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Spatial Epidemiology

* The analysis of spatial/geographical distribution of the
incidence of disease
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What is a GIS?

« System that captures,
stores, analyzes,
manages, & presents data
linked to location

* Allows: interactive queries,
analysis of spatial
information, data editing,
map creation, result
presentation




nvironmental Health Perspectives 1997; 105(6) : 598-605

Epidemiology Research.
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What is GIS ?

Combining data from
various sources
Linking multiple databases e
Visualizing data 2
effectively

Turing data into
Information: spatial
analysis

“Interactive” maps and
databases: Query




Benefits of GIS

GIS are useful in handling and
manipulating large and various sources
of datasets.

GIS are useful for the analysis of
different types of data using spatial
analysis methods.

GIS are useful for further analysis with
Integration of other data or tools.

GIS are useful for mapping at various
geographic scales.



GIS Applications in Public Health

* Disease mapping;
- Mapping populations at risk
- Determining spatial patterns of diseases
- Analyzing spatial and temporal trends
- Visualizing areas of elevated risk.
 Analytical spatial analyses;

- Modeling exposures to environmental
factors

- Stratifying risk factors



GIS Applications in Public Health

- Detecting disease clustering

- Evaluating health care access and delivery
of health services.

* Intervention and prevention;
- Infectious disease surveillance and control
- Outbreak Investigation and response
- Assessing resource allocation
- Planning and targeting interventions

- Monitoring diseases and interventions over
time.
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Geographical and Environmental

Risk Factors for Breast Cancer

e We do not fully understand mechanisms for
the known risk factors; eg. Why changes In

age at menarche have an impact on breast
cancer risk

* There Is a substantial geographical variation in
breast cancer incidence and mortality In the
US (Lacey et al. 2002)

* Environmental risk factors are believed to be
Involved In breast cancer incidence (Wolff et
al. 1996; Laden and Hunter, 1998)



Retrospective (case-control) study

Disease

Y N +*Select on disease status
+*Explore exposure in past

Y *Common exposures

EXxposure “Rare diseases
N *Moderate numbers

‘*Recall and selection bias
+*Adequate controls hard

A+C B+D to define or obtain



Western New York Exposures and
Breast Cancer (WEB) Study

* \Women, age 35-79 with incident, primary,
pathologically confirmed breast cancer
diagnosed In Erie and Niagara counties
during the period 1996-2001.

e Controls were randomly selected and
frequency matched to cases on age, race and
county of current residence; controls under
65 years of age were selected from a
NYSDMV list and those 65 years and over
from a HCFA list.



WEB Study

* No previous cancer diagnosis other than
non-melanoma skin cancer.

o Extensive in-person interviews and self-
administered guestionnaires were used to
ascertain medical history, diet, lifetime
alcohol consumption, residential history,
occupational history, and smoking
history.



Residence as a Proxy for
Exposures

e Based on the life-course approach,
residences were used as a proxy for
exposures to investigate the relationships
between exposures and breast cancer risk.



Lifetime Residential History
 Lifetime residential history of all participants;

- 20,240 lifetime addresses

- An average of six addresses for each
Individual.

e Temporal groups;
- Residence at birth

- Residence at menarche, and at women’s first
birth

- 20 years & 10 years prior to
diagnosis/interview

- Current residence



Address Matching (Geocoding)

* Process of linking records in two databases
(eg. place residential location on street map)
» Essential for further spatial analyses

o Steps: preparation, geocoding, and review
and evaluation stages.



Address Matching: Steps

 Preparation stage: error checking and
standardizing address components of
residential history data (event theme).

e Geocoding stage: batch and interactive
matching of event theme on reference theme
(street map)

 Evaluation stage: review of unmatched
addresses and polk searches for incomplete
addresses.



Geocoding Results

Geocoding of residential history Count (%)
Lifetime residential history obtained 20,240
Erie and Niagara county addresses 15,487
Addresses for six temporal groups 14,493 (100%)
Total matched 13,405 (92.5%)
a) Batch match 12,404 (85.6%)
b) Interactive match 1,001 (6.9%)
Total unmatched 1,088 (7.5%)
a) Unable to match 195 (1.34%)
b) Incomplete addresses 893 (6.16%)




Breast Cancer Risk and Exposure in Early Life to Polycyclic
Aromatic Hydrocarbons Using Total Suspended
Particulates as a Proxy Measure

Matthew R. Bonner, Daikwon Han, Jing Nie, Peter Rogerson,
John E. Vena, Paola Muti,Maurizio Trevisan,
Stephen B. Edge, and Jo L. Freudenheim

Cancer Epidemiol Biomarkers Prev 2005;14(1). January 2005



Polycyclic aromatic hydrocarbons (PAHs) are ubiquitous in the
environment and present in air pollution. Early life exposure to
PAHs may have particular importance in the etiology of breast cancer.

We conducted a population-based, case-control study of
ambient PAH exposure in early life in relation to the risk of breast cancer.
Total suspended particulates (TSP), a measure of ambient air pollution,
was used as a proxy for PAH exposure.

Cases were 1,166 women with

histologically-confirmed, primary, incident breast cancer.

Controls (n=2,105) were frequency matched by age, race, and county
of residence to cases.

Annual average TSP concentrations (1959-1997)

were obtained from the New York State Department of Environmental
Conservation for Erie and Niagara Counties. Based on the monitor readings
for each time period, prediction maps of TSP concentrations were
generated with ArcGIS 8.0 (ESRI, Inc., Redlands, CA) using inverse
distance squared weighted interpolation.



Statistical Analysis

Unconditional logistic regression was used to estimate odds
ratios (OR) and 95% confidence intervals (95% CI). TSP
concentrations were categorized into 4 levels (<84 ug/ma3,
84-114 ug/m3, 115-140ug/m3, and >140ug/m3). The cut
points for the categorical analyses were derived from the
quartiles of the distribution of measurements of TSP
concentrations in the 1960s.

We also examined TSP concentrations on a continuous
scale. Further, logistic quadratic spline regression with
knots at 84 yg/m3 and 140 ug/m3 was used to graphically
depict the exposure-response trend; the estimated
probability of being a case was calculated from the
quadratic spline regression equation. The values for the
two knots in the spline regression were selected based on
the previous categorical analysis. The end categories
were restricted to linear segments to prevent instability.



Birth Addresses in Erie & Niagara Counties, NY

Lake Ontario




Study Question

1 Is exposure to high total suspended
particulates associated with

occurrence of breast cancer?

Birth

Menarche

First birth

20 years before diagnosis
10 years before diagnosis
Cumulative exposure
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ORs and 95%CI: TSP at Birth
Address

TSP at Birth

O <81

m 81-99

0 100-135
0 >135

4
6
S5
4
3
2
1
0

Premenopausal Postmenopausal

Adjusted for age, education, age at menarche, benign breast disease,
parity, BMI, family hx. (Cases n=505; Controls n=804)




ORs and 95%CI: TSP at Birth
Address- Postmenopausal women

TSP pg/m3 | Cases |Controls| Adjusted OR
(n=345) | (n=521) (95% CI)
<81 6 18 1.00

81-99 7 12 1.7 (0.4-6.8)

100-135 2.2 (0.8-6.0)
>135 2.6 (1.0-7.0)
P for trend 0.009

Adjusted for age, education, age at menarche, benign breast disease, pati




Figure 2. Estimated Probability of Being a Case for Postmenopausal WWomen
by Total Suspended Particulate Concentration at Birth Address.
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Figure 3. Estimated Probability of Being a Case for Premenopausal WWomen
by Total Suspended Particulate Concentration at Birth Address.
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Summary

1 Exposure to high TSP concentrations
appear to be associated with an
increase in risk of breast cancer in
postmenopausal women.

— TSP at birth

1 TSP exposure was not associated with
premenopasual breast cancer.
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Premenopausal cases (n=1328) Premenopausal controls (n=2270)
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Figure 2

Geographic distribution of breast cancer in Western New York; Shown are all residential locations of breast cancer
cases and controls by menopausal status included in the analysis. One dot indicates each residential location. The rectangular
region was used as an approximate boundary of the study area instead of actual county boundary in Figure |. East (x) and north
(y) coordinates in projected Universal Traverse Mercator (UTM) miles.



Results: A GlS-based exploratory spatial analysis was applied, and spatio-temporal variability of those risk
surfaces was evaluated using the standardized difference in density surfaces between cases and controls.
The significance of the resulting risk surfaces was tested and reported as p-values. These surfaces were
compared for premenopausal and postmenopausal women, and were obtained for each decade, from the
1940s to 1990s. We found strong evidence of clustering of lifetime residence for premenopausal women
(for cases relative to controls), and a less strong suggestion of such clustering for postmenopausal women,
and identified a substantial degree of temporal variability of the risk surfaces.

Conclusion: We were able to pinpoint geographic areas with higher risk through exploratory spatial
analyses, and to assess temporal variability of the risk surfaces, thus providing a working hypothesis on
breast cancer and environmental exposures. Geographic areas with higher case densities need further
epidemiologic investigation for potential relationships between lifetime environmental exposures and
breast cancer risk. Examination of lifetime residential history provided additional information on
geographic areas associated with higher risk; limiting exploration of chronic disease clustering to current
residence may neglect important relationships between location and disease.
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Case-Control Study of the Effects

of Trihalomethanes on Urinary
Bladder Cancer Risk

Gerald E. Bove Jr., PhD; Peter A. Rogerson, PhD; John E. Vena, PhD

ABSTRACT. In this research. the authors examined the relation between the estimated concentrations
in drinking water of disinfectant byproduct (DBP) trihalomethanes (THMs) and the risk for urinary
bladder cancer in a case-control study of 567 white men aged 35 to 90 years, in western New York
State. They used logistic regression to estimate odds ratios and to assess the effects of THM con-
sumption on cancer risk. Higher levels of consumption of THMs led to increased risk for cancer of
the urinary bladder (total 551, a composite measure of THMs based upon method 551 developed by
the US Envirnmental Protection Agency: OR = 2.34; 95% CI = 1.01-3.66). Results were most sig-
nificant for bromoform (OR = 3.05; 95% CI = 1.51-5.69), and risk was highest (OR = 5.85; 95%
CI = 1.93-17.46) for those who consumed the greatest amount of water at points within the
distribution system with the oldest postdisinfected tap water.

KEYWORDS: cancer risk, DBPs, drinking water, THMs, urinary bladder cancer
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Higher levels of consumption of THMs led to
increased risk for cancer of the urinary bladder
(Total 551 (a composite measure of THMs) OR
=2.34,95 % Cl =1.01-3.60).

Results were most significant for Bromoform (OR
= 3.05, 95 % CIl = 1.51-5.69), and risk was highest
(OR = 5.85, 95% CI = 1.93-17.46) for those who
consumed the greatest amount of water at points
within the distribution system with the oldest
postdisinfection tap water.
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Chlorodibromomethane

Rectal cases

Rectal controls

Bromoform



International Journal of Health Geographics 2007, 6:18 http://Awww ij-healthgeographics.com/content/6/1/18

« Odds ratio <=1
® Odds ratio 1-2
® Oddsratio 2-3
@ Oddsratio 3-8

Figure 3
Individual odds ratios for rectal cancer risk for exposure to the THM bromoform. Note: Dependent variable deter-

mined as total daily ingestion of bromoform (ug/l) given as daily tap water intake (ug/l) and total bromoform contents of tap
water (ug/l). Adjusted via assigning "average" values for covariates




* Results: Trihalomethane levels varied spatially within
the county; increasing levels of the component
bromoform (measured in ug/day) did correspond with an
increase in odds ratios (OR = 1.85; 95% Cl =1.25 —
2.74) for rectal cancer.

« The highest quartiles of estimated consumption of
bromoform (1.69-15.43 ug/day) led to increased risk for
rectal cancer (OR = 2.32; 95% Cl = 1.22—4.39).

 Two other THMs were marginally associated with an
increase in risk — chlorodibromomethane (OR = 1.78,
95% CI =1.00-3.19) and bromodichloromethane (OR =
1.15; 95% CI =1.00-1.32).

Conclusion: Levels of THMs in the water distribution
system exhibited spatial variation that was partially due
to variation in water age. We also observed a geographic
pattern of increased risk of rectal cancer in areas with
the highest levels of bromoform in the county.



Hierarchical Bayesian modeling of the
spatio-temporal patterns of lung cancer
incidence risk in Georgia, U.S. 2000-2007

PingYin
Department of Geography
University of Georgia




> Introduction > Methodology> Results > Conclusions >

® Study Purposes:

— Obtain reliable spatio-temporal pattern of lung
cancer incidence risk in Georgia at small scales

— Understand the difference in the effects of
socioeconomic status (SES) on the risk of each
population subgroup

® Study Design:

— Time period: 2000 -2007 (2-year analytical unit)
— Population strata:

Race (white and black);
Sex: male and female

— Data: Georgia Comprehensive Cancer Registry
(GCCR) and census data




Introduction > Methodology> Results > Conclusions >

- Yin ~P0isson (Eitk Rig )

_ Fixed effects
Health Risk Factors

Measured
Behavior / variables

= Coef *Measure

- Environment
Modeling of

Relative Risk Socioeconomic Random effects

Gy Health care Space
: \ Unobserved :
Genetics . Time
variables

Space - Time

Priors for all parameters in above levels




Introduction > Methodology> Results > Conclusions >

® Model Selection

— Compare 5 joint models and 2 separate models

— Deviance Information Criterion (DIC)

® Final Model:

Specific spatio-

Relative Risk JE— SES Shared spatial | Specific spatial temporal
at log scale P effect random effe interaction

e

log (R ) =a, + /’)in +0,,0i + 0,6 Ay + Sy + Wiy

Tract index: i=z, 2, ...1618; : H_ - _
Time period index: t=1, 2, 3, 4; e Specific temporal
Population group index: k=1, 2, 3, 4; random effects




Introduction > Methodology> Results > Conclusions >

Standardized Incidence Rates (SIR)2000-2001 S/R= # Observed cases/ # Expected cases

Relative Risks (RR) from Modeling 2000-2001




Introduction > Methodology> Results > Conclusions >

White Male Black Female

777/




} Introduction Methodology

Frequency of Elevated Relative Risks for Each Tract during 2000-2007

White Male White Female Black Male Black Female

Elevated Risk Criterion: ONDD ™
Prob(RR>1) > 0.8 B




Introduction > Methodology> Results > Conclusions >

® Bayesian modeling with shared components makes smooth
risk maps by borrowing strengths from neighboring regions
and time periods, as well as other population groups.

® Northwest Georgia has stably high elevated lung cancer
incidence relative risk for all races/sexes over 2000-2007.

® The SES effect on lung cancer incidence relative risk has a
larger gradient in males, especially white males.




Introduction > Methodology> Results > Conclusions >

® Smoking data (if available) are expected to improve the
modeling.

® SES is assumed static in this research and the long latency

of cancers makes the SES 20 years prior to the death may
be important.

® Estimation of population at risk could cause errors in the
modeling.




Wagner SE, Hurley DB, Hebert JR, McNamara C, Bayakly AR,
Vena JE. Cancer mortality-to-incidence ratios in Georgia:

describing racial cancer disparities and potential geographical
determinants Cancer

CANCER MORTALITY-TO-
INCIDENCE RATIOS IN GEORGIA



The Mortality-to-Incidence Ratio

* Mortality-to-incidence ratio (MIR)

MIR = (age-adjusted mortality cancer rate)
(age-adjusted incidence cancer rate)

« AKA

— Fatality ratio
— Fatality, given incidence
— 1/survival, given incidence



Introduction

« Racial disparities in cancer outcomes are
large

— Mortality

« US: Blacks 25% higher mortality than other (all
cancers)

» Disparities are very large
» Blacks have more aggressive tumors
— Incidence

« Usually higher in Blacks, but not always
— Breast cancer

» Disparities are present, but not as large



Methods

Cancer incidence and mortality data by
health district, 2003-2007

— All sites combined, lung & bronchus, colorectal,

female breast, oral, cervical, prostate
Population data: NCHS bridged population
estimates

MIRs and 95% ClI’'s generated by site, race,
sex

MIRs were mapped & compared to
geographic health factors (County Health
Rankings)



Health Factors

Health Behaviors

— Tobacco use; diet & exercise:; alcohol use; unsafe
sex

Clinical Care
— Access to care; quality of care

Socioeconomic Factors

— Education; employment; income; family & social
support; community safety

Physical Environment
— Environmental quality; built environment



Health Factor Analysis

« County-level Z-scores averaged by health
district

— Positive Z-score: “greater risk” for worse
health outcomes than average GA counties

— Negative Z-score: “lower risk” for worse health
outcomes than average GA counties

 Mapped by health district

» Correlation analysis between Z-scores and
MIRs by health district



Results

* 186,419 incidence cancers (all sites)
» 71,533 cancer deaths (all sites)



Table 1. Georgia Mortality-to-lncidence Ratios and 95% Confidence Intervals for All Cancer Sites Combined and For Specified
Cancer Sites by Race and Sex, 2003-2007

Cancer Site: Sex Subgroup

All sites combined
Overall®
Women®
Men®
Ratio of men to women

Female breast
Women®

Cervix
Women®

Colon and rectum
Overall®
Women®
Men®
Ratio of men to women

Lung and bronchus
Overall
Women
Men
Ratio of men to women

Oral cavity
Overall®
Women
MenP
Ratio of men to women

Prostate
Men®

Blacks Whites
MIR 95% CI MIR 954% CI Black:White Ratio®
0.450 0.442, 0.450 0.401 0.396, 0.405 1.122
0,443 0,432, 0455 0.373 0.368, 0.379 1.188
0.471 0.458, 0.483 (1) 872 0476, 0.430 1.090
1.063 — 1.158 — —
0.255 0.242, 0.269 0.181 0.175, 0.188 1.408
[0.423 0.362, 0.492 0.279 0.247, 0.315 1.516]
0.407 0.386, 0.430 0.343 0.331, 0.355 1.187
0.397 0.360, 0.427 0.339 0.322, 0.356 1.171
0.426 0.301, 0.463 0.352 0.335, 0.370 1.210
1.073 — 1.038 — —
0.793 0.761, 0.826 0.770 0.754, 0.785 1.029
0.749 0.701, 0.799 0.721 0.699, 0.744 1.038
0.827 0.783, 0.873 0.812 0.790, 0.834 1.018
1.104 - 1.126 — -
0.333 0.291, 0.380 0.213 0.197, 0.230 1.563
0.225 0.172, 0.292 0.215 0.187, 0.248 1.047
[0.308 0.337. 0.469 0.220 0.199, 0.243 1.809]

1.769 — 1.023 — —
D.242 0.228, 0.256 0.156 0.149, 0.163 1.551

Abbreviations: Cl, confidence interval; MIR, mortality-to-incidence ratio.
“The black:white ratio is the MIR for blacks divided by the MIR for whites.



Mapping Display Cutoff Points

Category 1: mean MIR for whites
nationally

Category 2: upper bound 10% higher than
upper bound of Category 1

Category 3: upper bound 20% higher than
upper bound of Category 1

Category 4: upper bound >20% higher
than upper bound of Category 1
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Age-Adjusted® Female Breast Cancer Mortality-to-Incidence Age-Adjusted” Female Breast Cancer Mortality-to-Incidence
Ratios for Whites Comparad to National Mean MIR**, Ratios for Blacks Compared to National Mean MIR™,
2003-2007 2003-2007

Ereast Cancer
Categories for displaying MIR**
'| | Category 1 {==0.190000)

B cateory 2 (0.190001 - 0.210000)  “Rates are per 100,000 population and are
B Catecory 3 (0210001 - 0.230000] age-adjusted to the 2000 US standard populatian.

MIR: mortality-to-incidence ratios.

Data Sources:

Cancer incidence data: GA Comprehensive Cancer Registry
Cancer morality datac GA Vital Statistics Rocords

Cut Poinls: US Cancer Statistics Working Group

Population data: North Amenican Association of Cancer Registiies  [JJJli] category 4 (»0 230000) “*The upper bound of Categery 1 i the mean MIR
- for female breast cancer for Whites nationally. W
.f o | Suppressed data
& k1 T 140 Ml
|:| Georgia Public Haalth District Boundaries "I T S TR S T S T | A

Figure 2. Mortality-to-incidence ratios are illustrated by Georgia public health district for female breast cancer.



Age-Adjusted® Lung Cancer Mortality-to-Incidence Ratios Age-Adpusted® Lung Cancer Morality-to-Incidence Ratios
for Whites Compared to National Mean MIR*, for Blacks Comparad to National Maan MIR™,
2002-2007 2003-2007

Lung Cancer L
Categories Tor displaying MIR®* MIR o lakhy-do-rcidsncs ralicd,
Dabn Sources I:l:—mll"ﬂﬂﬁ:l:ﬂ Rintan ars par 200,000 populetion and s
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Figure 5. Mortality-to-inddence ratios e illistrated by Geongia public health digthet for lung cancer.



Age-Adjusted® Prostate Cancer Mortality-to-Incidence Ratios Age-Adjusted* Prostate Cancer Mortality-to-Incidence Ratios

for Whites Comparead to Mational Mean MIR™, for Blacks Compared to National Mean MIR™,
2003-2007 2003-2007
I ) i b -_.-".‘
| b

-]

Prostate Cancer
Categories lor displaying MIR* MIR: martality-to-incidence ratios.
Category 1 (<=0160000)

Data Sources: . i
Tt el
Cut Points: US Cancer Siatistics w':"t'r.g.ﬁrmp : - El"-"‘.-i . ‘. .:- I “The upper bound of Category 1 is the mean MIF.
Fopulation data North Amenican Association of Cancer Registnias - Calegary 4 (=0.15000) o ikt Gancer: Tor ¥Vl sllovaly
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| ' Gaorgia Pubic Haalth Distnct Bcundaries II: J ELE‘ : 'TI':' s ":':' N A

Figure 7. Mortality-to-incidence ratios are illustrated by Georgia public health district for prostate cancer.



Table 2. Comelation Coefficients Between Health District Health Factor Groupings and Average Health District
Maor talit y-to-Incidence Ratios for All Cancer Sites Combined and for Specified Cancer Sites by Raoe and S, 30032007
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Health Behaviors ({op lefi, A): tobacco
B13 a5 use, diet & exercise, alcehal use,
unsafe sex; Clinical Care (top right, B):
access to care, quality of care,

Social and Ecanomic Faclors (bollom
ma = left, C): education, employment, income,
famiky & social suppor, Commiunity
safety; Bhysical Environment (bottom
right, D); enviranmental quality, built
emvircrment,

Average Health Factor Z-score
= [better than G& county average)

Data source! - =0 (worse than GA county averaga)
County Health Rankings 2011 data poral ; i e .
(nttp: countyhealthrankings.craf) Seongia Public Health Distrnct Boundarias

Figure 8. Average health factor scores are illustrated by Georgia public health district.



Discussion

 Blacks had more fatal cancers than whites
for all cancer sites

* Higher MIRs were observed among blacks
iIn SC compared with blacks in GA
— EXxcept cervical cancer

 \Worst health outcomes in West and East
Central health districts



Strengths/Limitations

County Health Rankings system
Use of health districts

MIR
— Efficient
— Avoids survival studies

GCCR data



Summary

» Larger MIRs for blacks

— Especially prostate, cervical, oral cancer in
men

 More fatal cancers in West and East
Central Georgia

* May be related to health behavior, clinical
care, social/economic factors



Uranium Sample Points Predicted Well Uranium Concentrations

| Legend
/1’/ ’ County bewndary
Legend ' ‘l Concentration (pph)

-0.271 - 0.001

- ¥}
[ ] county boundary ./"' : 0001 - 0077
. r 0.077 - 0.088
&  Sample points "’ rr

D.0BE - 0.174
0174 - 0445
0445 - 1422

4
, ’
B s22-s03
= é I +0z2- 17546

/' Il 1754562880
' B 2 c:0- 225600

&
/If
N
Predicted uranium concentration
surface generated using ordinary kriging
kKriging Parameters:
Exponential semivariogram model
Data source: GA NURE well dataset Southwest-northeast anisotropy (minor range: 0.5; direction: 40)

N=5,633 uranium samples ) )

N=24 355 samples in bordering states o 25 50 100 Miles

o 25 s0 100 Mile: N=5,633 uranium samples |




Figure 3. Predicted radon concentration surface.

Predicted log transformed radon concentration

surface generated using ordinary kriging
& exponential semivariogram.

Surface based on 25,237 radon data points
and 37 unique geclogy polygons.
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Cancer Site
Lung & bronchus (n=34,355)
Kidney & renal pelvis (n=6,539)

Female breast (n=33,540)
Leukemia (n=10,195)
Colorectal (n=23,077)
Urinary bladder® (n=8,228)

Unadjusted
Odds Ratio 95% Cl
1.02 0.93, 1.13
1.04 0.94, 1.16
1.21 1.10, 1.34
1.11 0.97,1.23
1.03 0.93, 1.14
1.20 1.07, 1.33

Odds Ratio

0.97
0.87

1.07
0.91
0.98
0.99

Adjusted*

95% CI
0.86, 1.08
0.76, 1.01

0.97,1.19
0.68, 1.24
0.89, 1.12
0.83, 1.19



Data Layers
Cancer Data: Georgia Comprehensive Cancer Registry

Point locations of subjects with seven cancer types:

Bladder

Breast

Colorectal

Kidney

Leukemia

Lung

Other
Individual-level covariates:
® Age

@® Gender

@ Race (White vs. Non-White)
Radionuclide data

Geologic Data

NOoOOhkowDhE



Data Layers
Cancer Data: Georgia Comprehensive Cancer Registry

Radionuclide data

Household Radon. University of Georgia Cooperative Extension
Geologic Data



Data Layers
Cancer Data: Georgia Comprehensive Cancer Registry

Radionuclide data

Groundwater Uranium. National Uranium Resource Evaluation Program
Household Radon. University of Georgia Cooperative Extension

Geologic Data



Data Layers
Cancer Data: Georgia Comprehensive Cancer Registry

Radionuclide data

Groundwater Uranium. National Uranium Resource Evaluation Program
Household Radon. University of Georgia Cooperative Extension

Geologic Data
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Three-Stage Hierarchical Spatial Model

|. Stage 1. Geostatistical model for radionuclide levels.
ll. Stage 2. Logistic regression model for cancer data.
lll. Stage 3. Prior Model



Three-Stage Hierarchical Spatial Model

|. Stage 1. Geostatistical model for radionuclide levels.

Radionuclide level Z(s) at location s is described by the spatial regression
model

logZ(s) = ui +(S); s € Aj,

where A; is the set of locations in rock type i, u;j is the mean radionuclide
level in rock type I, ¢(s) Is a zero-mean Gaussian random field with
exponential covariance function

C(r;0) = { Zz(l—do)eXp{—ar}; :2

and r is great circle distance.
Il. Stage 2. Logistic regression model for cancer data.

lll. Stage 3. Prior Model



Three-Stage Hierarchical Spatial Model

|. Stage 1. Geostatistical model for radionuclide levels.
ll. Stage 2. Logistic regression model for cancer data.
Conditional on the realization of the radionuclide random field:
e Controls are sampled from a point process with baseline intensity

Ao(u)
e Cancer cases are sampled from a point process with intensity

A1(u) = Ao(u)exp{B'x(u)}
where the vector x(u) includes log radionuclide concentration, and
confounders such as age, race, etc.

If both point processes are Poisson then the cancer indicators Y(u;)
for event at location u;; 1 = 1,---,m are independently sampled from a
Bernoulli distribution with probabilities g(u;j) described by the logistic
regression model

p(Ui) _n!
log T—pu) px(u)

lll. Stage 3. Prior Model



Three-Stage Hierarchical Spatial Model
|. Stage 1. Geostatistical model for radionuclide levels.
ll. Stage 2. Logistic regression model for cancer data.
lll. Stage 3. Prior Model
Geostatistical Model for Radionuclide Exposure
logZ(s) = ui+&(S); s € Aj
C(r;0) = 6?(1 —do)exp{—ar}; r >0
Mean log radionuclide levels u;
m(ui) o« 1

e Variance c?
n(c?) o 1/6?
e Nugget effect
do ~ U(0,1)
e Range parameter
e’ ~ U(0,1)
Handcock and Stein (1993) Technometrics 35, 403-410.



Three-Stage Hierarchical Spatial Model

|. Stage 1. Geostatistical model for radionuclide levels.

ll. Stage 2. Logistic regression model for cancer data.
lll. Stage 3. Prior Model
Logistic regression model for cancer indicator

p(Ui) _n!
log Tpu) Bx(u)

Regression coefficients
B ~ N(0,z°I),

10



Inferential Issues

Spatial Misalignment: Sites sy, ---, Sy at which radionulide levels are not the
same as the sites uy, ---,Um at which cases and controls are observed.

Some Examples:

@ Zhu, Carlin and Gelfand (2003; Environmetrics): Effect of ozone exposure on
pediatric asthma in zip codes of Atlanta.

@ Greco, Lawson, Cocchi and Temples (2005; Environmental and Ecological
Statistics): Effect of uranium exposure on cancer incidence in zip codes of
northern South Carolina.

@ Fuentes, Song, Ghosh, Holland and Davis (2006; Biometrics): Effect of PM2s on
deaths due to natural and cardiovascular disease in U.S. counties.

@ Smith, Zhang and Field (2007; Statistics in Medicine): Effect of radon exposure on
leukemia in lowa counties.

In these studies:

1. Disease counts are aggregated within regions such as zip codes or
counties

2. Exposure measured at point locations.
Issue: Ecologic Bias

11



Bayesian Approaches

Notation:
Observed Radionuclide Data Zo = (Z(s1),---Z(sn))’
Unobserved Radionuclide Data at Case/Control Sites Z1 = (Z(uy),---Z(Um))’
Cancer Indicator at Case/Control Sites Y = (Y(U1),---Y(um))'
Radionuclide Parameters 0 = (u,0%,do,a)
Cancer Parameters p

Marginal distribution of observed data:
(Y, Zol0, B) = [ p(YIZ1, B)P(Z1]2Z0:0, @)p(Zol0, a)dZs

Data Augmentation (Chib and Greewood 1998; Weir and Pettitt 1999, 2000;
De Oliveira 2000)

Instead of drawing samples from the posterior distribution

P, BlY,Zo) < p(Y,Zol0, B)7(0,B)
samples are drawn from

p(@, B, Z1|Y,Zo) o« p(Y|Z1, B)P(Z1|Z0;0)p(Z0|0)7 (6, B)

12



Alternative Approaches:
@ Fully Bayesian Approach: Sample from the posterior distribution
PO, B, Z1]Y,Zo) oc p(Y|Z1, B)P(Z1]|Z0;0)P(Z0|0)7 (6, B)
@ Two-Stage Bayesian Approach: (Gryparis et al. 2009; Lee and Shadick 2010)
Stage 1. Sample 6 from the posterior of the exposure model
pP(0|Z0) o< p(Zo|0)7(0)

and sample the unobserved Z; from the posterior predictive
distribution

P(Z1]Z0;0)
Stage 2. Sample B from the posterior of the health-effects model

P(B,Z1]Y,Z0,0) oc p(Y|Z1, B)P(Z1|Z0;0)7(B)

where the posterior predictive distribution p(Z1|Zo;0) is treated as the
prior for Z; in the health-effects model.

Consider two versions of the two-stage Bayesian approach:

1. No feedback between health outcome and exposure estimates.
2. Yes, there is feedback between health outcome and exposure estimates.

13



Breast Cancer Data: Treat remaining cancer types as a control group.
Predictors:

Exposure Model Cancer Indicator

4 Rock Types Uranium Exposure (well water)
Age

14



lterates of MCMC Algorithm for Breast Cancer

Log Variance

Parameter

Range

Effect

Exposure

Effect
|
o

0 10000 20000 30000 40000 50000 60000

lterate
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Variogram against lag iterate for exposure effect.
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Adjusted odds ratios for the effects of uranium exposure for two-stage Bayesian
Inference with and without feedback between pattern of cancer cases and
predicted uranium exposures.

Cancer No Feedback Feedback
Bladder 0.02 (0.00, 1.08) 0.01 (0.00, 1.05)
Breast 1.38 (0.14, 4.65) 1.36 (0.16, 5.06)
Colorectal 2.17 (0.40, 12.95) 2.32 (0.50, 13.69)
Kidney 0.10 (0.00, 4.08) 0.08 (0.00, 7.42)
Lung 0.84 (0.18, 3.13) 0.84 (0.14, 3.15)
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Additional Challenges

@ Left censoring of Radon levels below minum detection limits.

Solution: Method of De Oliviera (2005; Journal of Computational and Graphical
Statistics).

@ Large number of observations of radon and uranium in the full Georgia data set.
Solutions:

m Predictive process model (Finley, Sang, Banerjee and Gelfand 2009;
Computational Statistics and Data Analysis)

m Fixed rank kriging (Cressie and Johannson 2008; JRSSB).
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