variables that aren't in the WC zip codes

u<-~-c(1:795) [c2datas$c2zip==21736|c2datadc2zip==17225]
c2data$clzip==22993|c2datadcizip==21741]
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c2data<-c2datai-u, ]

# Take out 3 pcints where geocoded location is not inside washington
County

dim{c2data)

v<-c{1:790) [c2datafclue2ID=="1-1838%|c2datadclue2ID=="A-

11887 |c2data$clue2ID=="M-3432"]

c2data<-c2datal-v, ]

# Descriptive statistics on outcome variables

Me2dde<-mean.default {c2datasc2dde, na.rm=T}
Nc2dde<-length{c2datas$c2dde[lis.na(c2datasc2dde} ]}
sDc2dde<-sgrt {(var (c2datasc2dde,na. rm=T} ) /sgrt {Nc2dde)
ClLc2dde<-Mc2dde~-1.96*SDc2dde
CIUc2dde<~-Mc2dde+1.96*SDc2dde

Mc2dde

Nc2dde

SDc2dde

CILc2dde

CiUc2dde

summary {c2datadc2dde)

# First, clean up data (NAs in coordinates or outcome variable)
# And make them into geodata objects for Variogram analyses for OC data

# making dataframe

c2geodata<-data.frame {c2addX=c2datasc2add¥, c2add¥=c2data$c2addy, c2dde=
c2datasc2dde, c2ddelip=c2data$c2ddelip, c22tpcbhspeak=c2datafc22tpcbspeak,
c22cpcbspeaklip=c2data$c22tpcbspeaklip, clue2iD=c2data$clue2ID,
c2achlordane=c2data$c2achlordane, c2achlordanelip=
c2data$c2achlordanelip, c2gchlordane=c2datagc2gchlordane, c2gchlordanelip
=c2datasc2gchlordanelip, c2exychlor=c2datas$c2oxychlor, c2oxychlorlips=
c2datasc2oxychlorlip, c2tnonachlor=c2data$c2tnonachlor, c2tnonachlorlip=
c2datasc2tnonachlorlip, c2heptachlor=c2datas$c2heptachlor,c2heptachlorlip
=c2data$c2heptachlorlip, c2heptepox=c2data$c2heptepox, c2heptepoxlip=
c2data$c2heptepoxlip, c2HCB=c2data$c2HCB, c2HCBlip=c2data$c2HCBlip, c2mire
x=¢2datafc2mirex, c2mirexlip=c2data$c2mirexlip, c2aldrin=c2datas$c2aldrin,
c2aldrinlip=c2data$c2aldrinlip, c2bHCH=c2data$c2bHCH, c2bHCHlip=
c2data$c2bHCHlip, c2gHCH=c2data$c2gHCH, c2gHCHl ip=c2datalc2gHCHlip, c2ddt=
c2datasc2ddt, c2ddtlip=c2datadc2ddtlip, c2ddd=c2datasdc2ddd, c2dddlip=
c2datalc2dddlip)

# Taking cut wmissing data for DDE

dim{c2geodata)

ul<-c{1:787) [is.na (c2gecdatalc2dde) ]

u2<-c¢(1:787) [c2gecdatasc2dde«<=0]

uld<-c{1:787) [is.na(c2gecdatas$c2addX) |is.na (c2gecdatasc2addy) ]
u<-c{ul,uz,u3)

u<-unigue {u)

# Make gecdata objects without the missing data

c2ddegeox<-~as.geodata (c2geodatal-u, ] ,data.col=3,covar.col=7)
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# Write these into text files to bring them into GIS: R->text->excel-
>dbf->GIS8

write.table (c2geodatal-u,l,file="¢c:\\shenshaw\\Thesis\\CLUE\\CLUE_Data
\\Changed_ Variable Names\\Merged_Data\\c2ddegeocdata.csv",sep=",",col.na
mes=T, row.namesg=F)

## Exaustive Regression Search for only DDE H####4$#4$48S#848083E48E
library (*combinat?)

# Only one search for one compound is shown here tc save space, but
this was done for all organochlorines, both lipid adjusted and
unadijusted '

Purthermore, only one full loop is shown, and a description of the
additional loops run for all compounds are described at the end of the

loop.
$4HDDER##H

# Make new dataset with only those variables I wish to test together

c2dde8Sa<-c2datal,c("c2dde”, "c2dtosite?, "c2age", "c2edu’, Yc2marital"®,
vc2race®, "c2veggie®, "c2fruit”, *c2gender®, "c2BMIY, “c2smoke", "c2fish",
ve2dairy®, "c2eggs®, "c2alcohol®, "c2dbins0") ]

# Have to run this code each time and change data name

RunReg<-function(vars, resp="c2dde®) {
xnam<-names (c2ddeB9%a) [vars]
fmla<-as.formula(paste{resp,” ~ ", paste(xnam,collapse=" + "}})
fit<~-1m{fmla,data=c2ddeRoa)
resgrd<-round {100*summary (£it) $adj.r.squared, 2)
fmla<-as.character (fmla)
fmla<-paste{fmlai2] ,paste (" ¥, fmlafil,"* ¥,sep=""),fmlal3],sep="")
return(c (rsgrd, as.character{fmla)})

}

# This has 16 possible variables and one response listed in the first
column. Below you'll need t1 through tN, where N is the number of
possible variables

models<-combn({2:16,1)
tl<-apply (models, 2, RunRkeg)

models<~combn(2:16,2)
t2«<-apply (models, 2, RunReqg)

medels<-combn{(2:16,3)
t3<-apply (models, 2, RunReq)

models<-combn{2:16,4)
t4<-apply (models, 2, Runkeqg)

models<-combn{2:16,5)
t5<-apply (models, 2, RunReg)
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models<-combn({2:16,86)
té6<-apply (models, 2, RunReqg)

modelg<-combni{2:16,7)
t7<-apply {models, 2, RunReg)

models<-combn{2:16, 8}
t8<-apply(models, 2,RunReg)

models<-combn(2:16, 9)
t9<-apply (models, 2, RunReg)

models<-combn (2:16,10)
t10<-apply {models, 2, RunReqg)

medels<-combn{2:16,11)
til<-apply (models, 2, RunReg)

models<-combn(2:16,12)
tlla<-apply{models, 2, RunReg)

models<-combn(2:16,13)
tlib<-apply(models, 2, RunReg)

models<-combn(2:16,14)
tllc<-apply (models, 2,RunReqg)

models<-matrix{combn{2:16,15) ,ncol=1}
tl2<-apply (models, 2, RunReg)

tall<-cbind{(tl,t2,t3,t4,t5,t6,£7,t8,£9,t10,t11,t1la,tllb,tlilic,tli2)
Results<-data.frame (t (tall))

names (Results) <-c{("adjRsqgrd”, "Model")
Results$AdjRsgrd<-as.nuneric{as.vector (Resultse$AdiRsgrd) )

u<-order (Results$AdjRsqrd, decreasing=TRUE)

Resultsfuli:101,]

# b Try using addX,addY instead of dtosite
c2dde89b<-c2datal,c(*c2dde", vc2addX", "c2addy", "c2age®, "cZedu”,
"c2marital®, "c2race’, "o2veggie®, "o2frult?, "c2gendexr®, "c2BMIY, Yc2smoke”,
ve2figh", Yc2dairy", "c2eggs®,¥c2alcchol¥, "c2dbins0®) ]

#¢ Try using distance buffer instead of distance to site/addx/addy
c2ddeBgc<-c2datal,c{"c2dde", "c2dbuff2”, "c2age®, "c2edu, "c2marital”,
"c2race®, "c2veggle”, "c2frulit?, "c2gender®, "c2BMI®, "c2smoke™, "¢2figh",

vec2dalry”, "cZeggse®, "c2alcohol?, "c2dbins0") ]

#d Try using urban/rural variable instead of other distance to site
variables

c2ddes8gd<-c2datal,c{"c2dde”, "c2urban®, fc2age”, *c2edu”, *c2marital®,
vc2race”, "c2veggie”, "c2fruit”, "c2gender”, "C2BMI", "c2smoke®, "c2fishY, "c2
dairy?¥, "c2eggs®,"c2alcohol¥, "c2dbins0”)]
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# Now do steps a-d after rotating direction bin 15 degrees

c2dde88als<~c2datal,c(¥c2dde”, "c2dtogite”, Yc2age”, "c2edu”, "c2marital®,
"o2race®, to2veggie”, "c2fruit®, "c2gendert, "c2BMIY, "c2smoke”, ¥cz2fish”,
1e2dairy®, "o2eggs®, "c2alcohol?, "c2dbinsgist) ]

% Now do steps a-d after votating direction bin 30 degrees

c2ddes?a30<-¢c2datal,c{"c2dde", "c2dtosite”, "c2age", "c2edu®, “c2marital?,
"c2race®, "c2veggiel, "c2fruit?, Yc2gender?, "c2BMI¥, "c2smoke®, "c2fish”,
"cdairy’, "c2eggs’, "*c2alcchol?, *c2dbins30W) ]

# Now get the results of all of these combinations and order according
to R2:

tall<-cbhbind{tl1,£2,£3,£4,£5,:6,£7,£8,£9,t10,¢11,¢tlla,tllb,tllc,t12,t14,
t15,t16,t17,¢818,€19,£20,£21,£22,t23,£24,¢£25,t25a,t25b,£25¢,£26,£28,t29,
£30,£31,t32,£33,1t34,t35,t36,£37,£38,t38a,t38b,t38c,E39,041,E42,t43,t44,
t45,£46,147,£48,£49,t50,t51,t51a,£51a,t51b,t51¢c,t52,£101,£102,£103,t104
,£105,t106,£107,£108,£109,£110,8111,t311a,t111b,t112¢,£112,£114,£115,
£116,£117,£118,1£119,t120,£121,t122,t123,t124,£125,t125a,£125b,£125¢,
£126,t128,£129,£130,t131,£122,¢£133,£134,£135,1136,1137,€138,t138a,
£138b,t138c,t139,£141,£142,£143,€144,t145,t146,t147,£148,t149,t150,
£151,t151a,t151b,t151¢c,t152,£201,£202,t203,£204,t205,£206,8207,t208,
£209,t210,t211,t211a,t211b,£211c,t212,t214,1t215,t216,t217,£218,t219,
£220,t221,€222,£223,t224,t225,t228a,t225b,t225¢,£226,€228,£229,t230,
£231,€232,1233,1£234,t235,t236,t237,t238,£238a,t238b,t238¢C,£239,t241,
£242,t243,£244,€245,£246,1247,1£248,1249,£250,¢251,t251a,t251b, t251¢,
£252)

Resultg<-data.frame (£ {tall})

names (Results) <-c ("AdjRsqgrd®, "Model")
ResultsSAdjRsgrd<-as.numeric(as.vector (ResultsSAdiRsqgrd) )

u<-order {(Results$AdjRsgrd, decreasing=TRUE)

Results{ull:401,]

write(t (Resultsiu,]),file="c:\\shenshaw\\Thesis\\Papers\\Paper3\\ddes9.
txt",ncol=2)

# Now models are Chosen:

# use whites only, although all analysis was alsc performed with entire
population as well. Whites only are reported in Manuscript Two

c2datal3<-c2data[c2datascl2race2==1, ]

# try receding dairy, veggie, and alcohol to only 3 categories

# Recode variables to new categories

# 01d category: Number of servings over past vear

# O=never,l=less than 1/week,2= 1-2/week,3=3-4/week,4=5-6/week,

# S=everyday,6=1-2/day,7=3-4/day, 8=5 or more times a day

# New category:

¥ O=never, l=seldom {less than once a week), 2=occasionally{less than
once a day),

# 3=often {(everyday or more)

n<-~-length{c2data3sczdairy)
c2dairy2<-rep({NA,n)
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c2datal3<-data.frame{c2datal,c2dairy2=c2dairy2)

c2datal3s$c2dairy?2 {c2data3fc2dairy==0]<-0

c2datal3fc2dairy2 [c2data3sc2dairy==1]<-1

c2data3sc2dairy2 [c2data3$c2dairy==2|c2datal3$c2dairy==3|c2data3dsc2dairy=
=41<-2

czdatal3bc2dairy?2 [c2data3sc2dairy==5|c2dataldcrdairy==6|c2data3fc2dairy=
=7|c2data3§c2dairy==8]<-3

¢2dairy2<-c2data3sc2dairy?

table{c2datal3sc2dairy2)

# do the same with veggies and alcohol

n<-length{c2data3$c2veggie;

c2veggieZ2<-rep (NA, n)

c2data3<-data.frame (c2data3ld, c2veggie2=c2veggie2)

c2datalisc2veggie2 [c2dataldsc2veggie==0]<-0

c2data3sc2veggie2 [c2datal3$c2veggie==11<-1

c2data3$c2veggie2 [c2data3d$c2veggie==2|c2data3$c2veggie==3|c2data3$c2veg
gie==4]<-2

c2data3$c2veggie2 [c2data3$c2veggie==5|c2data3$c2veggie==6|c2data3sc2veg
gie==7|c2data3sc2veggie==8]<-3

c2veggieZ<-c2data3$c2veggie2

table (c2data3$c2veggiel)

n<-length{c2data3sc2alcohol)

c2alcchol2<-rep (NA,n)

c2datald«-data.frame (c2data3,c2alcohol2=c2alcohol2)

c2datal3sc2alcohol2 [c2datal3sc2alcohol==0]<-0

c2datal3sc2alechel2 [c2data3sc2alcohol==1]<-1

c2data3$c2alcohol2 [c2data3$c2aleohol==2|c2data3$c2alcohol==3|c2data3$c2
alcohol==4]<-2

c2data3$c2aleohel2 [c2data3$czaleohol==5]c2data3sc2alocohol==6|c2data3sc2
alcohol==7]|c2data3sc2alcohol==8]<-3

c2alcohol2<~-c2data3sc2alechol2

table (c2data3sSc2alcohol2)

n<-length (c2data3$c2race)

c2race2<-rep (NA,n)
c2datald<-data.frame {c2data3, c2race2=c2race2)
c2datalsc2race2 [c2data3scl2race=="B"}<-2
c2datal3dc2raceZ [c2datalsSc2race=="W"]<-1

c2race2<-c2datal3scirace2
table (c2datal$c2racel)

c2datal3$c2dairy2<-as.factor{c2dataidsc2dairy?)
c2data3sc2veggieZ«-as. factor {c2dataisc2veggie2)
c2data3sc2alcchol2«-as.factor{c2datal3sclalecchol2)

# Models chosen

c2ddereg<-lm{c2dde ~ c2age + c2edu + c2veggie2 + c¢Zgender + Cc2BMI +
c2smoke + c2dairy2,cz2data3)

summary (c2ddereg)

# Analyzing models
# already made geodata objects and some analysis from Rc2
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plot {(variog(c2ddegeo, max.dist=100000) )

title(® variogram for DDE 88%)

plot (variog4 {c2ddegeo, max.digt=100000))
title{*multidirectional variogram for DDE 89"}

# logged

plot (varicg{c2ddegec, max.dist=100000, lambda=0))
title(* variogram for logged DDE 89")

plot (variog4 {c2ddegeo, max.dist=100000, lambda=0))
citle{"multidirectional variogram for logged DDE B89%)

# fit variograms to residuals of models

u<-complete.cases (c2datal3 [, c("c2dde", "c2age”, "c2edu®, "c2race2?”,
“c2gender”, "c2veggiel2®, Yc2smoke®, Pe2BMIY, "c2dairy2¥) 1)
c2ddereggec<-as.geodata (cbind (c2data3 {u, c (¥c2addX", *c2addy") ],
as.vector (c2ddereg$residuals)))

plot{variog(c2ddereggeo, max.dist=100000)}

title("V regiduals of dde 85 model")

plot {variog4 (c2ddereggeo, max.dist=100000))
title("Multidirectional V residuals of dde 89 model®)

# check to make sure lined up alright

til<-c2data3 [u,c("c2addX", "c2addy" )]
t2<-c2dderegiresiduals

range {as.numeric(labels(tl) [{1]]) -as.numeric(labels(t2)))

# plot residuals of models
plot (c2ddereg$residuals)
title("dde 89 residuals")

# make tables and summaries of categorical variables to see what is
# going on (do this for all covariates, although only gender is shown)

summary (c2datal$c2dtosite)

table (c2data3$c2gender, c2data3$c2gender)
table (c2data3$c2gender,c2dataidsciwater)
table {c2data3$c2gender,c2datalisSc2marital}
table (c2data3$c2gender, c2data3sc2fish)
table {c2data3sc2gender, c2data3$cleggs)
table (c2data3$c2gender,c2zdata3$c2dairy2;}
table {c2datal3l$c2gender,c2datal3fc2veqggie?)
table(c2data3sc2gender,c2datal3sc2fruit)
table {(c2datal3$c2gender, c2datal3$c2alcohol2)
table (c2data3s$c2gender, c2datalisc2smoke)

cor{c2data3[,34:73], use="pairwise.complete.obs")

Now GLS regression is completed to take into account spatial dependence
in the data. Two iterations are completed to assure best f£it model.

# Producing GLS regression correction results CLUE 2

RS DDE SR4AHH 4G R RE e R A AR
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u<-complete. cases {c2data3 [, c({"c2dde®, "c2addX", "c2add¥", "c2age’,
"e2edut, "e2veggle2®, fc2gender®, FCe2BMIVY, "c2smoke"”, "c2dairy2m)])
c2tempdde<-c2data3iu,]

names {c2Ztempdde)

c2covarsdde<-model .matrix{~c2age+c2edutrc2veggle2+c2gender+
c2BMI+c2smoke+c2dairy2, data=c2tempdde)
c2covarsdde<-data. frame (c2covarsdde)
c2covarsdde<-c2covarsdde, -11

# 5th column is dde, x, y are 3,4

c2temp2ddex<-data.frame {c2tempdde{,c(3:4,5) ], c2covarsdde)
c2t2gecdde<-ag.geodata (c2temp2dde, coords.col=1:2,data.col=3,
covar.col=4:12)

c2vgadde<-variog (c2t2gecdde, max.digt=100000)
plot {c2vg2adde)

c2trendidde<-formula {~c2t2gecddeScovariate$c2age+
c2t2geoddescovariates$c2edu+c2t2gecddesScovariate$c2veggie23+
c2t2geodde$covariate$c2genderM+c2t2geodde$covariateSc2BMI+
c2t2geoddescovariate$c2smoke+c2t2geodde$covariatesc2dairy2is
c2t2geoddes$covariates$c2dairy22+c2t2geoddefcovariates$c2dairy23)

c2vgbdde<-variog(c2t2gecodde, max.dist=100000, trend=c2trendlidde)
plot (c2vg2bdde)
c2vg2bdde$beta.ols

# check to make sure these match the betas for 1lm method

ddelmc2temp2<-1im{c2dde~clage+c2edu+c2veggiez+c2gender+c2BMI+c2smoke+
c2dairy2,data=c2tempdde)
ddelmc2temp2$coefficients

c2locslddec<-c2t2geoddescords
# Estimate parameters from residual variation in OLS model

covlc-c{14,30000)
n<-dim{c2tempdde) {1]
nuggetl<-28

fic2t2bdde<-1ikfit{c2t2gecdde, cov.model="exp", inil.cov.parg=covi,
method="reml" nugget=nuggetl, trend=c2trendldde)

plot {c2vg2bdde)

lines.variomodel {fic2t2bdde)

# beta GLS coef. and GLS std errox

c2glsddea<-cbhind (fic2t2bddesbeta, sgrt{diag(fic2t2bddesbeta.var)},
fic2t2bdde[[7]1]/ (sgrt(diag(fic2t2bdde{81]1))})

c2glsddea

# get R2 and adjusted R2
dmatc2dde<-as.matrix{dist (c2temp2dde|,1:2])}

Covs<-
cov.spatial {(dmatc2dde, cov.model="exp", cov.pars=£fic2t2bddes$cov.pars)
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Cov<-Cov/fic2ta2bddescov.pars 1] # so Now we have (sigma”™2)}V as
covariance structure

Cinv<-solve {Cov)
¥<-as.matrix{chind(1,c2temp2dde,4:12]})
p<-dim{X) [2]

Y<-matrix (c2temp2dde,3],ncol=1)
beta.ols<-golve (o {X) $*%X) $#*%e {X) %7 %Y
var.ols<-diag{solve {t (X)%*%X))

sse.ols<-t {{¥Y-X%*%beta.ols) ) $*%{¥Y-X%*%beta.ols)
mse.ols<-sse.ols/ (n-p)
ols<-cbhind({beta.ols,sgrt(mse.ols*var.ols))

aqgrt (mse.clsg)

# matches residual standard errvor from summary(temp2)
summary (c2temp2dde)

beta.gls<-so0lve (L {X) $*$Cinve*$X) ¥*%L (X) $*5Cinvs*sY
var.gls<-diag(solve{t (X)%*%Cinve*3X))

sse.gls<-t {(Y-X%*%beta.gls) ) $*%Cinve*% (Y-X%*%beta.gls)
mse.gls<-sse.gls/ (n-p)

gls<-cbind(beta.gls,sqgrt (mse.gls*var.gls})

J<-matrix{(l,n,1)

g8sto.gls<-t{Y)%*3Cinve*%Y-

s0lve (£ {J) $*%Cinvs*%T) $*% (£ (Y) $*3CinvE*8T%*%L (J) $*%Cinve*¥Y)
ssr.gls<-ssto.gls-sse.gls

R2.gls<-1-sse.gls/ssto.gls

R2adj.gls<-1-({n-1)/(n-p)) *sse.gls/ssto.gls

e.ols<-¥Y-X%*%beta.ols
e.gls<-¥-X%*%beta.gls

muhat<-X%*%beta.gls
resids<-¥Y-muhat

c2ddegeo2<-as.geodata (cbind {c2t2geodde$coords, resids) )

plot (variog{c2ddegeo2))
plot (variog{c2ddegeo2, max.dist=100000))

# re-estimate initial parameters using residual variation of GLS model
(2™ iteration)

covle-c{180,30000)
nuggetl<-80

fic2t2bddel2<-1ikfit {c2t2geodde, cov.model=Yexp’, ini.cov.pars=covl,
method=*reml", nugget=nuggetl, trend=c2trendldde)

c2glsddebz-cbhind (fic2t2bddezsheta, sqrt (diag(fic2t2bdde2s$beta.var) ),
fic2t2bdde2{[711/ (sgrt(diag{fic2e2bdde2({8]1))))

c2glsddeb

dmatc2dde<-as.matrix (dist (c2temp2dde,1:2]))

Cov<-
cov.spatial {(dmatc2dde, cov.model=Yexp", cov.pars=£fic2t2bdde2$cov.pars)
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Cov<-Cov/fic2t2bdde2scov.pars{l] # sc Now we have (sigma®2)V as
covariance structure

Cinve-golve {(Cov)
X<-as.matrix{cbhbind (i, c2temp2dde(,4:121))
p<-dim({X) [2]

Ye-matrix{c2temp2ddel, 3], ,ncol=1)
beta.cls<-golve (L (X} $*%X) $+%L (X} %*%Y
var.ols<-diag{sclve{t (X)%*%X))

gse.ols<-t{ (¥Y-X%*3beta.cls) ) $*% (¥Y-X%*3beta.olr)
mse.cls<-g8e.ols/ (n-p)

cle<-cbind (beta.ols,sqrt (mse.ols*var.ols})

sgrt {mse.ols)

# matches residual standard error from summary (tempz)
summary {c2temp2dde)

beta.gls<-solve (C{X) $*$CIinvs*%X) $¥3L (X) $*%Cinve*sY
var.gla<-diag{solve (£ (X) $*$Cinve*%X) )

gse.gle<-t ({Y-X%*%beta.gls) ) $*%Cinve*% (Y-X¥*%beta.gls)
mge.gls<-sse.gls/ (n-p)
gle<-cbind(beta.gls, sgrt (mse.gls*var.gls})

Je-matrix{l,n, 1)

ssto.gle<-t (¥Y) $*$Cinve*3yY-

gsolve{(t (J) %*%CinvE*%J) 2 *% (L (V) $*3Cinve*$T%*$L (J) $%%Cinve*5Y)
ssr.gls<-ssto.gls-sse.gls

R2.gls2<-1-sse.gls/ssto.gls

R2adi.gls2<-1-{{n-1)/(n-p)) *sse.gls/sstoc.gls

c2glsdderesultsli<-cbind{(R2.gls, R2adj.gls, R2.gls2, R2adj.gls2)
c2glsdderesultsl

c2glsdderesults<-cbind{c2glsddea, c2glsddeb)

c2glsdderesults

# simple (crude) univariate GLS regressions

fic2t2bdde2<-1ikfit (c2t2geodde, cov.model="exp", ini.cov.pars=covl,
method="reml” , nugget=nuggetl, trend=~c2t2geoddesccvariate§c2age)
c2glsdde2<-c(fic2t2bdde2sbeta, sgrt (diag{fic2t2bdde2$beta.vax)),
fic2t2bdde2$beta/ (sgrt(diag(fic2t2bdde2ébeta.var))})

fic2t2bddeld<-1ikfit {(c2t2geocdde, cov.model="exp”, ini.cov.pars=covi,
method="reml", nugget=nuggetl, trend=~c2t2gecdde$covariateSc2genderM)
c2glsdded<-c{fic2t2bdde38beta, sgrt {(diag(fic2t2bdde3sbeta.var) ),
ficz2t2bdde3sbeta/ (sgrt{diag{fic2t2bddeldsbeta.var))}}

fic2t2bddeS<-1likfit{c2t2gecdde, cov.model="exp”, ini.cov.pars=covl,
method="reml", nugget=nuggetl, trend=~c2t2geodde$covariatescedu)
c2glsddes<-c{fic2t2bddess$beta, sgqrt {diag(fic2t2bddesS$heta.var)),
fic2t2bddessbeta/ (sgrt{diag{fic2t2bddessbeta.var))))

fic2t2bddeb<-1ikfit (c2t2geodde, cov.model="exp®, ini.cov.pars=covi,
method="reml®, nugget=nuggetl, trend=~c2t2geocddeScovariatefc2smoke)

c2glsddes<-c{fic2t2bddessbeta, sgrt (diag(fic2t2bddeésbeta.var) ),
fic2t2bddessbeta/ (sgrt(diag{fic2t2bddeéSheta.var)) )}
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fic2t2bdde7<-11kfit (c2t2geodde, cov.model="exp®, ini.cov.parss=scovi,
method=%reml?, nugget=nuggetl, trend=~c2t2gecdde$covariate$c2dairy2i)
c2glsdde7<-c{fic2t2bdde78beta, sgrt(diag(fic2t2bdde7Sbeta.vaxr}),
fic2t2bdde78beta/ {sgrt {diag{fic2t2bdde7Sbeta.var)} )}

fic2t2bdde8<-1ikfit (c2t2gendde, cov.model="exp®, ini.cov.pars=covi,
method="reml?, nugget=nuggetl, trend=~c2t2geoddeScovariate$c2dairy22)
c2glsdde8<-c{fic2t2bdde8sbeta, sgri (diag{fic2t2bddessbeta.var)),
fic2t2bddessbeta/ {sgrt{diag(fic2t2bdde8sbeta.var) )} )}

fic2t2bdded<-1ikfit (c2t2geodde, cov.model=%exp", ini.cov.pars=covil,
method="reml”, nugget=nuggetl, trend=~c2t2gecdde$covariatefc2dairy23)
c2glsddes«-c{fic2t2bddedSbeta, sqrt (diag(fic2t2bdde®Sbeta.var) ),
fic2t2bddegsbeta/ (sgrit{diag(fic2t2bddessbheta.var) )}

fic2e2bddel0<-1ikfit(c2t2geodde, cov.model="exp", ini.cov.pars=covl,
method="reml¥, nugget=nuggetl, trend=~c2t2geodde$covariateSc2veggie23)
c2glsddelO<-c(fic2t2bddelOsbeta, sgrt (diag(fic2t2bddelOsbeta.var)},
fic2t2bddelos$beta/ (ggrt{diag(fic2t2bddel08beta.var))))

fic2t2bddellic<-1ikfit (c2t2geodde, cov.model="exp”, ini.cov.pars=covil,
method=*reml?, nugget=nuggetl, trend=~c2t2gecdde$covariate$c2BMI)
c2glseddeli<-c{fic2t2bddellsbeta, sgrt (diag{fic2t2bddell$beta.var)},
fic2t2bddellisbeta/ {sqrt{diag(fic2t2bddelisbeta.var)}))

simresultsc2dde<-rbind(c2glsdde2, c2glsddel, c2glsdde5, c2glsddes,
c2glsdde7, c2glsddeB, c2glasdde?9, c2glsddell, c2glsddell)

write.table (simresultsc2dde, file="c:\\shenshaw\\Thesis\\Papers\\Paper3\
\gls\\simc2dde.csv", sep=", *,col.names=T, row.names=F)

write.table (c2glsdderesults, file="c:\\shenshaw\\Thesis\\Papers\\Paper3\

\gls\\c2glsdde.cav",sep=",",col.names=T, row. names=F}
write.table{c2glsdderesultsl, file="c:\\shenshaw\\Thesis\\Papers\\Paper3
\gls\\c2glsddel.csv’,sep=", ", col.names=T, row.names=F)
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Selected Statistical Code for Manuscript Three

Although complete analysis was performed on both sources of geocoding
positional bias as well as the overall bias taking both these sources into account, only the
code to analyze the overall bias is shown here,

# Reading in Data from text files

# Urban Offset
urbhan<-
read.csv{"c:\\shenshaw\\Thesis\\Offset\\urbanNA.csv®, header=T, 8ep=", "}

# Rural Offset
rural<-
read.csv{"c:\\shenshaw\\Thesis\\Offset\\ruralNA.csv", header=T, sep=", ")

# Both urban and rural Offset
both<-
read.csv{"c:\\shenshaw\\Thesis\\Cffset\\bothNA.csv", header=T, sep=", "}

# take out points where GPSed wrong

urban$GPSXMDEt [urban$0ffsetID==3 |urban$OffsetID==18 |urban$OffsetID==42]
<-NA
urban$GPSYMth{urbansoffsetID==3|urban$0ffsetID==18!urban$offsetID==42]
<-NA

both$GPSXMDEt [both$0ffsetID==3 |bothS0ffsetID==18 |both50ffsetID==42] <-NA
both$GPSYMDEL [both$OffsetID==3 |both$0OffsetID==18 |both$0ffsetID==42]<-NA

ugpsX<-urban$GPSXMDEL
ugps¥<-urban$GPSYMDEL
ugeoX«-urbaniGecXMDFft
ugeoY<-urban$GeoYMDEL

rgpsX<-ruralSCPSXMDEtL
rgps¥<-ruralSGPSYMDEL
rgecX<-ruralsGecXMDEL
rgeo¥<-rural§Gec¥YMDEL

bgpsX<-both$CPSEMDEL
bygps¥<-bothSGPSYMDEL
bgeoX<-bothSGeoXMDEL
bgecY<-both$GeoYMDEL

boffsetid<-bothS$0ffsetID
uoffsetid<-urbans0ffsetID
roffsetid<-ruralsOffsetID

# change distance from meters to fest
udist<-urbanSOFFSET. .M. *3.28084

rdist<-ruralSOFFSET*3,28084
bdist<-boths0ffset*3,28084
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# first get distance between geccoded x,y, and gps'd X,y

uoffset<- {sgrt { (ugpsX-ugeoX) “2+ (ugpsY-ugeoY) "2})
roffset<- (sqrt { (rgpsX-rgeoX) “2+ {rgps¥-rgeo¥) *2))
boffset<- (sgrt { (bgpsX-bgeoX) “2+ (bgps¥-bgeo¥) "2))

# take oulb points where arcview geccoded in wrong area altogether

roffget [roffset>50000] <-NA
boffset [boffset>50000]<-NA

# now calculate the new offset taking into account the laser distance
and offset

unewoff<- {sqgrt (udist”2+uoffset™2))
rnewoff<- (sgrt {rdist™2+roffset™2))
bnewoff<- (ggrt (bdist"2+boffset™2))

# do student t tests of the data to see if there ig a difference in the
mean b/t urban and rural

t.test {udist,rdist)
t.test (uoffset, roffset)
t.test {(unewoff, rnewoff)

# look at the data using the hist function and summary statistics {only
one example shown)

hist {(bnewcff)

Mbnewoff<-median (bnewoff,na.rm=T)
Nbnewoff<-length(bnewoff|!is.na(bnewocff)])
SDbnewoff<-sqrt (var (bnewoff,na.rm=T) ) /sqgrt (Nbnewoff)
CIlbnewoff<-Mbnewoff-1.96*SDbnewoff
CIUbnewoff<-Mbnewoff+1.96*3SDbnewoff

Mbnewof £

Nbnewoff

Shbnewoff

ClLbnewoff

CIUbnewoff

summary {bnewoff)}

bnewoffover<-length (bnewoff[!is.na (bnewoff) tbnewoff>3281)
bnewoffover

# now do variogram analysis, first make gecdata objects with the data
{only one example shown)

library ("geoR")

boffgetdata<-

data. frame (bgeoX=bgeoX, bgeo¥=bgeo¥, bgpsX=bgpsX, bgps¥=bgpsa¥,
bdist=bdist,boffset=boffset,bnewoff=bnewoff,boffeetid=boffsetid)

bnewoffgeo<-ag.geodata(boffsetdata,data.col=7,covar.col=8)

# look at variograms (only one example shown)
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plot (variog (bnewoffgeo,max.dist=150000))

title (" wvariogram for bnewoff ")

plot{variog4 (bnewoffgeo,max.disc=150000))
title{("multidirectional varicgram for bnewoff u)

e EEHHEEE fit variograms to models {(one example H4#FHEFHEHFHAFHAFEE

plot (variog{bnewoffgeo)}

plot (variog{bnewoffgeo,max.dist=100000, lambda=0)}
lines.variomodel (cov.model="exp", cov.pars=

c{.7,10000) ,nugget=1.6,max.dist=100000)
title{"Estimating a Variogram model for bnewoff data®)
bnewoff.remla<-1ikfit (bnewoffgeo, ini=c(.7,10000),
nugget=1.6,cov.model="exp", lambda=0,method="reml")
lines.variomodel (bnewoff.remla)

nameg {bnewoff.remla)

bnewoff.remlal1:3]

# conditional simulation with the new offset data {whites only)

locs.study<-ddegeo$coords

s.out<-output.control (n.predictive=1000)
bnewoffcsl<-krige.conv (bnewoffgeo, loc=locs.study, krige=krige.control
{obj .model=bnewoff.remla, lambda=0} , cutput=s.ocut)
bnewoffcs<-bnewoffcesl$simulations

#Conditional simulation results intc models from Manuscript Two to test
sensitivity. Only DDE is shown, but all models from Manuscript Two were
included in the loop.

# need to take already made geodata cbjects, and replace x, ys, and
distance to sites with new estimated residential locations

u<-complete.cases (cldata3d [,c{"dde”, "addX", "addy") 1)
newcldata<-cidatas {u,]

ni<-length(newcldata$addx)

newx<-rep (NA,nl)

newy<-rep(NA,nl)

newdtogite<-rep (NA,nl)

newcldata<-

data.frame {newcldata, newx=newx, newy=newy, newdtosite=newdtosite)

sitex<-1108776
sitey<-725732

betas2<-numeric(0)
gtder2«<-numeric{0)
tstat2<-numeric {0}
regrds2<-numeric(0)
adirsgrdes2<-numeric {0}

for (i in 1:1000){
r<-bnewoffcsl, il
angle<-runif (nl,min=0,max=2%pi}
radius<- ¥
dx<-cos {(angle) *radius
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Gy<-sin{angle)*radius

newcldatalSnewn<-newcldatasadd®+dx

newcldatalnewy<-newcldata$addy+dy

newcldata$newdtosite<-sgrt { {(newcidata$newx-sitex) "2+
(newcldataSnewy-sitey) *2) /5280

u<-complete.cases (newcldatal,c("ddey, "newx™, "newy", "newdtosite”,
Yage®, "gender2”, "water2®, "smoke”, "edu”)})
tdde<-newcldataiu, ]

covdde<-model .matrix (~newdtosite+age+gender2+edu+water2+smoke,
data=tdde)

covdde<-data. frame (covdde)

covdde<-covdde [, -1}

t2dde<-data.frame(tdde,c(3:4,5) ], covdde)
newgeodde<-as.geodata{t2dde, coords.ceol=1:2,data.col=3, covar.col=4:11)

newtrenddde<-formula (~newgeodde$covariate$newdtosite+newgeoddes
covariatefage+newgeoddeScovariatesSgender2+newgecodde$covariateSedu
+newgeoddeScovariate$water2l+newgeoddeScovariate§water22+newgeodde$
covariate$Swater23+newgecdde$covariate$smoke)

locsdde<-newgeoddeScoords

n<-dim{tdde) [1]
covi<-c{(220,30000)
nuggetli<-180

newfitdde<-1ikfit (newgeodde, cov.model="exp", ini.cov.pars=covl,
method="reml?®, K nugget=nuggetl, trend=newtrenddde)

newdmatdde<-as.matrix(dist (c2dde[,1:2]1))
Cov<-cov.spatial (newdmatdde, cov.model="exp", cov.parss=
newfitdde$cov.pars)+diag (newfitdde$nugget, n)
Cove-Cov/fic2t2btpcbspeaklip2$cov.pars (1]

Cinv<-golve (Cov)

X<-ag.matrix{cbind(1,t2dde{,4:11]))

p<-dim(X) [2]

Y<-matrix(t2dde(, 3] ,ncol=1)

beta.gls<-solve (£ (X)$*3$Cinves*%X) $*%L (X) $*%Cinvi*sY
var.gls<-diag(solve (£ (X} $*%Cinv%*%X) )

sse.gls<-t ({Y-X%*%beta.gls) ) $*%(Y-X%*%beta.glse)
mse.gls<-sse.gls/ (n-p)

gls<-cbind(beta.gls,sgrt (mse.gls*var.gls))

sstoc-t{Y)$*%V-{1/n) *t (V) $*$matrix{1l,n,n) $*%Y
ddeR2.gls<-1l-gsge.gls/ssto
ddeR2adi.gls<-1-{{n-1)/(n-p)} *sse.gls/ssto

ddee.gls<-¥Y-X%*%beta.gls

betas2<-cbind{betas2,newfitddesbeta)
stder2<-cbind{stder2, sqrt (diag{newfitddeSbeta.var)}))

tstatl2<-cbind {tstat2,newfitddesbeta/ (sqrt (diag(newfitddesSbeta.var)}))

rsgrde2<-c{rsgrds2,ddeR2.gls}
adjrsqgrds2<-c{adjrsqgrds2,ddeR2ad] .gls)
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}

resultsl2a<-betas2
results2b<-stder2
results2c<-tstat2
resultszd<-cbhbind (regrds2,adirsgrdsz)

# now read resuvlits back in and loock at distributions compared to
observed values found in Manuscript Two:

#read the files back in and get mean betas, pvalues, and adj rsquars #

ddebeta<-
read.csv{"c:\\shenshaw\\Thesis\\Papers\\Paper2\\Results\\DraftResults\\
ddebetatog.csv”, header=F, sep=", ")

ddesgtder<-
read.cav({"c:\\shenshaw\\Thesis\\Papers\\Paper2\\Results\\DraftResults\\
ddestderteog.csv®,header=F, sep=", ")

ddetstat<-
read.csv{vc:\\shenshaw\\Thesis\\Papers\\Paper2\\Results\\DraftResults\\
ddetstattog.csv", header=F, sep=", ")

ddersqgrd< - .
read.csv({"c:\\shenshaw\\Thesis\\Papers\\Paper2\\Results\\DraftResults\\
ddersgrdteg.csv®, header=T, sep=", ")

ddebeta<-t (ddebeta)

dim(ddebeta)

row.names {ddebeta) <-NULL

ddebeta<-data.frame (ddebeta)

names (ddebeta) <~

c("Int®,"dtosite®, "age”, "gender®, *edu®, "water21l®, "water22”, "water23","s
moke")

names (ddebeta)

ddestder<-t (ddestder)

dim(ddestder)

row.names (ddestder) <-NULL

ddestder<-data. frame (ddestder)

names (ddestder) <-

c{*Int", "dtosite”, "age”, "gender", "edu", "water2l”, *water22", "water23", s
moke ")

names (ddestder)

ddetatat«-t (ddetstat)

dim{ddetstat)

row.names {(ddetstat) <-NULL

ddetstat<-data.frame {(ddetstat)

nameg {(ddetgtat) <~

c("Int®, "dtosite®, "age", "gender®, Yedu¥, "water21i”, *water22"¥, "water23®,"s
moke')

names (ddetstat)

# Here, the results for the table and figures in Manuscript Three for
the dieldrin model that are shown as an example.

# look at dieldrimlip
mean (dieldrinlipbetasdtosite)
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hist({dieldrinlipbeta$dtosite,xlab="Beta Coefficients of Distance to
Site Variable®,main = paste{"%})
abline(v=-1.586653)

tl<-higt{dieldrinlipbetaddtosite,nclass=30)

lines (smooth.spline (t1smids, tigcounts))

range{tiScounts) # need for ylim

range {dieldrinlipbetaSdtosite} # need for xlim

plot (0,0, ylim=c{0,17),xlim=c{-1.73,-1.46} ,pch=" ¥,
xlab="Beta Coefficients of new Distance to Site

Variable',ylab=YFrequency®)

linesg (smooth.spline (ti$mids, tlScounts})

abline(v=-1.586653)

title{¥"Distribution of Beta Coefficients for New Distance to Site
Variable and Observed Value")
mean (dieldrinlipbetasage)
hist(dieldrinlipbetasage)
abline(v=-0.189)

mean (dieldrinlipbetasgender)
hist(dieldrinlipbetasgender)
abline {v=14.588)

mean (dieldrinlipbetabedu)
hist{(dieldrinlipbeta$edu)
abline{v=-1.772)
mean{dieldrinlipbeta$water21l)
hist{(dieldrinlipbetaSwater2l)
abline{v=221.17)

mean {dieldrinlipbetagwater22)
hist(dieldrinlipbetaSwatexr22)
abline {v=9.39)

mean (dieldrinlipbeta$smoke)
hist{dieldrinlipbeta$smoke)
abline{v=21.796)

mean {(dieldrinliptstat$dtosite)

hist{(dieldrinliptstat$dtosite,xlab="t statistics of Distance to Site
Variable",main = paste(""})

abline(v=-2,048506)

ti<-hist(dieldrinliptstat$dtosite,nclass=30)

lines (smooth.spline{tisSmidsg, tiScounts)} )

range (ti$counts) # need for ylim

range (dieldrinliptstat$dtosite) # need for xlim

plot{0,0,vlim=c (0,15} ,xlim=c({-2.29,-1.89) ,pch=" ¥,
xlab=%t statistics of new Distance to Site

Variable®,ylab="Frequency")

lines {(smooth.spline {£18$midsg, tiscounts))

abline{v=-2,048506)

mean {dieldrinliptstat$age)
hist(dieldrinliptstatSage)
abline({v=-0.67}

mean {dieldrinliptstat$gender)
hist(dieldrinliptstatsgender)
abline(v=1.67)

mean {dieldrinliptstatfedu)
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higt (dieldrinliptstat$edu)
abline{v=-1.462)

mean (dieldrinliptstat$water2l}
hist(dieldrinliptstatiwater2l)
abline(v=6.326)

mean {dieldrinliptstat$water22)
higt{dieldrinliptstatwater22]
abline (v=0.855)

mean {dieldrinliptstat$smcke)
hist {(dieldrinliptstat$smoke)
abline(v=2.898)

mean {dieldrinliprsgrd$adirsqrdss)

hist (dieldrinliprsgrdfadijrsqgrdss)
abline (v=0.3756)

# Now get Variogram Figure of Error Data
variog {bnewoffgec,max.dist=35000, lambda=0)}
lines.variomodel (bnewoff.remla)
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