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Abstract
Patients diagnosed with late-stage cancer have lower survival rates than those with early-stage
cancer. This paper examines possible associations between several risk factors and late-stage
diagnosis for four types of cancer in Illinois: breast cancer, prostate cancer, colorectal cancer, and
lung cancer. Potential risk factors are composed of spatial factors and nonspatial factors. The
spatial factors include accessibility to primary healthcare and distance or travel time to the nearest
cancer screening facility. A set of demographic and socioeconomic variables are consolidated into
three nonspatial factors by factor analysis. The Bayesian model with convolution priors is utilised
to analyse the relationship between the above risk factors and each type of late-stage cancer while
controlling for spatial autocorrelation. The results for breast cancer suggest that people living in
neighbourhoods with socioeconomic disadvantages and cultural barriers are more likely to be
diagnosed at a late stage. In regard to prostate cancer, people in regions with low socioeconomic
status are also more likely to be diagnosed at a late stage. Diagnosis of late-stage colorectal or
lung cancer is not significantly associated with any of the abovementioned risk factors. The results
have important implications in public policy.
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1 Introduction
Cancer has a tremendous impact on the health of the nation. About 1,444,920 new cancer
cases are expected to be diagnosed, and 559,650 are expected to die of cancer in the USA in
2007 [American Cancer Society, (2007), pp.1–2]. Cancer stage of development at the time
of diagnosis plays a critical role in determining the prognosis of patients. Detection at an
early stage helps cancer patients live longer and maintain a better quality of life. Persons
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diagnosed with late-stage cancer suffer from a lower survival rate. Four types of cancer,
namely breast, prostate, colorectal and lung cancer, have ranked highest in incidence and
mortality in Illinois for years. But the definitive risk determinants for late-stage diagnosis of
these four leading types of cancer have not yet been established. This paper examines
possible associations between several risk factors and late-stage diagnosis by zip code for
these four types of cancer in Illinois.

Breast cancer is the most common cancer among women. Early diagnosis of breast cancer
by mammography screening has become a critical way to reduce mortality (Sheehan and
DeChello, 2005). Women without adequate accessibility to timely mammography screening
are more likely to develop late-stage breast cancer (Mandelblatt et al., 1991). Racial and
ethnic disparities in mortality are significant: the chance of African-American women dying
from breast cancer within five years of diagnosis is twice as great as for Caucasian women,
and the chance of Hispanic women is 1.5 times greater than for Caucasian women (Eley et
al., 1994). Women in low-income neighbourhoods are also more likely to be diagnosed with
late-stage breast cancer than women in more affluent neighbourhoods (Barry and Breen,
2005).

Prostate cancer is the most frequently diagnosed cancer in men. Prostate cancer incidence
rates have a strong geographical variation, not only at an international level but also within
regions of a country. Early diagnosis depends partly on accessibility to medical facilities
(Klassen et al., 2005). A larger proportion of African-American men and foreign-born
Asian-American males are diagnosed with late-stage prostate cancer (Oakley-Girvan et al.,
2003). However, our understanding of causes for late-stage prostate cancer diagnosis
remains very limited.

Colorectal cancer is the third leading cause of cancer mortality for both men and women in
the US. The survival rate depends on the tumor stage as well as age at time of diagnosis
(Rushton et al., 2004), and is significantly higher for poor African-Americans (Freeman and
Alshafie, 2002). Geographic variation of colorectal cancer mortality rates is evident in the
US (Devesa et al., 1999). This variation in the rates of late-stage colorectal cancer from
place to place is important because the greatest proportion of mortality (90.2%) occurs
among those patients diagnosed at a late stage.

Lung cancer is the leading cause of cancer death among both men and women in the USA.
Since lung cancer has a very long latency period, it is often diagnosed at late stage
(Blagojevich and Whitaker, 2006). Due to the lack of effective early detection methods for
lung cancer, the majority of research about lung cancer focuses on factors influencing its
mortality rather than on late-stage diagnosis (e.g., Haynes, 1988; Brown et al., 1994).

In summary, there are two groups of potential risk factors for late-stage cancer diagnosis:
access to healthcare, and socioeconomic and demographic characteristics. The former
emphasises spatial elements and thus is referred to as spatial factors; and the latter
nonspatial factors. On the spatial factors, this research uses two measures: a comprehensive
index of spatial accessibility to primary healthcare, and distance or travel time to the nearest
cancer screening facility. The spatial accessibility index accounts for complex interaction
between primary healthcare supply and demand locations and the distance and ease of travel
between them (Luo and Wang, 2003). To measure spatial access to cancer screening, the
distance and travel time from the nearest mammography facility is calculated for breast
cancer screening; distance and travel time from the nearest hospital with any colonoscopy
capacity is calculated for colorectal cancer. No such measure is feasible in this research for
prostate or lung cancer because of the lack of data on specific kinds of screening facilities.
On the nonspatial factors, selected socioeconomic and demographic variables are
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consolidated into three major factors by factor analysis, which are used in models for all
four types of cancer. An earlier study (Wang et al., 2008) used the same set of variables to
explain late-stage breast cancer diagnosis and reported some promising results.

On the methodological realm, this research employs a Bayesian model with convolution
priors to examine possible association between the aforementioned risk factors and late-
stage cancer diagnosis. This is an improved method over the Poisson regression used in the
earlier study (Wang et al., 2008). The regular Poisson regression is widely used in modelling
count data (Cameron and Trivedi, 1998), but does not control for spatial autocorrelation or
spatial dependence, which occurs when attributes of nearby areas are more similar (or
dissimilar) than those of distant ones. The problem has long plagued statistical analyses of
spatial data. Different from the regular Poisson regression, the Bayesian model with
convolution priors incorporates spatial random effects and any other unstructured random
effects. Previous studies suggest that the Bayesian model has more advantages than the
regular Poisson regression in analysis of rare events with small study areas (Law et al.,
2005; Mollie, 1996). This research uses WinBUGS (Best and MRC Biostatistics, 2004) to
implement the Bayesian model, and the results are compared with those from the regular
Poisson regression.

The remainder of this paper is organised as follows. Section 2 provides an expanded
literature review. Section 3 describes the data and definitions for variables. Section 4
explains the Bayesian model for examining the risk factors of late-stage cancer diagnosis.
Section 5 presents and discusses the results. The paper is concluded with a brief summary
and discussion of implications in public policy.

2 Literature background
Much research has focused on possible causes for late-stage cancer diagnosis. This section
reviews the literature on primary risk factors for advanced-stage diagnosis of the
aforementioned four types of cancer except for lung cancer, which is often diagnosed at
advanced stages because of lack of effective early detection methods (Blagojevich and
Whitaker, 2006).

2.1 Spatial accessibility
In regard to breast cancer, accessibility to mammography facilities is poorer for women in
rural settings than women in urban regions (Coughlin et al., 2002; Cummings et al., 2002).
Low accessibility to mammography facilities in rural regions delays early detection of breast
cancer and allows the cancer to develop to an advanced stage. This accounts for the higher
proportion of late-stage breast cancer diagnosis in rural areas (Montella et al., 1995; Amey
et al., 1997; Hoffman et al., 2000; Menck and Mills, 2001), particularly among African-
American women in rural districts (Coughlin et al., 2002; Cummings et al., 2002). The
densities of people and facilities are much lower in rural areas than in urban regions;
therefore, distance or travel time is longer between patients’ homes and appropriate facilities
in rural areas. Even in an urban setting, women who live farther from facilities are less likely
to receive mammography screening than those closer to facilities (Zhang et al., 1999; Rohan
et al., 2000). By the same token, those dependent on public transportation spend more travel
time to healthcare facilities than those with a private automobile and thus are less likely to
utilise the screening facilities (Zenk et al., 2006). With respect to prostate cancer, Liff et al.
(1991) found that rural patients were more likely to have advanced stages of prostate cancer
than urban patients and concluded that accessibility might contribute to this difference.
Rushton et al. (2004) concluded that high rates of late-stage colorectal cancer diagnosis
appeared in places where the average distances to diagnostic facilities were lengthy.
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In addition to distance or travel time from cancer screening facilities, it is also important to
consider access to primary care. Primary care physicians typically provide the first point of
contact with the healthcare system, and are critical for the success of preventive care and
cancer screening (Lee, 1995). An earlier study by Wang et al. (2008) indicated that spatial
access to primary care is an important predictor of late-stage breast cancer diagnosis. Very
little has been reported on its role in the diagnosis stage of other cancer types. It is also
important to point out the need to use improved measures of spatial accessibility to cancer
screening or primary healthcare (Guagliardo, 2004), which is considered in this research.

2.2 Socio-economic status
Many studies consistently show that socioeconomic status (SES) plays an important role in
explaining late-stage cancer diagnosis. In those studies, SES is typically comprised of
income, health insurance status, and transportation means.

Lower SES has been associated with a higher rate of late-stage breast cancer diagnosis
(Joslyn and West, 1999; Baquet and Commiskey, 1999; Bradley et al., 2002) because of less
frequent mammography screening among women of lower SES. SES is a characteristic not
only of individuals but is also tied to a neighbourhood context. Several studies found that
women living in areas with low SES were more likely to be diagnosed with late-stage breast
cancer than women in areas with high SES (Nosek and Howland, 1997; Merkin et al., 2002;
Barry and Breen, 2005). A study by Merkin et al. (2002) confirmed the finding and further
suggested that living in areas with low SES increased the odds of advanced-stage breast
cancer more for Caucasian women than for black women. Also, women having Medicaid
insurance, similar to uninsured women, had more advanced stages of breast cancer
compared with women possessing other insurance plans (Roetzheim et al., 1999;
McWilliams et al., 2003; Thomas and Carlin, 2003).

SES is also important in the diagnosis of prostate and colon cancer. Research suggests that
men with low SES are more likely to be diagnosed with late-stage prostate cancer (Klassen
et al., 2005; Liu, 1998; Morris et al., 1999). People of lower SES, often without health
insurance or having only Medicaid coverage, are less likely to receive colonoscopy
screening and thus are more likely to be diagnosed with late-stage colorectal cancer
(Roetzheim et al., 1999, 2000; Palmer and Schneider, 2005). Particularly for elderly women,
health insurance status is one of the most important factors influencing their utilisation of
colonoscopy screening (Hsia et al., 2000).

However, SES has its own limitation as a risk factor. First of all, SES is a poorly understood
concept, and there are no standard principles for accurately defining SES or determining
which variables need to be contained in SES (Baquet and Commiskey, 1999). Furthermore,
the resolution of measuring SES has varied by the level of data that is available. Given the
difficulty in collecting data at an individual level due to privacy rights, SES data are often
measured at an aggregated level, such as a census tract level (Bigby and Holmes, 2005).
Therefore, researchers suggest taking caution when using SES as a predictor for late-stage
cancer diagnosis (Oakley-Girvan et al., 2003).

2.3 Cultural disparity
Previous studies of cancer diagnosis stage consider two factors of cultural disparity: cultural
bias existing in some cultures that tends to cause negative opinions toward cancer screening,
and cultural/linguistic isolation as a barrier in access to cancer screening or healthcare in
general.

According to research about breast cancer, after controlling for other risk factors, cultural
bias does affect the decision whether or not to utilise mammography screening, especially in
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African-American women (Trock et al., 1993; Burns et al., 1996; Lannin et al., 2002). Coker
et al. (1997) pointed out that cultural bias, such as fear of the side effects of radiation,
commonly existed in African-American women, preventing them from seeking cancer
screening. Another study suggested that after adjustment for other factors, cultural/linguistic
isolation was also a significant barrier in receiving cancer screening (Goel et al., 2003).

In regard to prostate cancer, cultural/language isolation is especially important for
immigrants (Williams and Horm, 1977; Blair and Fraumeni, 1978; Hakky et al., 1979). In
particular, immigrants often have low usage of healthcare facilities. Cultural/language
isolation might be the main reason, for people not born in the USA and not speaking English
as their mother tongue, to have relatively lower screening rates than native-born Americans
(Johnson, 2004).

A recent study suggests that cultural bias may be responsible for a lower colonoscopy
screening rate and thus a higher late-stage diagnosis rate of colorectal cancer in Asian-
Americans than Caucasians (Wen, 2007).

2.4 Race
Studies suggest that African-American women are more likely to present with late-stage
breast cancer at time of diagnosis than Caucasian women in the USA (Ownby et al., 1985;
Hunter et al., 1993; Eley et al., 1994). Breast cancer diagnosis in African-American women
is also related to younger age and more advanced stages (Yost et al., 2001). In comparison
with other ethnic groups, such as Asians and Hispanics, some studies found that African-
American women are more consistently diagnosed with advanced stages of breast cancer
(McCarthy et al., 1998; Lannin et al., 2002; Swanson et al., 2003). Other research indicates
that African-American women and Hispanic women are both more inclined to be diagnosed
with late-stage breast cancer (Bradley et al., 2002). However, after adjustment for other
possible risk factors such as socioeconomic status (hereafter referred to as SES) and age of
patient at time of diagnosis, there is conflicting evidence as to whether or not race actually
plays a role in stage of breast cancer diagnosis: Richardson et al. (1992) and Lyman et al.
(1997) found that race remained significant; and Bradley et al. (2001) concluded that it was
not significant.

Prostate cancer is similar to breast cancer in that late-stage diagnosis is typically charted
differently for race, depending on whether race is introduced as the only risk predictor or
other risk predictors are involved. Several studies find that the odds of diagnosis with late-
stage prostate cancer are much higher in African-American men, particularly in young men
(Pienta et al., 1995; Powell et al., 1995; Brawley et al., 1998). Dayal and Chiu (1982) and
Bennett et al. (1998) found that race did not have an important influence on late-stage
prostate cancer diagnosis after adjustment for other risk factors.

For colorectal cancer, there are also contradictory conclusions about racial disparities in late-
stage diagnosis. The findings of Roetzheim et al. (2000) are consistent with those of Wu et
al. (2001) in that African-Americans were more likely to be diagnosed with late-stage
colorectal cancer than Caucasians, given that colorectal cancer mortality rates have been
declining among Caucasian patients but have been increasing in African-American patients
at the national level in recent years. However, Dominitz et al. (1998) suggested that no racial
disparity existed when equal accessibility to related healthcare was provided, suggesting that
racial disparities are related to access to healthcare. Yet another study concluded that
Caucasians tended to present with more advanced stages of colorectal cancer than African-
Americans at time of diagnosis (Haas and Sark, 1997). Colonoscopy screening has been
regarded as the major way to detect colorectal cancer, but several studies generated
contrasting conclusions about whether different ethnic groups received equal opportunity for

Wang et al. Page 5

Int J Public Pol. Author manuscript; available in PMC 2013 January 09.

$w
aterm

ark-text
$w

aterm
ark-text

$w
aterm

ark-text



colonoscopy screening. According to Paskett et al. (1997), African-Americans probably
received colonoscopy screening more frequently than Caucasians. However, others found
that African-Americans had less chance of receiving colonoscopy screening than Caucasian
counterparts after other factors were controlled (Liff et al., 1991; Mandelblatt et al., 1996;
Wu et al., 2001).

The studies reviewed above suggested that race as an independent variable in late-stage
cancer diagnosis has not been sufficiently substantiated. It is also important to acknowledge
that race is not a strict biological category, but rather a social category that encompasses
social, economic and cultural variations (Williams, 1996; Liu, 1998). While some find that
race plays a role in late-stage cancer diagnosis, they cannot decisively concur on why the
results differ by race.

Researchers also have considered other factors in analysing late-stage cancer diagnosis.
Some find that obesity is positively associated with late-stage breast cancer diagnosis
(Ownby et al., 1985), but obesity can be partially explainable by SES (Cui et al., 2002).
Several studies examine how age plays a role in women receiving mammograms and thus
stage of breast cancer diagnosis (Polednak, 1986; Yancik et al., 1989; Mandelblatt et al.,
1991; Randolph et al., 2002; Peek and Han, 2004). A couple of studies focused on the
impact of gender on late-stage colorectal cancer diagnosis, but produced contradictory
outcomes (Mandelblatt et al., 1996; Wu et al., 2001).

In this research, we group the risk factors for stage of cancer diagnosis into spatial and
nonspatial factors. Spatial factors are factors related to patients’ residential location in
relation to healthcare services that affect the risk of late-stage cancer diagnosis. One spatial
factor is distance or travel time to the nearest cancer screening facilities (data not available
for prostate or lung cancer in this study). Another spatial factor is a comprehensive measure
of spatial accessibility to primary healthcare. Nonspatial factors represent risk determinants
related to population characteristics at the individual or aggregated level. Due to the
limitations of our data, the nonspatial factors used in this research are demographic and
socioeconomic attributes extracted from census data at an aggregated level (initially the
census tracts and later interpolated to the zip code areas). Therefore, the study attempts to
explain late-stage cancer diagnosis by neighbourhood (zip code) characteristics rather than
individual attributes, and thus is ecological in nature (Robinson, 1950). Both spatial and
nonspatial factors are included in the models to examine whether any factor plays a role in
late-stage diagnosis of the four types of cancer.

3 Data issues and variable definitions
3.1 Cancer data

The cancer incidence dataset is obtained from the Illinois State Cancer Registry (ISCR),
Illinois Department of Public Health. This study uses the cancer data in 1998–2000 to match
the census data in 2000. The ISCR dataset has the records of all Illinois patients, including
those diagnosed in neighbouring states, such as Missouri and Wisconsin. Lehnerr and
Havener (2002) estimated that the case ascertainment reached 98% completeness. The
dataset includes individual records of cancer incidence, geocoded to zip code areas, with
variables such as cancer type, age group, sex, race, diagnosis stage and year. Privacy and
confidentiality prevent access to relevant cancer data from areas smaller than zip codes.
Cases of late-stage cancer are defined as cases with cancer stage in the range from two to
seven at time of diagnosis. This research focuses on the four leading types of cancer: breast,
prostate, colorectal and lung. There were 1,245 zip code areas in Illinois in 2000.
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Table 1 shows the basic statistics of these four types of late-stage cancer across zip code
areas in Illinois during 1998–2000. From Table 1, prostate cancer has the lowest late-stage
incidence, followed by breast cancer, colorectal cancer and lung cancer. As explained
earlier, the high late-stage rate of lung cancer was due to lack of an effective early-stage
diagnostic method.

3.2 Defining spatial access to primary care and cancer screening
In analysing spatial access to healthcare, we consider two types of healthcare services:
primary care physicians and cancer screening facilities.

Primary care physicians include family physicians, general practitioners, general internists,
obstetricians-gynecologists, and physician specialists such as oncologists (Cooper, 1994).
Since physicians in primary healthcare play an important role in preventive care and cancer
screening, accessibility to their facilities is a necessary consideration (Lee, 1995). Measuring
accessibility to primary healthcare involves evaluating supply and demand of these
physicians. On the supply side, the data for Illinois primary care physicians in 2000 were
extracted from the physician master file of the American Medical Association (AMA).
Because geocoding to specific streets cannot be done due to lack of geographic accuracy in
the AMA data, we use the population-weighted centroid of each zip code to represent sites
of primary healthcare whose general addresses locate within that zip code area. On the
demand side, the Census 2000 dataset is used to compute the population-weighted centroids
of census tracts representing locations of residents. This research utilises the result from a
previous study focusing on measuring accessibility to primary healthcare in Illinois (Luo
and Wang, 2003; Wang and Luo, 2005). That prior study developed and implemented a two-
step floating catchment area (abbreviated as 2SFCA) method to account for the supply and
demand match ratio within a region and the complex interaction between them through a
transportation network. In essence, accessibility in a region is equivalent to the traditional
measure of physicians-to-residents ratio. However, the contribution of physicians at a place
to accessibility is discounted by the number of residents within a reasonable range from the
physicians (i.e., crowdedness effect); and in the meantime, the total accessibility score of
residents consists of cumulated effects of physicians within a reasonable range from the
residents.

We use the shortest distance or travel time to the closest facility to measure spatial access to
cancer screening services. We start with the Euclidean distance as a baseline, and estimate
travel time based on the road networks as an improved measure. This approach does not
differentiate the capacity or quality of the service providers and assumes that the service is
available for all residents. With respect to breast cancer, the distance or travel time is from
the nearest mammography screening facilities. There were 386 mammography screening
facilities in Illinois in 2000. After eliminating duplicated addresses, 380 of those facilities
are geocoded according to their address information. For colorectal cancer, the distance or
travel time is from the closest hospital with colonoscopy screening. There were 196
hospitals with colonoscopy screening in Illinois in 2000, and 194 of those can be geocoded
according to their addresses. There is no standard or routine screening test for prostate
cancer (www.cancer.gov/cancertopics/pdq/screening/prostate/Patient) or lung cancer, so this
measure of spatial access to cancer screening services is not available for these two types of
cancer.

3.3 Consolidating nonspatial factors
The literature review indicates that nonspatial factors such as demographic and
socioeconomic characteristics also affect healthcare access and likely late-stage cancer
diagnosis. The great variation in a single risk factor’s influence on late-stage cancer
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diagnosis depends on whether or how many other risk factors are integrated into the
research. It is critical to include as many variables as possible to capture the many
dimensions of socio-economic and cultural variation. Again, we use the result from the
previous study on healthcare access (Wang and Luo, 2005), which considered 11 variables,
all from the census data. These include demographic variables (i.e., population with high
healthcare needs including seniors of ages above 65, children of ages 0–4 and women of
child-bearing ages 15–44), socioeconomic status (e.g., population in poverty, female-headed
households, home ownership and median income), environment (e.g., households with an
average of more than one person per room and housing units lack of basic amenities),
linguistic barriers and education (e.g., non-white population, population without a high-
school diploma and households linguistically isolated), and transportation mobility (e.g.,
households without vehicles).

Factor analysis is used to consolidate these variables. Table 2 shows how the 11 original
variables are loaded on three major factors. Based on the loadings, the three factors are
labelled as: socio-economic disadvantages (Factor 1), socio-cultural barriers (Factor 2), and
healthcare needs (Factor 3). Each echoes the risk factors as highlighted in the literature
review. Socioeconomic disadvantages may account for a large proportion of late-stage
cancer cases at time of diagnosis. Cultural disparities and low education attainment may
serve to decrease awareness of necessary cancer screening. Certain groups of people,
depending on age, sex or others, may have more healthcare needs than other persons.

3.4 Transforming data to zip code areas
As discussed above, the cancer data are for zip code areas, and the spatial and nonspatial
risk factors are defined at the census tract level. A basic geographic information systems
(GIS) function, areal interpolation, is used to change datasets with various zonal systems
into datasets having a common zonal system (Sadahiro, 1999). In this research, the two
spatial access measures and the three nonspatial factors at the census tract level are
transformed to those at the zip code area level by a simple interpolation method, area
weighting interpolator [Goodchild and Lam, 1980; Wang, (2006), pp.47].

The choice of using zip code area as the geographic unit of analysis is dictated by the data
available, as explained earlier. However, several limitations with zip code as the analysis
unit need to be noticed. Boundaries of a zip code area are imprecise and probably vary over
time (Kirby, 1996). The small size can easily result in small area problems when dealing
with rare cases (Best et al., 2000). Moreover, a zip code area may not always be a social or
neighbourhood area (Grubesic, 2006). Despite those limitations, zip code can provide a
delicate spatial resolution and has been utilised in many health studies (Knapp and
Hardwick, 2000; Ng et al., 1993; Parker and Campbell, 1998).

4 The models
This section describes the models for examining the association of late-stage diagnosis in
each of the four types of cancer and risk factors, including spatial factors and nonspatial
factors.

Poisson models, discovered nearly two centuries ago, have been proven effective for
analysis of count data of rare events (Cameron and Trivedi, 1998). Poisson models have
been used in many cancer studies (e.g., Frome, 1983; Whittemore and Gong, 1989; Tango,
1994; Wang et al., 1996; Kulldorff et al., 1997; Sheehan and DeChello, 2005), and Poisson
regression is ‘the basic workhorse of statistics for analysing relationships’ [Griffith and
Haining, (2005), pp.133]. In the Poisson model, because the total number of cancer cases in
a zip code constrains the number of late stage cases, the total number of cases were included
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as an offset variable (with a coefficient always equal to 1). The regular Poisson regression is
described below:

(1)

where Oi represents the observed late-stage cancer counts in zip code i; μi indicates
expected values of dependent variables in zip code i; and observed late-stage cancer cases
are assumed to fit the Poisson distribution in each zip code i. After that, expected late-stage
cancer cases μi are calculated as follows:

(2)

where Ei is the offset calculated as all stage cases at zip code i, Xk represents the k-th risk
factor, and α and βk’s are parameters to estimate. The model is calibrated by the PROC
GENMOD module in SAS.

The most important concern with Poisson regression models is overdispersion, emerging
when the prediction of models does not match realistic observations. The reasons are as
follows: heterogeneity of cases between study areas; important independent variables
missing from the model; and spatial autocorrelation between areas [Griffith and Haining,
(2005), pp.133]. For the purpose of effectively reducing overdispersion, the Bayesian model
with convolution priors has been designed to examine the association between rare events
and independent variables (Besag et al., 1991; Mollie, 1996). The Bayesian model with
convolution priors is similar to model (1) with a different formulation for the expected late-
stage cancer cases μi:

(3)

where bi can be viewed as a surrogate for unknown or unobserved variables with spatial
structures, such as spatial autocorrelation between neighbourhoods, assigned a conditional
autoregressive (hereafter referred to as CAR) prior; hi captures the influence of all unknown
or unobserved variables, which are assumed to be an exchangeable normal prior; and other
notations are the same as in equation (2).

The major difference of this Bayesian model in (3) from the regular Poisson model in (2) is
the inclusion of term bi for controlling for spatial autocorrelation. Therefore, the model may
be also referred to as a ‘Poisson regression model controlling for spatial autocorrelation,’ or
simply ‘spatial Poisson regression model’. Besag et al. (1991) argued that this improved
model was more flexible than a model containing only CAR prior, given that the extra-
Poisson variation can be divided into two parts: one that is spatially structured (bi) and the
other representing unstructured variables (hi).

From equation (3), relative risks in zip code area i, RRi, can also be computed for mapping:

(4)

RRi is the estimated place-specific late-stage cancer rate (per 100 of all stage cases) when
risk factors and spatial autocorrelation are considered.

WinBUGS 1.4.2 is used to implement the Bayesian model with convolution priors
(Spiegelhalter et al., 2002; Best and MRC Biostatistics, 2004). In particular, GeoBUGS
1.2.1 offers an important connection between the model and WinBUGS. GeoBUGS is a
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carry-on module in WinBUGS, and it acts as an interface that has two functions: creating
adjacency matrixes for inputting models in WinBUGS and mapping the outcome of those
models.

Based on previous studies (Mollie, 1996; Law et al., 2005), the Bayesian model with
convolution priors (or the spatial Poisson regression) shows advantages over the regular
Poisson regression for rare events with small study unit. The Bayesian model considers
spatial random effects which often contribute to overdispersion in Poisson regression
models. Meanwhile, the utilisation of convolution priors can tell researchers whether or not
spatial autocorrelation remains in the model. Specifically, if spatial random effects dominate
in the Bayesian model, the analysis outcomes can alert researchers that errors exist in spatial
variables or that some important spatial variables have been omitted.

For comparing performances of the two models, this research uses the deviance information
criterion (hereafter referred to as DIC) as a generalisation of Akaike’s information criterion
(Spiegelhalter et al., 2002). The DIC is a natural way to compare complex models with prior
distributions in that it is based on the posterior distribution of the log-likelihood, following
the Bayesian model framework built by Dempster (1974). The DIC builds a trade-off
between the data fit of the model and the complexity of the model. A smaller DIC value
indicates a better data fit and less complicated model (Best and MRC Biostatistics, 2004).
This model comparison criterion has been successfully applied in the field of medical
statistics (Zhu and Carlin, 2000). For each type of late-stage cancer in this paper, the DIC
value for the two models is obtained from WinBUGS 1.4.2.

5 Results and discussions
Table 3 presents the results of analysing late-stage diagnosis for the four leading types of
cancer in Illinois using the Bayesian model with convolution priors and the regular Poisson
regression model. In the table, the variables that are statistically significant are denoted by
asterisks, and the smaller DIC values between the two models are also highlighted (in
italics). We have tested the models for breast and colorectal cancer using both distance and
travel time from the nearest cancer screening facility. The results for distance are consistent
with the ones using travel time. Only the models using travel time are presented as travel
time is considered a more accurate measure of spatial barriers than distance. The findings
are summarised as follows.

5.1 Is there any difference between the two models?
Yes, there is a difference between the two models, but that difference is minimal. First, the
regression coefficients and corresponding statistical significance levels are generally
consistent between the two models. This shows that our observations on the relationship
between late-stage cancer diagnosis and each risk factor as well as its significance (to be
discussed next) are robust. Secondly, the deviation information criterion (DIC) is calibrated
to test the fit and complexity of each model. A smaller value of DIC indicates a model better
suited for the data with less complexity. In all cases, the differences in DIC between the two
models are small. Except for the case of prostate cancer, the DIC values for the regular
Poisson regression are slightly lower than the ones for the Bayesian model with convolution
priors. That is to say, the regular Poisson regression is slightly favoured over the Bayesian
model with convolution priors for breast, colorectal and lung cancer; but the opposite is true
for prostate cancer. In other words, the gain from the attempt to control for spatial
autocorrelation by the Bayesian model with convolution priors is minimal in this study. This
does not necessarily mean that spatial autocorrelation does not exist in the data or that the
Bayesian model is inferior to the regular Poisson model. The Bayesian model is much more
complex and requires more coding and computation power to implement. For our study, the
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results do not support its advantages over the regular Poisson regression after considering
the balance between data fit and model complexity.

5.2 Does spatial access to primary care physicians or to cancer screening matter in stage
of cancer diagnosis?

Neither the spatial access to primary care physicians or travel time from the nearest cancer
screening facility is statistically significant in the model for any type of cancer. An earlier
study (Wang et al., 2008) showed that spatial access for either primary care or cancer
screening was mainly an issue for rural areas. Since the data set is dominated by samples
from the urban areas, the effect of spatial access is not evident in this study.

5.3 Do nonspatial factors affect late-stage cancer diagnosis?
Yes, but the results vary among cancer types. Both socioeconomic disadvantages and socio-
cultural barriers have a significant influence on late-stage breast cancer diagnosis. The
coefficients of the two risk factors are positive, suggesting that people residing in
disadvantaged areas, such as neighbourhoods with low SES or high concentration of
minorities or immigrants, be more likely to be diagnosed with late-stage breast cancer. This
observation is consistent with previous studies that reveal a strong positive association
between late-stage breast cancer diagnosis and low SES or cultural barriers (Burns et al.,
1996; Lannin et al., 2002; McWilliams et al., 2003; Roetzheim et al., 1999; Trock et al.,
1993). Only the factor of socioeconomic disadvantages has a statistically significant
influence on late-stage prostate cancer diagnosis. People residing in neighbourhoods with
lower socioeconomic status are more likely to be diagnosed with late-stage prostate cancer,
supporting the findings from Morris et al. (1999) and Klassen et al. (2005). None of the
three nonspatial factors is significant for the late-stage diagnosis of colorectal or lung
cancer. In other words, the risk of late diagnosis is not associated with socioeconomic and
cultural characteristics of neighbourhoods for colorectal and lung cancer. From the earlier
discussion, majorities of colorectal and lung cancer cases are diagnosed at late stages in
Illinois, reflecting national trends. For lung cancer, it is explainable by lack of effective early
detection methods. However, most colorectal cancer cases have missed the opportunity for
early detection for two possible reasons. One may be lack of awareness of screening services
for colorectal cancer, and the other may be the nature of colonoscopy screening procedure.
Colonoscopy is considered the most effective diagnosis method for colon cancer but is also
perceived by many as costly and inconvenient. Implications for public policy are discussed
in the conclusion section.

5.4 Can we predict high risk areas for late-stage cancer diagnosis?
Not really, and the confidence of predicting the high risk areas is the lowest for colorectal
and lung cancer. As explained earlier, WinBUGS uses the function in equation (4) to
compute and map area-specific relative risks. Like in any regression model, the reliability of
prediction depends on the explanatory power of independent variables. From Table 3, none
of the risk factors is significant for colorectal or lung cancer, and thus estimated risks for
these two types of cancer would not be very meaningful. Accordingly, the confidence of risk
estimates based on the model is the highest for breast cancer, and then for prostate cancer.

For example, Figure 1 shows the relative risks for late-stage breast cancer across zip code
areas in Illinois. A relative risk value larger than 1 indicates that on average, considering the
risk factors (i.e., the spatial access and non spatial factors), the estimated late-stage breast
cancer rate among people in that zip code area is greater than the statewide average rate. In
Figure 1, there are a total of 425 zip code areas having the value of relative risk larger than
one. This map shows that zip code areas having the above-average relative risk are spread
out over both urban and rural areas. The highest values of relative risk have the largest
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cluster of zip code areas in the southern Chicago area, as shown in the inset. The southern
Chicago area has the state’s highest concentrations of disadvantaged population groups
(minorities and population in poverty).

6 Conclusions
For various types of cancer, tumor stage at time of diagnosis plays a vital role in determining
health outcomes. This paper examines the risk factors for four leading types of cancer in
Illinois, namely breast, prostate, colorectal and lung cancer. The related risk factors are
divided into two groups: one group is spatial factors of a geographic nature, including
accessibility to primary healthcare, and distance or travel time from the nearest screening
facilities; the other group is nonspatial factors consolidated into three factors such as
socioeconomic disadvantages, socio-cultural barriers, and healthcare needs. This study uses
the Illinois State Cancer Registry data at the zip code area level in 1998–2000. The research
uses two models to analyse the relationship between late-stage cancer diagnosis and risk
factors: the regular Poisson regression that is commonly used for analysis of count data of
rare events, and the Bayesian model with convolution priors to control for possible spatial
autocorrelation. The results from the two models are generally consistent with each other.
The Bayesian model is much more complex and requires more coding work and
computation power to implement. Our results do not support its advantages over the regular
Poisson regression after considering the balance between data fit and model complexity.
However this conclusion is based only on the analysis of late-stage cancer in Illinois. For
other kinds of health issues in other settings, the more complex spatial Poisson model may
be justified.

The results for breast cancer suggest that people living in neighbourhoods with
socioeconomic disadvantages and cultural barriers are more likely to be diagnosed at a late
stage. In regard to prostate cancer, people in regions with low socioeconomic status are
more likely to be diagnosed at a late stage. Diagnosis of late-stage colorectal or lung cancer
is not significantly associated with any of the aforementioned risk factors. Due to the
limitation of the data, our analysis examines the risk factors at the zip code area level, not at
the individual level. Therefore, we cannot confidently assert that any areal relationships we
find between neighbourhood characteristics and cancer stage are reflective of individual
relationships, commonly known as ‘ecological fallacy’. In any case, the results suggest that
residents in disadvantaged neighbourhoods (foremost socio-economically deprived, and
secondarily socio-culturally isolated) in general suffer from a higher-risk for diagnosis of
more advanced stages clearly in breast cancer, to a lesser degree in prostate cancer, but not
necessarily in colorectal or lung cancer.

To achieve ultimate equality in healthcare access, utilisation and outcome is an ambitious
goal that will take time to reach. Once an early cancer detection method becomes available,
its awareness and adoption are a gradual process probably resembling the innovation
adoption curve of Rogers (2003). The ones with better healthcare access and awareness are
the most likely to be early beneficiaries. Among the four types of cancer, early detection for
breast cancer is perhaps most mature and has the longest history in terms of availability of
medical technology and public awareness, and the research shows that people of more
privileged have taken better advantage of the screening opportunities. A similar trend seems
to emerge for prostate cancer. However, this is not the case for colorectal cancer even
though the technology for colorectal cancer screening (e.g., colonoscopy) has been available
for some years. It is possibly attributable to lack of public awareness and education of early
detection of colorectal cancer. Finally, the high rate of late-stage lung cancer and the high
mortality rate associated with it certainly call for the need of developing effective early
detection methods for lung cancer.
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The drawbacks of this paper also need to be recognised. Using zip code area as the analysis
unit, artifact results affected by the heterogeneous zip code size are inevitable. Also limited
by the areal unit, there is no accurate way to calibrate travel time or distance used in
measures of spatial access to cancer screening facilities and to primary healthcare because
each zip code area is approximated by its centroid. Travel time is also estimated for a
planning purpose, and thus in no way represents actual trip time that may be affected by real
travel elements such as rush hours, days of the week, and emergent traffic conditions. As for
residents depending on public transportation, estimate of travel time would require
additional data such as public transit routes, which are not feasible for this study.
Additionally, if the study area is divided into urban versus rural areas, Chicago versus non-
Chicago areas, more localised relationships between late-stage cancer diagnosis and risk
factors might be revealed. Most importantly, this research uses aggregate data at the zip
code area level and thus is ecological in nature. When cancer data of individual cases with
more demographic and socioeconomic attributes become available, a multilevel model may
be used to analyse the risk factors of individuals and possible interaction between individual
and neighbourhood characteristics.
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Figure 1.
Relative risk of late-stage breast cancer in Illinois (inset for Chicago region)
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Table 2

Loadings of variables on three factors

Contents Socio-economic disadvantages Socio-cultural barriers Healthcare needs

Female-headed households (%) 0.9089 −0.0058 0.0504

Population in poverty (%) 0.8662 0.1642 0.2405

Non-white minorities (%) 0.8481 0.2153 −0.0153

Households w/o vehicles (%) 0.8231 0.1905 0.2699

Home ownership (%) −0.6686 −0.3362 −0.3922

Housing units lacking basic amenities (%) 0.4278 0.2703 −0.0323

Households with linguistic isolation (%) −0.0479 0.9561 0.0164

Households with >1 person per room (%) 0.4464 0.7966 −0.0631

Population w/o high-school diploma (%) 0.5800 0.6406 0.1219

Population with high healthcare needs (%) 0.0316 −0.1050 0.9186

Median income ($) −0.5491 −0.2053 −0.5605

% of variance explained by each factor 54.08 28.09 17.83
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