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Abstract 

 

 

Description of the Spatial Heterogeneity in Colorectal Cancer (CRC) Mortality by Race across 

Georgia and an Investigation of the Association between Area-Level Factors and the Disparity 

 

By Nancy B Nguyen 

 

Background 

In the US and Georgia, colorectal cancer (CRC) is the 3rd leading cause of cancer death in both 

men and women (1, 2). Even as mortality rates decline each year, race disparities in CRC 

mortality persist. Many studies have investigated individual and area-level SES on colorectal 

cancer mortality and the racial disparity however few have investigated the relationship in a 

spatial lens. This analysis examines the variation in CRC mortality across counties in Georgia by 

race and area-level factors that may be drivers in the heterogeneity.  

 

Methods 

2,622 colorectal cancer deaths obtained from the 2005-2011 Georgia SEER cancer registries 

were aggregated at the county level and by race. A descriptive borrowing approach was 

implemented to describe the heterogeneity of CRC mortality. A conditional auto-regressive 

(CAR) Bayesian model – a disease mapping method – was used to examine spatial patterns of 

mortality and whether area-level factors were drivers in the variation seen. Area-level data were 

obtained from the American Community Survey 5-year estimates, for the period 2006-2010. To 

determine whether area-level factors were drivers of heterogeneity, the DIC, model fit statistic, 

was compared between models.  

 

Results 

The descriptive borrowing approach suggests that there is moderate spatial heterogeneity of CRC 

mortality across counties in Georgia by both NHW and NHB groups. Among NHW, excess 

deaths appeared more in the southeastern region of Georgia. Among NHB, excess deaths 

appeared more in the western region of Georgia. The CAR Bayesian model suggests that there is 

moderate spatial heterogeneity of CRC mortality among NHW but little variation among NHB. 

For both NHW and NHB, area-level poverty and area-level education did not explain the 

observed variation.  

 

Conclusion 

This analysis provides evidence of moderate spatial heterogeneity of CRC mortality in Georgia.  

Further research should establish other factors that may be contributing to heterogeneity to better 

target specific interventions that aim to improve the mortality disparity.  
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CHAPTER I: BACKGROUN/LITERATURE REVIEW 

 

1.1 Mortality of Colorectal Cancer 

In the United States (US), colorectal cancer (CRC) is the 3rd leading cause of cancer 

death in both men and women, with more than an estimated 50,000 CRC deaths in 2020 (2). 

CRC mortality has decreased in both sexes, where the male mortality rate decreased by 3.9% per 

year and the female mortality rate by 3.4% per year in 2002 – 2006 (3). The downward trend is 

due to changing risk behaviors, improved cancer treatments, and uptake in screening (3). The 

impact of early detection and screening has played a large role in decreasing mortality, especially 

since the stage at diagnosis is the strongest predictor of CRC survival. When detected early at the 

localized stage, the 5-year survival rate for CRC is approximately 91%, but this drops to as low 

as 14% for distant stage (2).  

 

1.1.2 Age and CRC Mortality 

CRC mortality increases with age. CRC predominately affects individuals greater than 50 

years of age, with the median age at diagnosis being 66 and 69 years for men and women, 

respectively (2). Mortality rates for adults 50+ have been declining, yet, rates for those under 50 

have increased by 1.3% per year since 2004 (2). Some studies have even seen increasing 

incidence among persons less than 50 years old, raising mixed support for screening age to 

change from 50 to 45 (3, 4). Promoting awareness for early-onset CRC is necessary, as the cause 

of early-onset CRC is still unknown and young patients are 58% more likely to present with 

distant versus localized disease than older patients, which we know to impact mortality (5).  

 

1.1.3 Anatomic Site Differences and CRC Mortality 
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Research today still groups and analyzes CRC as one entity when several new studies have 

shown that different anatomical sites show different clinical, epidemiologic, and molecular traits. 

Tumors located in the proximal colon, which includes the cecum, ascending colon, and 

transverse colon, are often harder to detect through screening compared to distal colon cancers 

(6). Proximal colon cancer patients are more likely to be diagnosed at later stages and have even 

been shown to be 13% less likely to survive 5 years compared to distal tumors (7, 8). 

Epidemiologically, proximal colon cancers tend to develop more in women, older patients, and 

Black individuals (9, 10). Whereas among colon cancer diagnoses, distal colon patients were 

more likely to be White males (11). In addition to this, rectal cancer patients often experience 

worse prognoses compared to colon cancer patients (11). In a molecular lens, proximal colon 

cancers have a higher incidence of the microsatellite instability phenotype (12). Distal colon 

tumors and rectal tumors have a high incidence of chromosomal instability (13, 14).  

 

1.2 Geographic Variation in CRC Mortality 

 In the US, CRC mortality varies geographically. In the 1980s, the Northeast region 

showed high CRC mortality rates but has now shifted to be highest in Midwestern and Southern 

states  (2, 15, 16). In a study identifying county hotspots for early-onset CRC mortality, 92% of 

the identified hotspots were located in the South (15). The variations in mortality also differ 

within states. In a retrospective cohort study of 30,100 Georgia residents diagnosed with CRC, 

rural residents showed a 14% increased risk of death compared to urban residents (17). Rural 

residents nationwide are also more likely to live in poverty, live further away from cancer care 

services, are less likely to use screening methods, and have a higher risk of late-stage diagnoses – 

all factors that are associated with increased mortality (17–21). 
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1.3 Race and CRC Mortality 

Negative social factors tend to be more prevalent among minority communities due to 

U.S. history, policies, and treatment of minorities. Compared to Non-Hispanic Whites (NHW), 

racial/ethnic minorities have higher rates of poverty, lower educational statuses, and less access 

to health care coverage (22). These disparities affect the entire cancer care continuum, including 

preventative screening, treatment, and survivorship (23). In the case of CRC, racial/ethnic 

minorities experienced lower 5-year survival compared to NHW, even after controlling for 

census-tract level poverty (24). 

CRC mortality rates are highest among Non-Hispanic Blacks (NHB) compared to any 

other demographic group. Elevated mortality among NHB persists regardless of gender or age 

despite declining mortality rates for racial/ethnic groups, overall (2, 3, 22, 25). CRC mortality 

rates are roughly 40% higher for NHB (19.0 per 100,000 population) compared to NHW (13.8 

per 100,000 population) (2). Studies have shown that there are racial differences in stage at 

diagnosis and location of diagnosis. For instance, NHB are more likely to be diagnosed with late-

stage disease compared to NHW counterparts (2, 26). NHB are also more likely to be diagnosed 

with proximal colon cancer, which is harder to detect during screening and may, in part, account 

for differences in prognostic outcomes (9). Furthermore, NHB men and women are more likely 

to develop colorectal cancer at younger ages and among those with early-onset diagnoses, 

survival for NHB is significantly worse compared to NHW (27, 28).  

 

1.4 Neighborhood and Structural Factors and CRC Mortality 

In the U.S., historical racism and other structural and institutional barriers have affected 

racial/ethnic minorities and their health. Many of these historical, structural, and institutional 
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barriers manifest in modern-day neighborhood differences. There has been growing interest in 

how place, specifically neighborhood-level factors, affect health (29–31). An individual’s 

neighborhood has been shown to have a large impact on individuals’ health and health behavior. 

Specifically, a neighborhood’s physical and social attributes can influence individuals’ physical, 

psychological, and social well-being, contributing to race/ethnic health inequalities (29).  

Additionally, social and structural neighborhood characteristics influence CRC mortality 

directly through lifestyle behaviors, health literacy, and access to cancer services (32). For 

example, areas with higher populations of poverty are more likely to be food deserts, areas with 

limited access to healthy and affordable foods (33, 34). In a population-based study, 5-year CRC 

survival for food desert residents was 4% lower than those not living in food deserts (34). Higher 

area poverty rate is also inversely related to CRC screening use (35). Furthermore, those living in 

lower SES census tracts were shown to have less spatial accessibility to colonoscopy services 

and were less likely to receive therapy or surgery (17, 36). Social and structural neighborhood 

characteristics thus can impact CRC mortality indirectly through stage at diagnoses and directly 

through access and quality of care (21, 22).   

 

1.4 Significance of Thesis 

 There are few known drivers of CRC mortality disparities beyond age and stage of 

diagnosis. Outside of individual-level factors, emerging literature suggests that social and 

structural neighborhood characteristics may play an important role in CRC mortality disparities. 

Traditional methods lack the ability to characterize accurate measures of race-specific mortality 

due to small numbers and potential spatial dependence of observations. Spatial smoothing allows 

for the use of prior information from neighboring counties to combat this instability. Therefore, 

this study will be the first in Georgia to provide data on the spatial association of area-level 
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metrics on colorectal cancer mortality. The knowledge from this thesis may also assist in the 

targeting of interventions for specific counties and racial/ethnic groups in Georgia. Furthermore, 

this analysis may help answer future questions about how neighborhoods affect colorectal cancer 

outcomes in the Georgia and more broadly in the U.S. 

 

1.7 Aims of Thesis 

Aim 1: To characterize the spatial heterogeneity of CRC mortality across counties in Georgia by 

race. 

Hypothesis: Rural counties in Georgia will have higher CRC mortality compared to urban 

counties for both Non-Hispanic Whites and Non-Hispanic Blacks. 

 

Aim 2: To explore the relationship between area-level poverty and education measures as a 

potential driver of heterogeneity in CRC mortality. 

Hypothesis: Areas with higher percentages of poverty will have higher CRC mortality compared 

to areas with lower area-level poverty. Area-level poverty will also explain CRC mortality. 

Areas with higher percentages of low educational attainment will also have higher CRC 

mortality.  
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Description of the spatial heterogeneity in colorectal cancer (CRC) mortality by race across 

Georgia and an investigation of the association between area-level factors and the disparity 

 

Chapter II: SPATIAL HETEROGENEITY OF COLORECTAL CANCER MORTALITY 

 

2.1 Abstract 

 

Background 

In the US and Georgia, colorectal cancer (CRC) is the 3rd leading cause of cancer death in both 

men and women (1, 2). Even as mortality rates decline each year, race disparities in CRC 

mortality persist. Many studies have investigated individual and area-level SES on colorectal 

cancer mortality and the racial disparity however few have investigated the relationship in a 

spatial lens. This analysis examines the variation in CRC mortality across counties in Georgia by 

race and area-level factors that may be drivers in the heterogeneity.  

 

Methods 

2,622 colorectal cancer deaths obtained from the 2005-2011 Georgia SEER cancer registries 

were aggregated at the county level and by race. A descriptive borrowing approach was 

implemented to describe the heterogeneity of CRC mortality. A conditional auto-regressive 

(CAR) Bayesian model – a disease mapping method – was used to examine spatial patterns of 

mortality and whether area-level factors were drivers in the variation seen. Area-level data were 

obtained from the American Community Survey 5-year estimates, for the period 2006-2010. To 

determine whether area-level factors were drivers of heterogeneity, the DIC, model fit statistic, 

was compared between models.  

 

Results 
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The descriptive borrowing approach suggests that there is moderate spatial heterogeneity of CRC 

mortality across counties in Georgia by both NHW and NHB groups. Among NHW, excess 

deaths appeared more in the southeastern region of Georgia. Among NHB, excess deaths 

appeared more in the western region of Georgia. The CAR Bayesian model suggests that there is 

moderate spatial heterogeneity of CRC mortality among NHW but little variation among NHB. 

For both NHW and NHB, area-level poverty and area-level education did not explain the 

observed variation.  

 

Conclusion 

This analysis provides evidence of moderate spatial heterogeneity of CRC mortality in Georgia.  

Further research should establish other factors that may be contributing to heterogeneity to better 

target specific interventions that aim to improve the mortality disparity.  
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2.2 Introduction 

In the US and Georgia, colorectal cancer (CRC) is the 3rd leading cause of cancer death in 

both men and women, with more than an estimated 50,000 CRC deaths in 2020 (1, 2). CRC 

mortality rates have been declining in the US since 1990 (2). However, in Georgia, mortality rate 

trends differ by age, race, and gender. Among adults less than 50 years of age, mortality rates 

had increased in 1990-2008, whereas adults above 50 experienced mortality rates that declined 

per year (37). CRC mortality has decreased in both Black males and White males, where the 

Black male mortality rate decreased by 0.5% per year and the White male mortality rate by 4.5% 

per year in 2002 – 2008 (37). CRC mortality has decreased in both Black females and White 

females, where the Black female mortality rate decreased by 0.5% per year and the White female 

mortality rate by 1.4% per year in 1990 – 2008 (37). Overall, these mortality rate trends from 

Georgia are comparable to those of the US more generally.  

CRC survival is influenced by many factors, such as stage at diagnosis and individual 

characteristics such as age, race/ethnicity, and socioeconomic status (SES) (38). For both the US 

general population and the population of the state of Georgia, race disparities persist in CRC 

mortality. In the US in 2012-2016, CRC mortality rates among Non-Hispanic Blacks (NHB) 

were 40% higher compared to Non-Hispanic Whites (NHW) (2). This trend was seen in Georgia 

in 2006-2011, where Black males had the highest age-adjusted mortality rate of 29 deaths per 

100,000, followed by Black women (19 deaths per 100,000), White males (18 deaths per 

100,00), and the lowest in White females (12 deaths per 100,000) (1).  

Many studies in the US have investigated the influence of individual-level risk factors 

such as SES, obesity, and health insurance on CRC mortality (22, 39, 40). In particular, studies 

using different measures of SES have consistently found that those who are from lower SES 
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have an increased risk of mortality from CRC (22, 41). A cohort study found that stage at 

diagnosis and SES partially explained the difference in mortality rates among Black individuals 

compared to Whites (42). Further examining racial disparities in CRC outcomes, one study 

found that ~50% of the Black-White disparity in mortality was explained by screening use and 

stage-specific CRC survival (43).   

Georgia has one of the biggest metropolitan cities, Atlanta, in the US, and a large Black 

population, with roughly 2 million (32.6%) of its citizens identifying as Black (44, 45). Atlanta 

also has the largest income inequality in the nation (46). Low SES disproportionately affects 

Black individuals and reinforces racial health disparities across multiple aspects of the cancer 

care continuum (25, 47). To our knowledge, there have been few studies in Georgia focusing on 

how SES influences CRC mortality. In an exception, one study found that those living in lower-

middle and low-SES areas in Georgia were at greater risk of death following CRC diagnosis 

compared to higher or upper-middle SES individuals (lower-middle: HR = 1.16, low: HR = 1.24) 

(17). Another study found a moderate negative correlation between living in worse 

social/economic environment and Mortality-Incidence-Ratios among Black CRC patients, 

whereas among White individuals a strong positive correlation was observed (48). One study did 

find that rural residence increased risk of death after CRC diagnosis, that was completely 

explained by census tract level SES (17). Though these studies looked at how individual factors 

influence risk of CRC mortality, they did not account for neighborhood environment. While one 

study assessed rural-urban differences, these proxies of neighborhood environment may not be 

sensitive to critical factors that influence behavior. Importantly, the environments in which 

people live and work shape individual choices that affect downstream health outcomes; 

therefore, considerations of the neighborhood environment must be accounted for in studies of 
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CRC outcomes. Additionally, understanding area-level drivers of CRC disparities can help guide 

public health policy and intervention, as they may be more amendable to intervention.  

Geospatial analysis is a growing statistical method in public health surveillance that 

incorporates space to understand health outcomes. Geospatial analysis, therefore, provides a 

novel and valuable method for sensitively assessing neighborhood environmental effects on 

health outcomes. To date, several studies have focused on residential racial segregation, 

accessibility of screening services, and broad measures of socioeconomic status on late-stage 

diagnosis and CRC mortality from a geospatial lens (16, 49, 50). One study found that among 

those with low behavioral risk for CRC mortality, an increase in SES deprivation increased 

predicted CRC mortality rates by 11 people per 100,000 (16). However, there are few studies 

focusing on the spatial influence of area-level metrics on CRC outcomes as a contributor to 

racial disparities, and no studies done in the state of Georgia.  

This thesis project aims to characterize the spatial structure of CRC mortality by race 

across counties in Georgia by comparing race-specific standardized mortality ratios (SMRs). 

Furthermore, we aim to explore area-level poverty and education as potential drivers of 

heterogeneity in CRC mortality across the state. By identifying areas with greater disparity, 

funding and interventions could be focused to increase equity in areas of need.   

 

2.3 Methods 

Data Sources 

Individual patient, mortality, and population data were obtained using the information 

provided by Surveillance, Epidemiology, and End Results (SEER), an organization funded by 

the National Cancer Institute. The SEER cancer registry collects information on individual 
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demographics and tumors for all incident cancer cases. Data was obtained from SEER 18 and the 

SEER*Stat software, which includes the 3 SEER registries in Georgia at the time of diagnosis. 

The 3 Georgia registries, collected from the Georgia Center for Cancer Statistics (a division 

within Rollins School of Public Health’s Epidemiology department), include Atlanta, Greater 

Georgia, and Rural Georgia. The Atlanta (Metropolitan) registry consists of Clayton, Cobb, 

DeKalb, Fulton, and Gwinnett County. The Rural Georgia registry consists of Glascock, Greene, 

Hancock, Jasper, Jefferson, Morgan, Putnam, Taliaferro, Warren, and Washington County. All 

remaining counties are included in the Greater Georgia registry.  

Area-level information was obtained utilizing the US Census Bureau’s American 

Community Survey (ACS) 5-year data, 2006-2010. The ACS is a nationwide cross-sectional 

survey that provides information on the nation’s social, economic, housing, and demographic 

characteristics annually (51).  

 

Study Population 

Participants met the following criteria: individuals were diagnosed in Georgia with non-

metastatic colon or rectal cancer from 2005-2011. The diagnosis of colon or rectal cancer had to 

be the first lifetime cancer diagnosis and diagnosed at the age of 20 or older. The aim of the 

study was to compare racial differences between non-Hispanic Black and non-Hispanic White 

participants, so study participants had to self-identify as 1 of these 2 racial/ethnic groups. This 

resulted in an initial study population of N=16,157 CRC cases.  

Individual CRC-specific deaths were included in the final analysis if survival months 

were less than or equal to 60 months (5 years) from date of diagnosis to ensure equal follow up 

time. Death was considered colorectal cancer-specific if the cause of death was recorded as 

“Colon excluding Rectum” or “Rectum and Rectosigmoid Junction”. If survival months and/or 
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cause of death were unknown, the participants were excluded from the study. This resulted in a 

final population of N = 2,622 CRC-specific deaths for analysis. Observed deaths were then 

aggregated at the county level and by race. The research question focuses on the race-specific 

spatial heterogeneity of CRC mortality across counties in Georgia. Therefore, individual CRC-

specific deaths were aggregated at the county level using the county of residence at the time of 

cancer diagnosis of each patient. 

Additional individual demographic information pulled from SEER included gender, 

race/ethnicity (NHW/NHB), age at diagnosis, county residence at diagnosis, primary site of 

cancer, tumor stage, survival months, and cause of death for descriptive use.  

The International Classification of Disease for Oncology, Third Edition (ICD-O-3)/World 

Health Organization (WHO) 2008 guidelines were used to identify CRC cases. Colorectal was 

defined as the cecum, appendix, ascending colon, hepatic flexure, transverse colon, splenic 

flexure, descending colon, sigmoid colon, large intestines, rectosigmoid junction, and rectum. 

For tumor-specific information, each participant was classified according to SEER’s summary 

staging manual 2000. According to the SEER website, the 2000 version contains the most 

precise clinical and pathological information obtained from medical records to describe the 

extent of disease (52). Tumor stage was classified as either localized or regional. Individuals 

were identified as having CRC as a primary cancer if their sequence number was defined as: one 

primary only, 1st of 2 or more primaries, one state registry-defined neoplasm, or 1st of 2 or more 

state-registered defined neoplasms. 

 

Covariates 
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The research question focuses on the race-specific spatial heterogeneity of CRC mortality 

across counties in Georgia and whether area-level poverty and education explain the 

heterogeneity observed. Therefore, there are two covariates of interest: area-level poverty and 

area-level education.  

 

Area-level poverty 

To measure area-level poverty, county level data was used to approximate poverty. Area-

level poverty was determined by estimating the percentage of persons living below the federal 

poverty line. Counties with greater than 20% of persons living below the federal poverty line 

were considered poor. Percentages were derived from the 2006 – 2010 ACS.  

 

Area-level education 

To measure area-level education, county level data was used to approximate educational 

attainment. Area-level education was determined by estimating the percentage of adults over 25 

with less than 12th grade education (no high school degree or GED equivalent). Percentages were 

derived from the 2006 – 2010 ACS. 

 

Rurality 

Rurality definitions followed the Georgia Department of Public Health guidelines (53) . 

Any county with a population of less than 50,000 according to the United States 2010 census 

was categorized as Rural. Any county with a population of 50,000 or more according to the 

United States 2010 census was categorized as non-Rural.  
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Outcomes 

Standard Mortality Ratio 

The standard mortality ratio (SMR) was used to measure CRC-specific mortality. 

Race/ethnicity-specific expected deaths were calculated for each county using population data 

extracted from SEER. Expected deaths were aggregated by county, race, and age for indirect 

age-standardization. Age groups mirrored Georgia Department of Public Health’s CRC age 

categorization (1). The categories were defined as ages 20-49, 50-64, 65-74, and 75+. 

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑑𝑒𝑎𝑡ℎ𝑠 𝑓𝑜𝑟 𝑟𝑎𝑐𝑒𝑗 =  ∑ 𝑝𝑜𝑝ij ∗ 𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑅𝑎𝑡𝑒𝑖𝑗 ∗ 𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦𝑖𝑗

4

𝑖=1

 

where: 

i = age group,  

j = race/ethnicity, 

Populationij = count of individuals of race j, age i, for the diagnosis period 2005-2011 

 

The crude SMR was then calculated by race and county, and indirectly adjusted for age, using 

this equation: 

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑀𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦 𝑅𝑎𝑡𝑖𝑜𝑗𝑘 =
𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐷𝑒𝑎𝑡ℎ𝑠𝑗𝑘

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐷𝑒𝑎𝑡ℎ𝑠𝑗𝑘
 

 where: 

 j = race/ethnicity, 

 k = county 

 

 

Data Analysis 

 Descriptive statistics of all covariates and outcome in the overall population were 

obtained using the TABLES function in R. 

 

Spatial Smoothing 

To answer the first aim of describing the spatial heterogeneity of CRC mortality, a 

descriptive iterative borrowing technique was used to stabilize the SMR’s of each county and 
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account for instability due to small numbers of CRC deaths. Under the assumption that near 

neighbors tend to be more similar than far, two borrowing techniques were implemented: 

different neighbor and common neighbor. The first smoothing approach, different neighbor, 

iteratively added neighboring county observed and expected CRC deaths to the county of interest 

until a minimum threshold of 30 observed deaths was met. Neighbors were added based on 

distances of county centroids, with the nearest neighboring county added first, and then 

sequentially from the next nearest county, until the threshold is met. The threshold of 30 

observed deaths was met separately for NHW and NHB. The second smoothing approach, 

common neighbor, followed the same steps as above, but instead the county threshold of 30 

observed deaths was met for both NHW and NHB groups concurrently.  

 

Statistical Analysis 

A conditional auto-regressive (CAR) Bayesian model was used to investigate area-level 

poverty and education as drivers of spatial heterogeneity of CRC mortality, separately. The CAR 

is a common prior used for spatial disease mapping, which suggests that the value of a given area 

can be estimated conditional on the level of the neighboring values (54). Bayesian disease 

mapping methods allow researchers to encode prior assumptions that may be unstated in a 

Frequentist approach. Unlike other traditional methods, the CAR model allows the estimation of 

disease by borrowing statistical information from neighbors to address instability due to small 

CRC mortality counts and accounts for spatial dependence of observations (54).  

 

Leroux Model 

The Leroux Model contains a single spatial random effect, 𝜓𝑖, that adjusts for the 

strength of the local neighborhood spatial autocorrelation constant, 𝜌. 
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A hierarchical model fit using the Markov chain Monte Carlo (MCMC) methods was 

used to obtain the posterior median estimates. There were 30,000 iterations discarded for MCMC 

burn-in, and then 30,000 additional samples were completed, with every 30th iteration kept, to 

determine the posterior distribution. A binary spatial weights matrix under the Queen contiguity 

neighbor definition was created.  

 

The Leroux hierarchical model can be written as: 

Likelihood: 

𝑌𝑖|𝜃𝑖 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝐸𝑖𝜃𝑖) 

where: 𝑌𝑖 = counts of death for countyi 

Ei = expected death counts 

𝜃𝑖 = the multiplicative (relative) excess risk for countyi 

 

𝜓𝑖 =  log (𝜃𝑖) 

𝑌𝑖|𝛽, 𝜓𝑖 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝐸𝑖 exp( 𝑥𝑖𝛽 + 𝜓𝑖) 

where: 𝑌𝑖 = counts of death for countyi 

𝛽 = fixed effect for covariates 

𝜓𝑖 = log(𝜃𝑖), spatial random effect for countyi 

Ei = expected death counts 

 

Prior definitions: 

𝛽 ~ 𝑁(0, 100000) 

where: 𝛽 = covariate fixed effect 

 

𝜓𝑘| 𝝍−𝑘 , 𝑊, 𝜏2, 𝜌 ~ 𝑁 (
𝜌 ∑ 𝑤𝑘𝑖𝜓𝑖

𝐾
𝑖=1

𝜌 ∑ 𝑤𝑘𝑖 + 1 −  𝜌𝐾
𝑖=1

 ,
𝜏𝑢

2

𝜌 ∑ 𝑤𝑘𝑖 + 1 −  𝜌𝐾
𝑖=1

) 

where: k = county of interest 
W = spatial weights matrix 
𝜏2 = variance 

𝜌 = spatial autocorrelation constant 

 

Hyperpriors definitions:  

𝜏2 ~ 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 − 𝐺𝑎𝑚𝑚𝑎(1, 0.01) 

𝜌 ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 1) 

 

 

The three models mentioned above were run using the Leroux method to assess the 

association of the two covariates, area-level poverty and area-level education, and CRC-specific 
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mortality. The first model did not contain any covariates. The second model included area-level 

poverty. The third model included area-level education. The same three models were run a 

second time using the same methods, but for NHW and NHB, separately. The fitted values were 

then extracted from the models and mapped.  

To compare models, the deviance information criterion (DIC) was used, with smaller 

values indicating a better model fit (55).  

 

2.4 Results 

 In the final analysis of 2,622 individuals with CRC-specific mortality in Georgia, 1811 

(69.1%) identified as Non-Hispanic White, and 811 (30.9%) identified as Non-Hispanic Black. 

Additionally, 1387 (52.9%) identified as male and 1235 (47.1%) identified as female. The mean 

age at diagnosis among NHW and NHB was 68.9 and 64.2, respectively. A greater percentage of 

NHB were diagnosed between 20-64 years old, whereas a greater percentage of NHW were 

diagnosed between 65-75+.  

 

 

Crude Race-specific Age-adjusted Standard Mortality Ratios by County 

 

 After aggregating to the county level, 12 counties observed no NHW CRC-specific 

deaths, and 38 counties observed no NHB CRC-specific deaths. Calhoun and Taliaferro County 

both observed no NHW and NHB deaths within the inclusion requirements. Banks County had 

the highest SMR (10.8) amongst NHB (Figure 1). Madison County had the highest SMR (3.63) 

among NHW (Figure 1). There was more heterogeneity in CRC mortality among NHB across 

counties (SMR IQR: 0.80, 1.69) compared to NHW (0.79, 1.43) (Table 2).   
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NHB in Rural counties also observed greater CRC deaths than expected (1.30) compared 

to NHW (1.12) in Rural counties (Table 2). In non-Rural counties, SMR for NHW and NHB 

were similar (0.98 versus 0.91, respectively).  

 

Descriptive Smoothing – Different Neighbor Approach 

 

 Median SMR for NHW overall using the different neighbor approach was 1.06 (IQR: 

0.90, 1.25), whereas the median SMR for NHB overall was 1.03 (0.89, 1.18) (Table 2). Table 2 

also shows NHB SMR deaths were smoothed more towards the null value of 1.0 compared to 

NHW. The map in Figure 2 suggests there is slight clustering of excess NHW deaths in the 

Northeastern and Southeastern corners of Georgia. Whereas spatial autocorrelation of NHB CRC 

excess deaths were more prominent in northeastern and southwestern corners of Georgia (Figure 

4).  

There were more NHW observed deaths than expected in Rural counties (Median SMR = 

1.06; IQR 0.92, 1.27) compared to non-Rural counties (Median SMR = 0.99; IQR 0.85, 1.17) 

(Table 2). Similarly, NHB living in non-Rural counties (Median SMR = 0.90; IQR 0.81, 1.04) 

experienced less observed deaths than expected compared to Rural counties (Median SMR = 

1.07; IQR 0.96, 1.22) (Table 2). 

 

Descriptive Smoothing – Common Neighbor Approach 

The map in Figure 3 suggests the mortality ratios were smoothed more towards the null 

among NHW compared to the different neighbor approach. Median SMR for NHW overall using 

the common neighbor approach was 1.06 (IQR 0.91, 1.14), whereas the median SMR for NHB 

overall was 1.03 (IQR 0.89, 1.16) (Table 2). Similarly, to the different neighbor approach, 
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clustering of excess NHW deaths in the Northeastern and Southeastern corners of Georgia 

(Figure 3). Clustering of NHB excess deaths using the common neighbor approach is almost 

exactly similar to the different neighbor approach (Figure 2, Figure 3).  

NHW SMR among Rural counties (Median SMR = 1.05; IQR 0.91, 1.16) were higher 

than non-Rural counties (Median SMR = 0.94; IQR 0.86, 1.10) (Table 2). Similarly, NHB in 

Rural counties (Median SMR = 1.07; IQR 0.96, 1.21) exhibited more excess deaths than non-

Rural counties (Median SMR = 0.89; IQR 0.81, 1.02) (Table 2). 

 

CAR Bayes Leroux Model – Non-Hispanic Whites 

The model fits along with the relative risk estimates are illustrated in Table 3. Using the 

Leroux Model, NHW CRC-specific deaths showed low spatial autocorrelation across counties (𝝆 

= 0.12 – 0.15) (Table 3). For every 10% increase in area-level poverty, we observed a 3% 

increased risk of CRC-specific mortality among NHW (95% CI 0.92, 1.15) (Table 3). However, 

area-level education appears to be associated with CRC-specific deaths among NHW (RR = 

1.18; 95% CI, 1.04, 1.30) (Table 3). Both area-level education and area-level poverty did not 

explain the spatial heterogeneity in CRC-mortality, as the DIC model fit statistic increases as 

covariates are added into the model (Table 3). Additionally, NHW SMRs remained largely 

similar across counties when covariates were added to the model (Figure 4).  

 

CAR Bayes Leroux Model – Non-Hispanic Blacks 

 

Using the Leroux Model, NHB CRC-specific deaths showed moderate spatial 

autocorrelation (𝝆 = 0.41 – 0.45) (Table 3). There is little spatial heterogeneity of CRC-mortality 

among NHB using the CAR Bayes smoothing technique (Median SMR = 1.01; IQR, 1.00, 1.01) 
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(Table 2, Figure 5). We observed modest associations between area-level poverty or area-level 

education, and CRC-specific deaths among NHB. For every 10% increase in area-level poverty, 

risk of CRC-specific mortality increased by 12% among NHB (95% CI 0.99, 1.26) (Table 3). For 

every 10% increase in area-level education appears, risk of CRC-specific deaths increased by 

11% among NHB (RR = 1.11; 95% CI, 0.98, 1.24) (Table 3). Neither area-level education nor 

area-level poverty explained the spatial heterogeneity in CRC-mortality, as the DIC the model fit 

statistic remained relatively consistent as covariates were added into the model (Table 3). In fact, 

spatial heterogeneity increased slightly as covariates were added to the model (Figure 5). 

 

2.5 Discussion 

This study investigated whether CRC mortality varied across counties in Georgia by race 

and whether area-level SES measures explained the variation observed. The results of the 

descriptive borrowing techniques indicated that there was moderate heterogeneity of CRC 

mortality across counties for both NHW and NHB. For example, the counties near the Atlanta 

metro and Southwestern Georgia regions observed fewer cancer deaths among NHW than 

expected, whereas counties near Southeastern Georgia observed more cancer deaths among 

NHW (Figure 4). For NHB, patterns of low mortality were observed in the Atlanta area and 

Southeastern Georgia, whereas patterns of high mortality were observed in Western Georgia 

(Figure 5). Interestingly, there is little variation in CRC mortality across counties among NHB 

using the CAR Bayesian model, as the range of county SMRs is relatively close to 1.0.   

 In contrast to our hypothesis that poverty and education would explain the variation in 

CRC mortality, our findings from the fully Bayesian model disagreed with our hypothesis and 

area-level education and area-level poverty may not be drivers of the spatial heterogeneity of 
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CRC mortality in Georgia. Our null findings of county-level poverty contrast with several 

previous studies that did find an association between the covariate and CRC mortality. For 

instance, in a retrospective cohort study using the Georgia Comprehensive Cancer Registry (N = 

20,444), census tract-level SES completely explained the remaining excess risk of death 

associated with rural residence (HR = 1.14, 95% CI 1.07, 1.22) (17). It is important to note that 

our study ran a spatial analysis, whereas Hines et al. use the Cox Proportional Hazards Model 

and census tract-level data instead of county-level. Census tract-level data may capture more 

heterogeneity in SES compared to the county-level. Additionally, a previous study using a spatial 

regression model found that lower SES index was associated with increased CRC mortality (56). 

Whilst we also observed modest associations between county-level SES indicators and CRC-

specific deaths, the use of a single indicator for SES may be a contributor to our inconsistent 

findings.  

There were notable limitations to this study. The study lacked individual-level information 

on poverty level and educational attainment. Using county-level poverty and education as 

individual-level proxies may introduce an ecologic fallacy by not accurately reflecting 

individuals’ status. The use of spatial data aggregated to a different area unit also introduces the 

modifiable areal unit problem (MAUP), which may cause varying estimates in correlation 

coefficients (57). Data were aggregated to the county level as this scale is better for intervention 

targeting, however, the MAUP may not have been eliminated. In addition to this, area-level 

factors are geographically specific, and our findings may not be generalizable to other areas 

outside of Georgia.  

Though the study aimed to compare the lived experiences of Non-Hispanic Whites to Non-

Hispanic Blacks, there is not a direct comparison of the two groups together. Therefore, there 
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may be a disparity in mortality between the two groups that was not captured due to the 

analytical approach used. Additionally, the small sample size of NHB deaths may have affected 

the validity of the study. The borrowing method from both the descriptive approach and the fully 

Bayesian model should have created more stable measures, however, small numbers could have 

caused over-borrowing and over-smoothing of counts.  

Despite the limitations, our study provides insight that CRC mortality is not homogenous 

across counties in Georgia and area-level SES measures may not explain the variation seen. The 

study also uses a method that allows for the estimation of disease by borrowing statistical 

information from neighbors to address instability due to small counts. Future research should 

also focus on other measures, such as screening prevalence and primary care physical access, 

that may explain the heterogeneity to aid with identification of areas in need of public health 

funding and interventions. 
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2.7 Tables and Figures 

 

Table 1. Characteristics of observed CRC-specific deaths in Georgia, 2005-2011 

(N = 2622) 

Sample characteristics 

Non-Hispanic 

White 

n = 1811 

(69.1%) 

Non-Hispanic 

Black 

n = 811 

(30.9%) 

Total 

n = 2622 

  n % n % n % 

Anatomic location of cancer       

Colon 1347 74.4 638 78.7 1985 75.7 

Rectum 464 25.6 173 21.3 637 24.3 

Sex       

Female 835 46.1 400 49.3 1235 47.1 

Male 976 53.9 411 50.7 1387 52.9 

Age at diagnosis, years (mean) (SD) 68.9 13.6 64.2 15.0 67.4 14.2 

Age group       

20-49 158 8.7 132 16.3 290 11.1 

50-64 501 27.7 293 36.1 794 30.3 

65-74 458 25.3 162 20.0 620 23.6 

75+ 694 38.3 224 27.6 918 35.0 

Tumor stage       

Localized 505 27.9 248 30.6 753 28.7 

Regional 1306 72.1 563 69.4 1869 71.3 
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Table 2. Race-stratified colorectal cancer SMRs in Georgia counties according to urban or rural 

designation 

  

Non-Rural Counties  

(N = 41) 

Median SMR (IQR) 

Rural Counties  

(N = 118) 

Median SMR (IQR) 

Non-Hispanic White     

Crude 0.98 (0.81, 1.28) 1.12 (0.77, 1.56) 

Iterative smoothing: different neighbors 0.99 (0.85, 1.17) 1.06 (0.92, 1.27) 

Iterative smoothing: common neighbors 0.94 (0.86, 1.10) 1.05 (0.91, 1.16) 

CARBayes smoothing     

Leroux: intercept only 1.02 (0.93, 1.15) 1.06 (1.00, 1.15) 

Leroux covariate adjusted: poverty 1.02 (0.92, 1.16) 1.08 (1.02, 1.17) 

Leroux covariate adjusted: education 1.01 (0.90, 1.09) 1.13 (1.07, 1.23) 

     

Non-Hispanic Black     

Crude 0.91 (0.75, 1.10) 1.30 (0.84, 1.84) 

Iterative smoothing: different neighbors 0.90 (0.81, 1.04) 1.07 (0.96, 1.22) 

Iterative smoothing: common neighbors 0.89 (0.81, 1.02) 1.07 (0.96, 1.21) 

CARBayes smoothing     

Leroux: intercept only 1.00 (0.99, 1.01) 1.01 (1.00, 1.01) 

Leroux covariate adjusted: poverty 0.96 (0.93, 0.99) 1.03 (1.00, 1.08) 

Leroux covariate adjusted: education 0.99 (0.95, 1.03) 1.08 (1.04, 1.11) 

 

Table 2. Continued…  

  

Georgia Overall  

(N = 159) 

Median SMR (IQR) 

Non-Hispanic White   

Crude 1.09 (0.79, 1.43) 

Iterative smoothing: different neighbors 1.06 (0.90, 1.25) 

Iterative smoothing: common neighbors 1.01 (0.91, 1.14) 

CARBayes smoothing   

Leroux: intercept only 1.05 (0.99, 1.15) 

Leroux covariate adjusted: poverty 1.08 (1.00, 1.16) 

Leroux covariate adjusted: education 1.11 (1.04, 1.21) 
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Non-Hispanic Black   

Crude 1.10 (0.80, 1.69) 

Iterative smoothing: different neighbors 1.03 (0.89, 1.18) 

Iterative smoothing: common neighbors 1.03 (0.89, 1.16) 

CARBayes smoothing   

Leroux: intercept only 1.01 (1.00, 1.01) 

Leroux covariate adjusted: poverty 1.02 (0.97, 1.07) 

Leroux covariate adjusted: education 1.06 (1.02, 1.10) 
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Table 3. CAR-Bayesian Leroux model fitting results and relative risk of CRC mortality 

 Effect(s) 

  

Posterior  

Median 

95% Bayesian  

Credible Intervals 10% RR 95% RR CI 

Non-Hispanic White     

Leroux: intercept only 0.0503 (-0.0107, 0.1070) 1.05 (0.99, 1.11) 

Leroux covariate adjusted: 

poverty 0.0028 (-0.0084, 0.0144) 1.03 (0.92, 1.15) 

Leroux covariate adjusted: 

education 0.0162 (0.0041, 0.0262) 1.18 (1.04, 1.30) 

Non-Hispanic Black     

Leroux: intercept only 0.0030 (-0.0672, 0.0770) 1.00 (0.93, 1.08) 

Leroux covariate adjusted: 

poverty 0.0111 (-0.0014, 0.0228) 1.12 (0.99, 1.26) 

Leroux covariate adjusted: 

education 0.0101 (-0.0015, 0.0217) 1.11 (0.98, 1.24) 

 

 

   

Table 3. Continued… 

  DIC 𝝆 

Non-Hispanic White   

Leroux: intercept only 799.43 0.1363 

Leroux covariate adjusted: poverty 800.11 0.1221 

Leroux covariate adjusted: education 802.66 0.1514 

Non-Hispanic Black   

Leroux: intercept only 538.84 0.4145 

Leroux covariate adjusted: poverty 538.12 0.4455 

Leroux covariate adjusted: education 538.37 0.4178 
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Figure 1. Race-stratified crude colorectal cancer age-adjusted standard mortality ratio across 

counties in Georgia. Data was obtained from SEER for individuals diagnosed in Georgia 2005-

2011 
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Figure 2. Colorectal cancer standard mortality ratio by county in Georgia using the different 

neighbor approach 

 
 
 

 

Figure 3. Colorectal cancer standard mortality ratio by county in Georgia using the common 

neighbor approach 
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Figure 4. Leroux Model fitted NHB standard mortality ratio across counties in Georgia. A 

binary spatial weights matrix using the Queen contiguity neighbor definition was used 

 
 

 

 

 

Figure 5. Leroux Model fitted NHB standard mortality ratio across counties in Georgia. A 

binary spatial weights matrix using the Queen contiguity neighbor definition was used 
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CHAPTER III: SUMMARY, PUBLIC HEALTH IMPLICATIONS, POSSIBLE FUTURE 

DIRECTIONS 

 

The goal of this thesis was to characterize the variation in CRC mortality across counties 

in Georgia by race. Additionally, it was to explore if area-level poverty and education were 

drivers in the variation seen. The study showed moderate heterogeneity of CRC mortality in 

Georgia by both NHW and NHB. Although area-level poverty and education did not influence 

heterogeneity, the findings from this study still provide valuable information on where CRC 

mortality prevalence was greatest or lowest in Georgia.  

After characterizing CRC mortality in Georgia, the results of this thesis also indicated 

that Rural counties in Georgia experience slightly greater mortality compared to non-Rural 

counties. Additional research is needed to identify if area-level measures influence CRC 

mortality by rurality. Understanding these mechanisms could further identify areas in need of 

public health funding and intervention.  

 Epidemiologic cartography and other GIS approaches map raw data to visualize health 

statistics. It is a necessary tool for descriptive epidemiology, but it is not as sufficient as disease 

mapping and spatial analysis. Instead, disease mapping is driven by core epidemiologic questions 

and focuses on fixing fundamental epidemiologic and statistical problems. Disease mapping is a 

tool that can characterize the distribution of health within a geographic area, whereas spatial 

analysis allows researchers to estimate the determinants of health. These tools are increasingly 

being incorporated within population health and health surveillance studies.  

This thesis focused mainly on disease mapping, where we looked at different techniques 

that would give the best estimate of spatial heterogeneity in disease intensity and where 

specifically intensity was higher or lower. Future research could explore alternative ways to 

answer this research idea. For instance, spatial cluster analysis could answer the following 
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questions: Is there significant clustering of CRC mortality, and where does the significant 

clustering exist? Another approach could be a spatial regression analysis to answer the following 

question: Is area-level poverty or education associated with CRC mortality after adjusting for 

spatial correlation?  

 This thesis also highlights the need for further research to examine other neighborhood 

characteristics that may be drivers in CRC mortality heterogeneity. While studies have looked at 

spatial access to colonoscopy and late-stage CRC diagnosis, a future approach can incorporate 

how the accessibility to screening services is related to CRC mortality (50). Furthermore, other 

research has examined SES as an index instead of single indicator, making it more difficult to 

identify effective interventions. Additional research should focus on other indicators used in SES 

indices, such as the percentage of insured or unemployed persons.  

  In conclusion, the findings from this thesis characterized the variation in CRC mortality 

across counties in Georgia and by race. The descriptive borrowing techniques indicated that 

counties near Southeastern Georgia observed more cancer deaths among NHW persons, and 

patterns of high mortality were observed in Western Georgia among NHB persons. The findings 

also exploit remaining questions about whether socioeconomic status explains the heterogeneity 

seen in CRC mortality. Future research is needed to understand other mechanisms that may be 

drivers of variation in CRC mortality. By identifying these drivers and areas with greater 

disparity, funding, and interventions could be focused on increasing equity in areas of need.   
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4.0 Appendices 

 

4.1 Appendix A 

 

 

Literature Review  



Author, Year PMID Population Research Question Assessment 

    N Race/Ethnicity 
Study 

Period 
  Independent Var 

Yang J (2016) 27936129 57,847 NA 2000-2012 

Identify the most useful method for 

grouping colorectal cancer by tumor 

location according to both baseline and 

survival characteristics 

Primary tumor site 

Hines RB (2012) 22757954 15,174 White, Black 1992-2007 

What are the CRC outcomes for a sample of 

residents of the state of Georgia according 

to geographic residence (rural vs urban) and 

race? 

race, ethnicity, county of residence 

at time of diagnosis (rural vs 

urban) 

Hines RB (2014) 24432920 20,444 NA 2000-2007 

We examined the impact of geographic 

residency status and census tract (CT)-level 

socioeconomic status (SES) on colorectal 

cancer (CRC) outcomes. 

Race/Hispanic ethnicity, Gender, 

Age at diagnosis, Date of 

diagnosis, First course of treatment 

received, Last date of follow-up, 

Vital status at last follow-up, 

Census Tract of patient’s 

residential address, SES at CT 

level 

Hinshaw (2021) 33394205 37,803 NA 2008-2016 

What are CRC incidence and mortality 

across counties in eastern North Carolina, 

by stage, and are there racial disparities? NA 

Kruse-Diehr (2021) 33600304 252 White, Black 1999-2018 

What is the relationship between racial 

residential segregation and CRC mortality, 

do these effects of segregation differ by race 

and rurality? 

racial residential segregation, 

rurality 

 

  

https://pubmed.ncbi.nlm.nih.gov/27936129/
https://pubmed.ncbi.nlm.nih.gov/22757954/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3953793/
https://link.springer.com/article/10.1007%2Fs10552-020-01381-2
https://www.ncbi.nlm.nih.gov/pubmed/33600304
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Author, Year Assessment Statistical analysis Results (report main effect estimates only) Overarching Conclusions 

  Covariates Dependent Var       

Yang J (2016) 

age at diagnosis, year of 

diagnosis, ethnicity, sex, stage, 

tumor grade, mucinous 

histology, treatment 

Disease-specific 

survival (DSS), time 

to DSS 

Cox Proportional Hazards 

regression model, Kaplain 

Meier curves 

Compared with LCC and ReC, RCC was 

significantly affected older patients (median age 75 

years) and women (55.4%), to be advanced stage 

(stage II and above; 72.1%), and to have mucinous 

histology (14.9%).  

LCC and ReC share 

characteristics but differ 

from RCC with regard to 

baseline characteristics and 

DSS. Reasonable to divide 

CRC into 3 entities. 

Hines RB (2012) 

gender, age at diagnosis, 

county level variables (median 

household income, % of 

individuals living below 

poverty level, % high school 

graduates, % of adults 

unemployed, % of adults with 

professional occupations), SES 

late stage of disease 

at diagnosis (stage III 

and IV), receipt of 

treatment, cancer-

specific mortality 

chi-squared test, t-test, 

multilevel logit model, Cox 

proportional hazards model 

African Americans had 40% increased odds of late-

stage CRC diagnosis (OR, 1.40; 95% CI, 1.30-1.51) 

compared to their white counterparts. Rural/urban 

county-level designation was not associated with 

late-stage CRC diagnosis 

Rural residents 

experienced increased risk 

of death due to colon 

cancer. African Americans 

have decreased odds of 

receiving surgery. 

Hines RB (2014) NA 

late-stage disease at 

diagnosis, receipt of 

treatment (chemo, 

surgery), survival 

Kaplan Meier method, Chi-

squared statistic, odds ratios, 

mutilevel hierarchical 

models, Cox proportional 

hazards model 

For COLON cancer: Residents of low-SES CTs 

also had 17% decreased odds (AOR = 0.83; 95% 

CI = 0.72, 0.96) of receiving chemotherapy. In 

model 2, compared with urban residents, rural 

residents had 14% higher risk of death (hazard ratio 

[HR] = 1.14; 95% CI = 1.07, 1.22) following 

diagnosis. 

There was no association 

between late-stage disease 

at diagnosis and geography 

or SES. 

Hinshaw (2021) NA 

incidence and 

mortality rates Just calculated rates 

Overall mortality rates were significantly higher in 

the hotspot (18.1, 95% CI 16.6–19.7) and Eastern 

NC (15.9, 95% CI 15.3–16.6) compared to Non-

ENC (13.9, 95% CI 13.7–14.2) areas. By stage 

(localized, regional, and distant) were also higher in 

hotspots. 

The paper says that spatial 

mapping identified distinct 

"hotspots" in certain 

counties in NC, however, 

information is from a prior 

study. The methods and 

figures don’t show they 

conducted the spatial 

analysis themselves.  

Kruse-Diehr 

(2021) 

SES (e.g. low income, low 

education, overcrowding) mortality 

Mixed linear regression 

model 

Urban Delta Region counties with low and high, 

but not moderate, levels of racial segregation had 

higher CRC mortality rates among Black residents 

but not as evident in rural counties.  

Racial segregation was not 

significantly associated 

with CRC mortality among 

White residents in urban 

counties 
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Author, Year PMID Population Research Question Assessment 

   N Race/Ethnicity 
Study Pop 

Period 
  Independent Var 

Torress (2018) 30425965 1,120 NA 2000-2010 

What are the geographic distributions of 

breast, cervical, and CRC incidence 

among female residents in Baltimore 

City, MD, and the neighborhood 

characteristics associated with those 

distributions? 

cancer type, mean age at diagnosis, 

tumor grade, race, and street address 

of patient at diagnosis 

Kuo (2019) 30640041 NA NA 2003-2013 

How does spatial autocorrelation work 

to obtain unbiased estimates for the 

association between CRC mortality and 

county-level determinants in NC? 

county level (socio-demographic, 

access and quality of health care, 

behavioral risk factors, and 

urbanicity) 

Rogers CR (2020) 32509399 32,447 

NHW, NHB, 

Hispanic adults, 

Hispanic 

adolescents 15-49 1999-2016 

What are mortality hospots specific to 

men with Early Onset CRC? What are 

the differences in individual- and 

county-level characteristics between 

EOCRC hotspots and non-hotspots? 

individual and county-level 

determinants 

Veach (2014)  25426487 

3108 

counties 

Caucasian, 

African-

American, 

Hispanic/Latino 2005-2007 

What risk factors impact CRC death for 

each racial group? 

median county income, % below 

poverty level, % urban, avg diabetes 

rate, avg obesity rate, % age pop, % 

race 

Geyer (2020) 33221647 

106 ASC 

locations NA 2013-2017 

What is the spatial relationship between 

CRC mortality and ambulatory surgery 

center density? Ambulatory Surgery Center Density 

Carroll (2018) 30713133 82,828 NA 1973-2013 

What age-group specific survival 

following CRC diagnosis? How did it 

change over time? What are the 

differences in younger vs older ppl? age(early onset, older onset) 

 

  

https://www.ncbi.nlm.nih.gov/pubmed/30425965
https://www.sciencedirect.com/science/article/pii/S1877782118304673?via%3Dihub
https://pubmed.ncbi.nlm.nih.gov/32509399/
https://www.ncbi.nlm.nih.gov/pubmed/25426487
https://pubmed.ncbi.nlm.nih.gov/33221647/
https://www.ncbi.nlm.nih.gov/pubmed/30713133
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Author, Year Assessment 
Statistical 

analysis 
Results (report main effect estimates only) Overarching Conclusions 

  Other Important Vars 
Dependent 

Var 
      

Torress (2018) 

% race, % racial diversity, % 

female-headed household, % 

household <$25k, % housing 

violation, crime, domestic 

violence, teen birth, % 

employed, % tree coverage 

spatial 

clusters/"hot 

spots" of 

cancer 

incidence 

hot spot analysis, 

ordinary least 

squares regression 

models for 

neighborhood-

level variables 

There was evidence of spatial variation in 

incidence of cancers. Small area estimates 

are needed to detect local patterns of disease. 

There was a relationship between colorectal 

cancer incidence and % African American in 

Baltimore City, however other 

neighborhood-level covariates were not 

significant. NA 

Kuo (2019) NA 

CRC-specific 

death 

cluster analysis, 

spatial 

econometric 

models, ordinary 

least squares 

model 

The average total effect of SES deprivation 

for each risk group: 60.78 (low), 0.76 

(moderate) and 1.32 (high risk). 1 sd increase 

in SES deprivation associated with, on 

average, an increase of 61 CRC deaths per 

100,000 for the low-risk group.  

Negligible effect in areas 

where behavioral risk was 

moderate or high.  

Rogers CR (2020) NA 

CRC specific 

survival 

probability, 

hazard in 

hotspots versus 

non-hotspots 

 Cox proportional 

hazards model, 

empirical Bayes 

(EB) smoothed 

model, LISA 

Men residing in hotspots were more likely to 

be diagnosed with metastatic disease (stage 

IV CRC) compared to those residing in non-

significant spots (2.58% vs 1.94%). 

Hotspot counties were more 

likely to have higher poverty 

rates, greater prevalence of 

adult obesity, more physical 

inactivity, lower college 

completion rates, higher adult 

smoking rates, increased 

rurality. 

Veach (2014) NA CRC mortality 

Moran's I and 

simultaneous 

autoregressive 

model 

CRC mortality rate among African 

Americans were positively correlated with 

average % population obese (0.016) 

Defined education as “at least 

high school degree” OR 

otherwise.  

Geyer (2020) NA CRC mortality 

global, local, 

regional Moran's I 

CRC mortality rates (median: 15.30 per 

100,000 of the US 2000 standard million 

population) exhibited hot spots in rural 

Pennsylvania counties. 

CRC mortality rates clustered 

in Rural PA counties. Surgery 

center density clusters were in 

Urban SE counties.  

Carroll (2018) 

race, marital status, cancer 

grade, malignant history, 

surgery, therapy, and county 

level SES related factors 

incidence and 

survival 

Bayesian Poisson 

Knorr-Held Model 

Improved survival for individuals in counties 

with higher % higher education and % 

persons living in poverty. There is age-group 

specific difference in CRC incidence and 

survival.  

They also could not adjust for 

race due to low non-White 

population 



 

 

41 

 

4.2 Appendix B 

 

Directed acyclic graph (DAG) of the association between area-level SES (exposure) and CRC 

mortality (outcome) 

 

 

 

  

Area-level Factors 

• Residing in 

lower 

income/higher 

poverty 

neighborhoods 

• Lower level of 

education 

Downstream effects 

• Less access to 

cancer care 

• Lower use of 

preventative 

services (& health 

literacy) 

• Later stage 

diagnoses 

• Less likely to have 

medical 

insurance/quality 

of insurance 

Higher CRC 

mortality 
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4.3 Appendix C 

 

 
Appendix C. Percentage of persons living below 200% of the poverty line by county in Georgia. 

American Community Survey, 5-year estimates, 2006-2010. 

 

 
Appendix C. Percentage of persons living below the poverty line by county in Georgia. American 

Community Survey, 5-year estimates, 2006-2010. 
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4.4 Appendix D 

 

 
Appendix D. Percent of adults over 25 with less than 12th grade education (no HS degree or GED 

equivalent) by county in Georgia. American Community Survey, 5-year estimates, 2006-2010. 

 

 

 

% living below poverty was calculated using this equation:  

Persons below the poverty line: 
(C17002e02 + C17002e03)

𝐶17002𝑒01
∗ 100 

 

 

% educational attainment was calculated using this equation:  

% < HS grad: 
(B15002e03 + … + B15002e10 + B15002e20 + … + B15002e27) 

B15002e01
∗  100 
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4.5 Appendix E 

 
Appendix E. Race-stratified crude colorectal cancer age-adjusted standard mortality ratio across counties 

in Georgia. Data was obtained from SEER for individuals diagnosed in Georgia 2005-2011. Legend cut 

points are same in both race/ethnicity maps.  
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4.6 Appendix F 

 
Appendix F. Legends with same cut points in each map. Leroux Model fitted NHW standard mortality 

ratio across counties in Georgia. A binary spatial weights matrix using the Queen contiguity neighbor 

definition was used. 
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4.7 Appendix G 

 

 
Appendix G. Legends with same cut points in each map. Leroux Model fitted NHB standard mortality 

ratio across counties in Georgia. A binary spatial weights matrix using the Queen contiguity neighbor 

definition was used. 

 


