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Project Goals

• Small area estimates? 
‒ ZCTA, Census Tract, County

• Rural population? 
‒ Small counts

• Model estimates?
‒Useful results
‒Adjust for factors?
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Where we started

• MS Preceptorship for 
Caitlin Ward

• Create maps using spatial statistical methods that quantify 
cancer risk and are easy to understand

• Identify geographic disparities and potential areas to target 
with prevention programs

• Depict change over time 2004-2007, 2008-2011, 2012-2015
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Data

• Zip Code Tabulation Area (ZCTA), age, sex, year of diagnosis/death 
stage for every cancer in Iowa 2004-2015
‒ Breast, cervical, colorectal, liver, lung, non-Hodgkin lymphoma, melanoma, 

prostate
‒ 935 ZCTAs in Iowa

• Colorectal: 21,651 total cases
‒ 2004-2007: 7,787 cases, 747 ZCTAs with < 10 cases
‒ 2008-2011: 7,137 cases, 759 ZCTAs with < 10 cases
‒ 2012-2015 6,727: cases, 766 ZCTAs with < 10 cases

• 2010 U.S. Census Bureau ZCTA level population in Iowa stratified by 
age and sex
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Hierarchical Bayesian Poisson Model

• Assume ZCTA observed counts, 𝑂𝑂𝑖𝑖𝑖𝑖 , follow a Poisson 
distribution conditional on the SIR for each ZCTA and time-
period

𝑂𝑂𝑖𝑖𝑖𝑖~𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝐸𝐸𝑖𝑖 ∗ 𝜃𝜃𝑖𝑖𝑖𝑖)
• A log-normal model was implemented for 𝜃𝜃𝑖𝑖𝑖𝑖

‒ log 𝜃𝜃𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝑍𝑍𝑖𝑖 + 𝑇𝑇𝑖𝑖 + 𝑒𝑒𝑖𝑖𝑖𝑖  𝐷𝐷𝐷𝐷𝐷𝐷 = 11140
‒ log 𝜃𝜃𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝑢𝑢𝑖𝑖 + 𝑣𝑣𝑖𝑖 + 𝑇𝑇𝑖𝑖 + 𝑒𝑒𝑖𝑖𝑖𝑖  𝐷𝐷𝐷𝐷𝐷𝐷 = 11170
‒ log 𝜃𝜃𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝑍𝑍𝑖𝑖 + 𝑇𝑇𝑖𝑖 + 𝛿𝛿𝑖𝑖𝑇𝑇𝑖𝑖  𝐷𝐷𝐷𝐷𝐷𝐷 = 11100
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Priors

• The spatial effects, 𝑍𝑍𝑖𝑖 ,𝑢𝑢𝑖𝑖 , 𝛿𝛿𝑖𝑖 , are an intrinsic conditionally auto-
regressive (ICAR)
‒Allows each ZCTA to borrow strength from its neighboring ZCTAs

• The correlation over time 𝑇𝑇𝑖𝑖 is specified according to an 
autoregressive model (AR(1))

𝑇𝑇𝑖𝑖 = 𝜌𝜌𝑡𝑡𝑇𝑇𝑖𝑖−1 + 𝑒𝑒𝑖𝑖𝑖𝑖
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Colorectal Cancer Results Relative Risk
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Risk Probability

• We were interested in computing a meaningful probabilistic quantity 
of risk

• The probability measure puts all maps for all cancers on the same 
scale (0.0 to 1.0)

• Bayesian exceedance probability computed as part of MCMC 
process

𝑅𝑅𝑃𝑃𝑖𝑖𝑖𝑖 =
1
𝐾𝐾
�
𝑘𝑘=1

𝐾𝐾

𝐷𝐷 𝜃𝜃𝑖𝑖𝑖𝑖𝑘𝑘 > 𝛾𝛾

• We set our threshold to 𝛾𝛾 = 1.0
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Goals of ITCR U01

• Provide age adjusted cancer rates per zip-code
• Identify hot spots and cold spots
• Account for demographics

‒ Sex
‒ Race 

• Scalable
‒ Produce for other states
‒Allow other states to upload their data
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• The proportion of zero counts in the datasets are further 
inflated when the data are stratified by age group

• We propose a Bayesian hierarchical hurdle model for 
estimating age-adjusted rates in disease mapping with excess 
zeros
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Cancer Proportion of zeros before 
age group stratification

Proportion of zeros after age group 
stratification

Liver 0.41 0.88
Colorectal 0.04 0.63



Measures of risk in disease mapping

• Crude rate= # 𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡𝑑𝑑𝑑
𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑝𝑝𝑑𝑑𝑡𝑡𝑖𝑖𝑜𝑜𝑝𝑝 𝑑𝑑𝑖𝑖𝑠𝑠𝑑𝑑

∗ 100,000
‒Often highly dependent on the underlying age distribution

• Age-adjusted rate= ∑𝑘𝑘=1𝐾𝐾 𝑤𝑤𝑘𝑘 ∗ 𝑐𝑐𝑐𝑐𝑢𝑢𝑐𝑐𝑒𝑒 𝑐𝑐𝑟𝑟𝑟𝑟𝑒𝑒 𝑓𝑓𝑃𝑃𝑐𝑐 𝑟𝑟𝑎𝑎𝑒𝑒 𝑎𝑎𝑐𝑐𝑃𝑃𝑢𝑢𝑔𝑔 𝑘𝑘
‒Direct standardization
‒Weighted average of age-group-specific crude rates
‒𝑤𝑤𝑘𝑘 ’s reflect the proportion of individuals in age group 𝑘𝑘 in a selected 

standard population
‒ Each age-group-specific rate is modeled separately and combined into 

an age-adjusted rate afterward
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Bayesian Hierarchical Hurdle Model

• Stage 1: The probability of a non-zero count, 𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 , is modeled 
using a Bernoulli regression model

• Stage 2: Positive counts are modeled using a zero-truncated 
Poisson regression model with parameter 𝜃𝜃𝑖𝑖𝑖𝑖𝑘𝑘

• 𝑃𝑃 𝑌𝑌𝑖𝑖𝑖𝑖𝑘𝑘 = 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 ,𝜃𝜃𝑖𝑖𝑖𝑖𝑘𝑘 = �
1 − 𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 = 0

𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 ∗
𝜃𝜃𝑖𝑖𝑖𝑖𝑖𝑖
𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 exp −𝜃𝜃𝑖𝑖𝑖𝑖𝑖𝑖

𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖! 1−exp −𝜃𝜃𝑖𝑖𝑖𝑖𝑖𝑖
 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 > 0

College of Public Health



Linear Predictors in Regression Models
• Stage 1: Bernoulli Regression Model

𝑎𝑎 𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 = 𝜶𝜶1𝒙𝒙𝑘𝑘 + 𝛽𝛽𝑝𝑝𝑜𝑜𝑝𝑝 log 𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘 + 𝜶𝜶2 log 𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘 ∗ 𝒙𝒙𝑘𝑘 + 𝛾𝛾1𝑖𝑖 + 𝛿𝛿1𝑖𝑖

• 𝑎𝑎 𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘  is the complementary log log link (log − log 1 − 𝜋𝜋 )

• 𝒙𝒙𝑘𝑘  contains the age information (dummy variables) using 6 age groups
• 𝛾𝛾1𝑖𝑖 is a spatial random effect (ICAR)
• 𝛿𝛿1𝑖𝑖 is a temporal random effect
• Log of the population size is included as a covariate in stage 1 since there is 

not a natural way to incorporate a population offset
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Linear Predictors in Regression Models

• Stage 1: Bernoulli Regression Model
𝑎𝑎 𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 = 𝜶𝜶1𝒙𝒙𝑘𝑘 + 𝛽𝛽𝑝𝑝𝑜𝑜𝑝𝑝 log 𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘 + 𝜶𝜶2 log 𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘 ∗ 𝒙𝒙𝑘𝑘 + 𝛾𝛾1𝑖𝑖 + 𝛿𝛿1𝑖𝑖

• Stage 2: Zero-truncated Poisson Regression Model
log 𝜃𝜃𝑖𝑖𝑖𝑖𝑘𝑘 = log 𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘 + 𝒙𝒙𝑘𝑘𝑇𝑇𝜷𝜷 + 𝛾𝛾2𝑖𝑖 + 𝛿𝛿2𝑖𝑖 + 𝜖𝜖𝑖𝑖𝑖𝑖

• 𝒙𝒙𝑘𝑘  contains the age information (dummy variables) using 6 age groups
• 𝛾𝛾1𝑖𝑖 and 𝛾𝛾2𝑖𝑖 are spatial random effects (ICAR)
• 𝛿𝛿1𝑖𝑖 and 𝛿𝛿2𝑖𝑖 are temporal random effects
• 𝜖𝜖𝑖𝑖𝑖𝑖 accounts for uncorrelated heterogeneity
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Additional Priors

• Age group coefficients
‒ 𝛼𝛼 and 𝛽𝛽 have diffuse independent normal priors

• Random effects
‒ 𝛾𝛾1~𝐷𝐷𝐷𝐷𝐼𝐼𝑅𝑅 𝜏𝜏𝑦𝑦1
‒ 𝛾𝛾2~𝐷𝐷𝐷𝐷𝐼𝐼𝑅𝑅 𝜏𝜏𝑦𝑦2
‒ 𝛿𝛿1~𝑁𝑁 0,𝜎𝜎𝑑𝑑12

‒ 𝛿𝛿2~𝑁𝑁 0,𝜎𝜎𝑑𝑑22

• Hyperparameters
‒ Correlation parameters have Uniform(-1,+1) priors
‒ Standard deviation parameters have Half-Cauchy(10) priors
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Age-adjusted rates
• The age-group-specific rate for region 𝑃𝑃 during year 𝑗𝑗 is calculated by 

dividing 𝐸𝐸(𝑌𝑌𝑖𝑖𝑖𝑖𝑘𝑘) by 𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘 and then multiplying by 100,000 individuals

𝑅𝑅𝑖𝑖𝑖𝑖𝑘𝑘 =

𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 ∗ 𝜃𝜃𝑖𝑖𝑖𝑖𝑘𝑘
1 − exp −𝜃𝜃𝑖𝑖𝑖𝑖𝑘𝑘

𝑃𝑃𝑖𝑖𝑖𝑖𝑘𝑘
∗ 100,000

• Thus, the age-adjusted rate for each region and year is

𝑅𝑅𝑖𝑖𝑖𝑖 = �
𝑘𝑘=1

𝐾𝐾

𝑤𝑤𝑘𝑘 ∗ 𝑅𝑅𝑖𝑖𝑖𝑖𝑘𝑘

• We obtain 1,000 posterior samples of 𝜋𝜋𝑖𝑖𝑖𝑖𝑘𝑘 and 𝜃𝜃𝑖𝑖𝑖𝑖𝑘𝑘 to compute the 
posterior mean and variance of each age-adjusted rate
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Age-adjusted rates

• Bayesian exceedance probabilities computed the
same way as before for hot spots

• General code in R
‒We have code in OpenBUGS, INLA, and NIMBLE
‒Compute crude rates, age-adjusted rates, cancer risk, specify cancer

• Mapping performed in R, ArcGIS, Leaflet

College of Public Health



Liver cancer
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Additional Goals Since Getting Started: 
Missing puzzle pieces 
• More useful for cancer patients, survivors, friends, and family
• More Color Options
• Better Descriptions
• Better Graphics
• Subset by Sex, Race
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Current Tool Capabilities: version 2.0 
• Interactive web-based application

• Eight cancers: 
–Colorectal, breast, cervical, liver, lung, melanoma, NHL, prostate

• Geographic units:
–ZIP code tabulation areas (ZCTA), County

• Stratification options:
–Sex, year group, race/ethnicity

• Different measures:
–Age-adjusted rate, risk probability, population estimate 

• Highlight clusters/hot spots
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Age Adjusted Rates



Risk Probability



Hot Spots



Layering features

View >> Header and Footer >> Add Unit Name
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Questions?
Jacob Oleson
Department of Biostatistics

https://shri.public-health.uiowa.edu/cancer-data/cancer-maps/iowa-cancer-maps/

319-384-1595
Jacob-Oleson@uiowa.edu

uiowa.edu
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