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 39 

ABSTRACT 40 

Background: Prostate cancer (CaP) cases are high in the United States. According to the American 41 

Cancer Society, there are an estimated number of 174,650 CaP new cases in 2019. The estimated 42 

number of deaths from CaP in 2019 is 31,620, making CaP the second leading cause of cancer deaths 43 

among American men with lung cancer been the first. Our goal is to estimate and map prostate 44 

cancer relative risk, with the ultimate goal of identifying counties at higher risk where interventions 45 

and further research can be targeted.  46 

Methods: The 2012-2016 Surveillance, Epidemiology, and End Results (SEER) Program data was used 47 

in this study. Analyses were conducted on 159 Georgia counties. The outcome variable is incident 48 

prostate cancer. We employed a Bayesian geospatial model to investigate both measured and 49 

unmeasured spatial risk factors for prostate cancer. We visualised the risk of prostate cancer by 50 

mapping the predicted relative risk and exceedance probabilities. We finally developed interactive 51 

web-based maps to guide optimal policy formulation and intervention strategies.  52 

Results: Number of persons above age 65 years and below poverty, higher median family income, 53 

number of foreign born and unemployed were risk factors independently associated with prostate 54 

cancer risk in the non-spatial model. Except for the number of foreign born, all these risk factors 55 

were also significant in the spatial model with the same direction of effects. Substantial geographical 56 

variations in prostate cancer incidence were found in the study. The predicted mean relative risk was 57 

1.20 with a range of 0.53 to 2.92. Individuals residing in Towns, Clay, Union, Putnam, Quitman, and 58 

Greene counties were at increased risk of prostate cancer incidence while those residing in 59 

Chattahoochee were at the lowest risk of prostate cancer incidence. 60 

Conclusion: Our results can be used as an effective tool in the identification of counties that require 61 

targeted interventions and further research by program managers and policy makers as part of an 62 

overall strategy in reducing the prostate cancer burden in Georgia State and the United States as a 63 

whole.      64 

 65 
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Background  81 

Prostate cancer is the leading diagnosis of malignancy and the second cause of mortality among 82 

American men, with an estimated national annual health care cost of $9.8 billion [1, 2]. The United 83 

States Cancer Statistics reported 192,443 new cases of prostate cancer in 2016, with an incidence 84 

rate of 101 per 100,000 men, and 30,370 prostate cancer deaths or 19 deaths per 100,000 during 85 

the same year [3]. Despite an overall decline in incidence across the United States since the early 86 

1990s [4], there remain pockets of high prostate cancer burden. 87 

 88 

In the United States, the state of Georgia has the second largest annual incidence rate of prostate 89 

cancer [3]. In 2016, there were 7,160 reported new cases and 889 deaths in the state, with 90 

associated incidence and mortality rates of 133 and 23 per 100,000 men, respectively [3]. African 91 

American (AA) men not only have higher incidence of prostate cancer but also demonstrate 60% 92 

more mortality than white men, after controlling for incidence [5]. As 32% of Georgia consists of AA 93 

[6], it represents an unusual opportunity to investigate community factors associated with a high-94 

risk population. Although a few studies have identified high prostate cancer incidence in the 95 

southwest of the state [7, 8], the sociodemographic characteristics of these regions are not well 96 

described.  97 

 98 

For the purpose of planning for prostate cancer interventions with limited health resources, it is 99 

important to characterize and identify predictors of high prostate cancer burden at the community 100 

level. The present study, therefore, aims to 1) model and map Georgia county incidence of prostate 101 

cancer, 2) evaluate county sociodemographic factors associated with high incidence of prostate 102 

cancer.  103 

 104 

Methods 105 

Data source and study population  106 

We used the Surveillance, Epidemiology, End Results (SEER) population-based cancer registry, which 107 

is publicly available data to investigate county-level distribution of prostate cancer cases in the state 108 

of Georgia. For this ecological study, only newly diagnosed cases 40 years and older from January 1, 109 

2012 through December 31, 2016 were used for this study, because case reporting to SEER from the 110 

greater Georgia area started in 2010 and at the time of analysis SEER’s most current county 111 

attributes data spanned the 2012 to 2016 period. The greater Georgia area includes all counties in 112 

the state, except the 15 represented by the older Atlanta and Rural Georgia areas previously 113 

reported to SEER [9]. Therefore, since 2010 SEER captures cancer data from all 159 counties in 114 

Georgia. The SEER Georgia registry reports clinical, or preferentially pathologic diagnosis of cancer 115 
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from eligible patient records in hospitals, laboratories and physician offices [10, 11]. Patients must 116 

be Georgia residents at the time of diagnosis, even though the address of residence is not reported 117 

in the registry. Only patients with an International Classification of Diseases for Oncology, third 118 

edition, (ICD-O-3) with topography code C61 and behaviour code 3 were included for analysis. SEER, 119 

being one of the oldest registries in the country, represents the gold standard in reporting standards 120 

and data quality, with completeness rates of more than 97% [12-14].  121 

 122 

SEER data are publicly available deidentified records of cancer cases. Permission was sought  from  123 

and granted by SEER Program to access and use the data for this study. We did not attempt to 124 

identify, contact patients or link records to identifiable health information.   125 

 126 

Outcome variable 127 

The outcome variable is the number of incident prostate cancer cases per county. Detailed 128 

information is provided under the statistical analysis section.  129 

Covariates  130 

The covariates used in this study were county-level variables for the period 2012-2016 identified in 131 

the literature to be associated with the prostate cancer incidence [2, 15-17]. These included 132 

percentage of blacks in the counties, number of persons above 65 years of age in the counties, 133 

number of persons having at least a bachelor’s degree in the counties, mean age at diagnosis, 134 

number of persons living below poverty in the counties, number of foreign born persons in the 135 

counties, percentage of the rural population in the counties, monthly median family income in the 136 

counties, and number of unemployed. 137 

Statistical analysis 138 

We employed a Bayesian geospatial model to investigate both measured and unmeasured spatial 139 

risk factors for prostate cancer among men residing in 159 counties in Georgia State.  140 

Model Formulation 141 

We set 𝑌𝑖  to be the observed counts of prostate cancer cases in county 𝑖 and 𝐸𝑖  as the expected 142 

number of prostate cancer cases in county 𝑖. We implemented Besag-York-Mollié (BYM) model [18] 143 

to analyse the data. We assumed that 𝑌𝑖  are conditionally independently Poisson distributed, and 144 

modelled as: 145 𝑌𝑖  ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝐸𝑖𝜃𝑖), 𝑖 = 1, 2, … , 𝑛 146 

where 𝑛 is the number of counties (i.e n=159) and 𝜃𝑖 is the relative risk in county 𝑖. We expressed 147 

the logarithm of 𝜃𝑖 as: 148 
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𝑙𝑜𝑔(𝜃𝑖) = 𝛽0 + 𝒅(𝒙𝒊)′𝛽 + 𝑢𝑖 + 𝑣𝑖  , 149 

where 𝛽0 is the intercept parameter that represents the overall risk, 𝑑(. ) is a vector of observed 150 

covariates, 𝛽 is a vector of regression coefficients for the covariates, 𝑢𝑖 is a spatial structured effect 151 

component. We modelled the 𝑢𝑖 using conditional autoregressive (CAR) distribution given as: 152 𝑢𝑖|𝒖−𝒊 ~ 𝑁 (�̅�𝛿𝑖  , 𝜎𝑢2𝑛𝛿𝑖), and 𝑣𝑖 is an unstructured spatial effect defined as 𝑣𝑖 = 𝑁(0, 𝜎𝑣2).  153 

The relative risk 𝜃𝑖 quantifies whether county 𝑖 has higher (𝜃𝑖 > 1)  or lower (𝜃𝑖 < 1) risk than the 154 

average risk in the reference population. We produced the probabilities of predicted relative risk 155 

being greater than a given threshold 𝑐 (exceedance probabilities, i.e. 𝑃(𝜃𝑖 > 𝑐)).         156 

Finally, we visualised the risk of prostate cancer by mapping the predicted relative risk and 157 

exceedance probabilities. We developed interactive web-based maps to guide optimal policy 158 

formulation and intervention strategies targeted at improving the survival of prostate cancer 159 

patients and the overall health of men in Georgia. 160 

Using the Bayesian framework, we implemented our Poisson model through recommended 161 

strategies (i.e. Integrated Nested Laplace Approximation (INLA) with Stochastic Partial Differential 162 

Equation (SPDE)) [19, 20]. We followed non-informative approach in choosing our priors due to lack 163 

of reliable prior information about all parameters, and thus used the default priors available in the R-164 

INLA package. All the analyses were implemented in R-INLA package [21, 22]. We used 95% Bayesian 165 

Credible intervals to declare statistical significance. 166 

Results  167 

Sample characteristics  168 

On average, 31.6% Georgia county residents were African American or black while the percentage of 169 

persons aged ≥65 years was 15.6%. The mean percentage of persons having at least bachelor’s 170 

degree in the counties was 17.5% while the  overall percentages of persons below poverty and 171 

foreign born were 21.6% and 4.6% respectively, and with an average of 60.% rural population among 172 

all counties.  Overall, the median annual family income was $51,116 and the mean percentage of 173 

unemployed was 9.1%  (Table 1).  174 

 175 

 176 

 177 

[ Insert Table 1 around here] 178 

 179 

 180 

 181 
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Risk factors from non-spatial and spatial models  182 

Number of persons above age 65 years and below poverty, higher median family income, number of 183 

foreign born and unemployed were risk factors independently associated with prostate cancer risk in 184 

the non-spatial model (Figure 1).  185 

 186 

[ Insert Figure 1 around here] 187 

 188 

Except for number of foreign born, all these significant risk factors in the non-spatial model were 189 

also significant in the spatial model with the same direction of effects (Figure 2).  190 

 191 

[ Insert Figure 2 around here] 192 

 193 

 194 

Mapping predicted risk of prostate cancer incidence from the Bayesian spatial model  195 

Substantial geographical variations in prostate cancer incidence were found in the study (Figure 3). 196 

In addition, we presented the web-based interactive map of Figure 3 in the supplementary material 197 

online. The predicted mean relative risk (RR) was 1.20 with a range of 0.53 (95% CI: 0.34, 0.78) to 198 

2.92 (95% CI: 2.13, 3.86). Individuals residing in Towns, Clay, Union, Putnam, Quitman, and Greene 199 

counties were at increased risk of prostate cancer incidence while those residing in Chattahoochee 200 

were at the lowest risk of prostate cancer incidence.    201 

 202 

[ Insert Figure 3 around here] 203 

 204 

 205 

Presented in Figures 4 and 5 are the predictive maps of the probability that the relative risk will 206 

exceed 1.5 and 2 respectively at a given county in the Georgia State. We also presented the web-207 

based interactive map of Figures 4 and 5 in the supplementary material online. The deep red regions 208 

represent counties where the probability of the relative risk exceeding 1.5 (Figure 4) and 2 (Figure 5) 209 

are high.  210 

 211 

[ Insert Figure 4 around here] 212 

 213 
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The probability that the relative risk will exceed 1.5 is highest in Union, Towns, Putnam, Greene and 214 

Quitman counties (Figure 4). Also, the probability that the relative risk will exceed 2 is highest in 215 

Towns county with a probability of 0.99 (Figure 5).  216 

 217 

[ Insert Figure 5 around here] 218 

 219 

Discussion  220 

The study sets out to use Bayesian geospatial methods to model and map prostate cancer incidence 221 

in Georgia counties, and to evaluate county sociodemographic factors associated with high incidence 222 

of prostate cancer for the purpose of optimal planning for prostate cancer interventions amidst 223 

limited public health resources. Critical risk factors for prostate cancer identified in the present study 224 

included number of persons above 65 years of age and below poverty, median family income and 225 

number of foreign born and the unemployed in counties. In contrast to previous studies [5, 7], our 226 

study did not find an association between prostate cancer incidence and proportions of blacks and 227 

rural population.  228 

One of the important aims of this study is identification of high-risk counties for public health 229 

interventions amidst limited public health resources. This is critical because residential location of 230 

people could act as a marker for the socioeconomic, personal, and climatic/environmental factors 231 

that influence access to healthcare services and the general health of the people. Thus, spatial 232 

modelling and mapping provides the required tools to obtain an improved understanding of health 233 

outcomes of people by place for targeted public health interventions [7, 23-27]. The predicted 234 

relative risk ranges from 0.53 (95% CI: 0.34, 0.78) in Chattahoochee to 2.92 (95% CI: 2.13, 3.86) in 235 

Towns with a mean of 1.20. The study identified Towns (2.92) as the county with the highest 236 

prostate cancer incidence. Other counties with relatively high incidence include Clay (RR=2.55), 237 

Quitman (RR=2.39), Union (RR=2.30), Greene (RR=2.14) and Putnam (RR=2.13) counties were at 238 

increased risk of prostate cancer incidence.  239 

 240 

On closer examination of high risk prostate cancer counties, we observed that despite being 241 

predominantly white and better educated (25.1% with a Bachelor’s degree) the main driver of risk in 242 

Towns County in the north of Georgia was its older population, reporting the largest proportion of 243 

persons at least 65 years of age (33.1%). While advancing age is a well-known risk factor for prostate 244 

cancer, Clay and Quitman Counties in  also suggest that low educational attainment (7.4% and 8.5% 245 

with a Bachelor’s degree), high unemployment (18.9% and 18.5%) and individual poverty (39.8% and 246 

25.6%)  may be additional risk factors in black communities. Exactly how these socioeconomic 247 
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indices may impact prostate cancer risk within older black populations is not well known, but high 248 

cigarette use and alcohol consumption as well as poor diet have been hypothesized to mediate or 249 

moderate this risk [28]. Furthermore, risk factors of exposures to water, air and soil pollution from 250 

agricultural farming of cash crops such as cotton, from the southwest through to central Georgia, 251 

may also be involved [29]. As neighbouring lower risk counties with large or predominantly black 252 

populations likely shared these environmental conditions with Clay and Quitman, our modelling 253 

suggests that prostate cancer risk in both communities is multifactorial, resulting from a possible 254 

confluence of negative lifestyle, economic and environmental factors experienced over long periods 255 

of time. 256 

 257 

In comparing the high-risk counties with Chattahoochee and rural low-risk counties, we observed 258 

that population age was the single most obvious distinction. Low risk counties had a smaller 259 

proportion of elderly persons, irrespective of whether they were classified as rural, and in particular, 260 

Chattahoochee had the youngest population (3.8% 65 years and older) with the highest educational 261 

attainment (30% with a Bachelor’s degree).    262 

 263 

Our study supports the findings of others that reported geographical differences in health outcomes 264 

such as prostate and lung cancers, malaria, malnutrition, mortality among others [5, 7, 23-25, 30]. 265 

Against the backdrop of a national reduction in incident prostate cancer, there remain pockets of 266 

high risk in the north, southwest as well as central areas of Georgia. The present study suggests that 267 

there may be racial differences in prostate cancer risk within counties. The aging population may be 268 

the main risk factor in overwhelmingly white counties while limited education and poverty may play 269 

a larger role in black counties. It should be noted that although several counties with large African 270 

American populations were observed to have a high-risk of prostate cancer incidence, the present 271 

study found no association between race and prostate cancer risk, in part because these counties 272 

tended to be considerably smaller than predominantly white counties. Importantly, this is an 273 

ecological study and the associations discussed herein should not be regarded as causal or 274 

necessarily significant at the level of individual prostate cancer patients.  Prostate Specific Antigen 275 

(PSA) screening has driven prostate cancer diagnosis since the 1980s[31, 32]. However, this reliance 276 

on PSA has come at the cost of overtreatment and its complications among many low risk men, and 277 

in May 2012, the US Prevention Services Task Force (USPSTF) recommended against routine PSA 278 

screening for all men[32, 33]. While current diagnostic practices among prostate cancer patients 279 

may be of interest and the scope of the present study may represent a substantial post-280 

recommendation period, our study design additionally prevents comparisons that are better made 281 
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over time among individual patients managed by primary care physicians [32]. Furthermore, we did 282 

not include individual-level diagnostic data in our analysis. With these constraints in mind, our 283 

results are best suited for hypotheses generation.  284 

Strengths and limitation 285 

The use of Bayesian spatial analysis methods in this study provided an essential tool for the 286 

investigation of prostate cancer incidence in relation to risk factors to help in the better 287 

understanding of spatial distribution and potential etiologic mechanism of prostate cancer disease 288 

using an internationally recognised gold standard SEER data. Our modelling approach also allowed 289 

counties with small counts to borrow information from their neighbouring counties thereby reducing 290 

the risk of inflated relative risk due to small expected counts. Furthermore, unlike the frequentist 291 

spatial modelling approach, our Bayesian spatial modelling approach allowed graphical presentation 292 

of the posterior distribution of risk factor effects on the prostate cancer incidence as presented in 293 

Figures 1-2. The present study might have left out some potential risk factors that might explain 294 

some of the geographical differences in prostate cancer disease observed in the study so the 295 

findings should be interpreted with caution.  296 

Our findings broadly support previous studies[2, 15-17, 34] that report that older ages (≥65 years), 297 

income (number below poverty and median family income), race (being a foreign born) and 298 

unemployed are critical risk factors for prostate cancer disease. For example, the finding that the 299 

number of persons aged 65 years or older increased the risk of the disease supports previous studies 300 

that reported that prostate cancer risk increases with age, and with incidence rate over 60% [34-36]. 301 

The finding that increased number of foreign born increases the risk of prostate cancer disease 302 

supports previous studies that reported prostate cancer inequality by race [7].     303 

 304 

Conclusion  305 

Our modelling approach captured variation in prostate cancer risk over the whole of the Georgia 306 

State. The risk maps indicate substantial geographical variations in the risk of prostate cancer. This 307 

can be used as an effective tool in the identification of counties that require targeted interventions 308 

and further research by program managers and implementers as part of an overall strategy in 309 

reducing the prostate cancer burden in the Georgia State and the U.S. as a whole. For example, a 310 

further research could aim at identifying as yet unidentified risk factors that might have accounted 311 

for the geographical differences we observed in the prostate cancer disease among the counties in 312 

the Georgia State after we have accounted for the present risk factors in our model.      313 

Furthermore, we advocate for implementation of focused strategies to decrease prostate cancer 314 

incidence and to improve survival in the presence of the identified critical risk factors in this study.  315 
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Figures

Figure 1

Risk factors associated with prostate cancer incidence in the non-spatial model



Figure 2

Risk factors associated with prostate cancer incidence in the spatial model



Figure 3

Spatial distribution of predicted prostate cancer relative risk in the Georgia State Source: This map was
produced by the authors. Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.



Figure 4

Predictive maps for exceedance probability of relative risk of 1.5 (i.e. P(RR>1.5)) Source: This map was
produced by the authors. Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.



Figure 5

Predictive maps for exceedance probability of relative risk of 2 (i.e. P(RR>2)) Source: This map was
produced by the authors. Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.


