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Abstract

Each state is autonomous in its comprehensive cancer control (CCC) program, and considerable
heterogeneity exists in the program plans. However, researchers often focus on the concept of
nationally representative data and pool observations across states using regression analysis to
come up with average effects when interpreting results. Due to considerable state autonomy and
heterogeneity in various dimensions—including culture, politics, historical precedent, regulatory
environment, and CCC efforts—it is important to examine states separately and to use geographic
analysis to translate findings in place and time.

We used 100 percent population data for Medicare-insured persons aged 65 or older and examined
predictors of breast cancer (BC) and colorectal cancer (CRC) screening from 2001-2005.
Examining BC and CRC screening behavior separately in each state, we performed 100 multilevel
regressions. We summarize the state-specific findings of racial disparities in screening for either
cancer in a single bivariate map of the 50 states, producing a separate map for African American
and for Hispanic disparities in each state relative to whites. The maps serve to spatially translate
the voluminous regression findings regarding statistically significant disparities between whites
and minorities in cancer screening within states. Qualitative comparisons can be made of the
states’ disparity environments or for a state against a national benchmark using the bivariate maps.
We find that African Americans in Michigan and Hispanics in New Jersey are significantly more
likely than whites to utilize CRC screening and that Hispanics in 6 states are significantly and
persistently more likely to utilize mammography than whites. We stress the importance of spatial
translation research for informing and evaluating CCC activities within states and over time.
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INTRODUCTION

Cancer is a leading cause of death, second to heart disease (Heron et al. 2009; Edwards et al.
2010). Among all cancers, breast cancer (BC) and colorectal cancer (CRC) can be detected
in early stages through effective screening methods. The 5-year survival rate for BC and
CRC exceeds 90 percent if detected at an early stage and exceeds 70 percent at a regional
stage (ACS 2010). However, BC and CRC screening rates are low (about 50 percent for BC
and CRC in 2008) (ACS 2011), and the mortality rates remain high.

In 2009, BC was the most common cancer in women, and CRC was the third most common
cancer in both men and women (Jemal et al. 2009). Both of these cancers are more common
among people aged 65 or older. Specifically, BC incidence is 5 times greater and CRC
incidence is 15 times greater among this age group than among younger populations (NCI
2007). Cancer morbidity and mortality in the older population become even more salient as
the population size and life expectancy of older persons continue to increase (Hetzel and
Smith 2001; Administration on Aging 2006). Thus, it is imperative to understand factors
associated with BC and CRC screening behavior in the older population in order to promote
early detection and effective reduction in cancer morbidity and mortality.

Disparities in cancer screening, morbidity, and mortality are well documented across
different races or ethnicities, levels of socioeconomic status or acculturation, insurance
coverage or type, and geographic location (ACS 2010; Naishadham et al. 2011). Recent
evidence from the Behavioral Risk Factor Surveillance System regarding CRC screening,
coupled with the National Program of Cancer Registries data, suggests that states with
higher prevalence of CRC screening have lower mortality from CRC (Richardson et al.
2011). Elimination of disparities in cancer screening and outcomes has been a particular
focus of comprehensive cancer control (CCC) efforts (Coughlin et al. 2006). Therefore, we
focus this article on disparities in screening utilization among whites and minorities.

Several studies have demonstrated that BC or CRC screening utilization varies across states
(Nelson et al. 2003; Cooper and Koroukian 2004; Schneider et al. 2009; Mobley et al. 2010).
Mobley et al. (2010) reported considerable state-level variation in CRC screening rates
(sigmoidoscopy or colonoscopy), ranging from 34 percent in New Mexico to 44 percent in
Maryland, using 100 percent Medicare fee-for-service claims data for people aged 65 or
older from 2001 through 2005.

This article focuses on racial or ethnic disparities in two types of cancer screening (BC,
CRC) and how these vary across states. The article’s major contribution is in the spatial
translation area. That is, we use mapping of state-specific population estimates reflecting
racial or ethnic disparities in two types of cancer screening to convey the results of 100
independently estimated multilevel models all in one graphic. This efficient means of
summarizing the vast amount of information allows CCC planners to easily assess how the
screening behaviors of older minorities in their state compare to older whites, and how their
observed disparity environments compare to a national average and to findings in other
states. We stress the statistical significance of differences within states, which is the most
valid comparison for disparities research. Plotting the results from all states together in one
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map allows for qualitative assessments of how the disparity environments differ across
states. Including the national average effect estimate from a pooled model in the map legend
offers a benchmark that illustrates which states are driving national estimates.

This sort of information on place-specific variation could be useful in CCC planning and
interventions, under new guidelines that encourage communities to collaborate with others
and to pay attention to place-based differences. More specifically, federal preventive health
policy has moved toward place-based initiatives, as exemplified by a 2009 White House
memo (OMB 2009). The memo promotes place-conscious planning and place-based policies
and programming at the interagency level to increase the impact of public investments. To
do this, planners need a way to reliably compare results across different communities and
state cancer control environments. Title IV of the Affordable Care Act (ACA) of 2010
(ACA 2010) supports specific programs tailored to improving population health and
integrated, place-based efforts to improve the well-being of persons and communities. The
law provides substantial funding for public health and requires that the Centers for Disease
Control and Prevention convene an independent Community Preventive Services Task Force
to review interventions, including consideration of place-specific social, economic, and
physical environments that can affect health and disease (Mueller et al. 2011).

Conceptual Model

Understanding health disparities in cancer screening requires a-priori modeling of the
sources of these disparities in a geospatial context and requires an approach that explicates
the social ecology of the health behaviors. As such, states should be modeled as separate
systems, which allows covariates (i.e., race or ethnicity relative to whites) to have unique
effects on the outcome variables (i.e., probability of BC or CRC screening) across states.
Independent modeling of each state’s population in multilevel models, with person-level and
community-level covariates, reveals the net effects of local-area interactions between people
and their environments for each state. Thus, we estimate multilevel models to generate
population-level effect estimates that are allowed to vary across states, reflecting their local
population and socio-ecological differences.

The conceptual model that we use here (Figure 1) draws from the literature and describes
spatial interaction among people and characteristics of their contextual environments along
the pathways to health care utilization (Mobley et al. 2008, 2010). This is a hybrid model
that incorporates the behavioral model of utilization (Aday and Andersen 1974) and spatial
interactions in health care access and utilization (Khan and Bhardwaj 1994). In the model,
each of the U.S. states represents a unique health care environment with unique and
decentralized cancer control programs that are state-specific in funding and implementation.
State health care environments are governed by local and regional politics, social systems,
market-level forces that determine supply factors, and community or neighborhood-level
forces that determine social factors. Individuals exhibit predisposing, enabling, and need
characteristics, which interact with the forces in the broader system.

This conceptual model directs us to study state populations as separate systems and to
examine racial or ethnic disparities in BC or CRC screening among each state’s population
in contexts that are relevant for each state. The separate, state-specific analyses are crucial

Ann Assoc Am Geogr. Author manuscript; available in PMC 2014 June 16.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Mobley et al.

METHODS

Page 4

for truly understanding disparities, because racial or ethnic disparities observed in studies
conducted at the national level are due in part to geographic differences rather than to
differences among racial or ethnic groups within geographic areas (Chandra and Skinner
2003). Because our goal is to disentangle true disparities within states from geographic ones
across the nation, we focus on individual states in separate analyses.

Study Population

Our study population is the entire Medicare fee-for-service (FFS) population aged 65 or
older and residing in the 50 U.S. states from 2001 through2005. We used the traditional
definition of Medicare FFS coverage (persons with both Parts A and B coverage). We
defined a FFS Medicare cohort of persons aged 65 or older in 2001 and followed them for
several years to assess whether they used screening for BC (in 2001-2003 and 2003-2005)
or CRC (in 2001-2005). We used annual data from 100 percent of Medicare claims to
record any endoscopy or mammography use by persons over these intervals. Persons
included in the cohort must remain alive during the entire period, maintain coverage of
Medicare Parts A and B, and remain living in the same state. In BC multilevel statistical
models we included only females, whereas in CRC models we included both males and
females. Table 1 provides sample statistics by state, where the number of cohort
observations per state is reported.

Statistical Analysis

We used the generalized estimating equations (GEE) form of multilevel models in the
analysis to obtain robust population-level effect estimates for each state from individual-
level data with binary response (Liang and Zeger 1986; Horton and Lipsitz 1999; Hardin
and Hilbe 2003; Gekman and Hill 2007). We separately and independently estimated cancer
screening models for each state and each cancer site. All models included the same set of
multilevel predictors (Table 2).

The neighborhood-community level is defined as the Primary Care Service Area (Goodman
et al. 2003), and the political system level is defined as the county. PCSAs are smaller and
more numerous than counties (see Table 1) and may better represent local neighborhood
conditions (Mobley et al. 2008). To demonstrate the deviation of state-specific estimates
from a national benchmark, we needed a national estimate that we derived by estimating a
national-level model that pooled all observations across states to obtain national-level
population estimates.

Statistical Significance

We used extracts from 100 percent Medicare FFS population data (not survey sample data)
yielding the maximal sample size possible for each state. For each state, we tested whether
the effect estimate of a minority group coefficient was significantly different (higher or
lower) from zero and then displayed those that were higher (positive) versus lower
(negative) versus no effect (zero) for each state.
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False-positive results (statistically significant effect estimates that occur by chance and
reflect type 1 statistical errors) are common in the medical literature (Sainani 2009). We
recognize that sampling error among small groups of Hispanics or African Americans in
some states with small minority populations can create the appearance of variation in
screening rates, even when none exists. In some states, the number of these individuals is
relatively low and thus the power to detect a significantly different effect compared to
whites may be low; thus, it is always possible that some findings are due to chance. To
tightly control the probability of type 1 errors, we used a 1 percent significance level for the
tests.

False positive results may also be hidden when researchers make multiple comparisons and
do not properly account for the reduction in power that accompanies this practice. In our
disparities research, we conducted several simultaneous tests to determine whether there
were differences between various minority subgroups and whites (unless all minorities are
grouped together in the model). Our model includes five subgroups (African American,
Hispanic, Asian, Native American, and other) that we compared to whites in a series of tests
for significance of coefficient estimates. To tightly control for type 1 error, we accounted for
this multiple-testing aspect of our model (Sainani 2009) using a Bonferroni correction. The
Bonferroni correction is a very conservative approach because it represents a worst-case
scenario where all of the tests being conducted are assumed to be completely independent
(which is not likely to be the case for these subgroup comparisons). However, the
Bonferroni correction is simple to conduct and to understand, and even if it is not the best
approach, using a more stringent significance level helps weed out spurious results from
states with small minority populations. Thus, we used the 1 percent level of significance in
translating our findings via the maps, which reflects at least a 5 percent overall level of
significance according to the Bonferroni correction approach (0.05 = 0.01 x 5). Thus, the
significance level for our tests is somewhere between 1 percent and 5 percent. As described
next, we make only qualitative comparisons across states and between states and the nation
by mapping the state-specific results to demonstrate differences across states in the state-
specific population dynamics.

Spatial Translation of Findings from 100 Multilevel Regressions

After estimation, we compiled results for the race or ethnicity effect estimates for each state
and cancer site. Each state’s effect estimates for each minority group (African American and
Hispanic) were classified as follows: statistically significantly different from zero (at the 1
percent level of significance) and (a) with a positive value, or (b) with a negative value, or
(c) not significantly different from zero. Using these, we then translated the disparities
findings using three maps (Figures 2 through 4). We used a spatial join method in ArcView
10.0 GIS software that combined the effect estimates for each cancer site and state, resulting
in nine possible bivariate classes for the joined estimates. For example, one of these classes
is defined as follows: a positive effect for minority group relative to whites for BC screening
(horizontal legend) and also a positive effect for minority group relative to whites for CRC
screening (vertical legend). All states meeting both of these criteria are classified in that cell
of the map legend and colored light blue. No such states are evident for the African
American disparities (Figure 2); however, for Hispanic disparities, one state (New Jersey)
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shows higher screening for both cancers among Hispanics relative to whites (Figure 3). For
benchmarking, we display the national effect estimate for the covariate of interest in the map
legend to help viewers understand which states are dominating national statistics.

This innovative spatial translation of GEE modeling results allows findings from 100
separate estimating equations to be compared visually across all states in one single graphic.
This demonstrates the power of mapping to aid in visualizing vast quantities of information.
For example, in Figures 2 and 3, we display disparities between two minority groups
(African Americans and Hispanics) and whites for each state. In some states, we see a
reversal of what we might expect based on national statistics. That is, minorities seem to
display an advantage over whites in terms of screening utilization. We posit that these sorts
of reverse disparities reflect successful state-specific initiatives designed to reduce
disparities. In Figure 4, we display the Hispanic disparity estimate relative to whites for BC
screening over two time intervals to investigate whether disparity outcomes for BC
screening are changing over time. These sorts of temporal comparisons may also be useful
in evaluating CCC efforts.

In summary, observed differences in map colors across individual states reflect different
state environments and CCC efforts and other place-specific differences across states.
Multistate patches of the same color reflect similar disparity environments in particular
regions, reflecting geographic disparities. For example, patches of red color across multiple
states suggest regional disparities in both of the dimensions displayed in the map.

Disparities Estimates from Multilevel Models

Figure 2 displays effect estimates from our GEE multilevel models, focusing on the
disparity between African Americans and whites in BC screening during 2003-2005 or CRC
screening during 2001-2005. As shown in Figure 2, in Michigan, African American women
have no significant differences in the probability of BC screening relative to whites (“state
estimate not statistically significant” category), whereas African Americans have a
significantly higher probability of CRC screening than whites (“significantly positive state
effect estimate” category), resulting in a dark blue color classification. Michigan is the only
state exhibiting this dichotomy. In 17 states, African Americans have no significant
differences in either type of screening relative to whites, whereas in the majority of states,
African Americans have a significantly lower probability of BC and CRC screening than
whites. This explains the national statistic often reported that African Americans are less
likely to be screened for BC or CRC than whites. However, our results suggest that in
Michigan, this disparity in CRC screening has been reversed for African Americans.

Figure 3 displays effect estimates from the Hispanic indicator variable, relative to whites, on
probability of cancer screening. It is constructed the same way as Figure 2. In New Jersey,
Hispanics have a higher probability of both BC and CRC screening than whites (light blue
color, “significantly positive state effect estimate” in both dimensions). In 21 states,
Hispanics have no significantly different probability of BC or CRC screening than whites
(grey color). In the majority of states, Hispanics have significantly lower probability of BC
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and CRC screening than whites (red color). This explains the national statistic often reported
that Hispanics are less likely to be screened for BC or CRC than whites. However, our
results suggest that in New Jersey, this disparity in BC and CRC screening has been
reversed for Hispanics.

Figure 4 displays effect estimates from the Hispanic indicator, relative to whites, on
probability of BC screening over time, using bivariate mapping to compare estimates from
an early period (2001-2003) and late period (2003—2005). The national estimate finds no
statistically significant effect of being Hispanic on the probability of BC screening in either
period, suggesting no disparity in BC screening for Hispanics relative to whites in either
period. The state-specific analysis demonstrates that what seems to be the case nationally
does not necessarily hold across the states. Although the majority of states exhibit no
disparities, the map shows that in 6 states (New York, Pennsylvania, Massachusetts,
Connecticut, New Jersey, and Florida), Hispanic women were more likely than whites to
have BC screening in both periods. Conversely, in 11 states, Hispanics were significantly
less likely than whites to receive BC screening in both periods (red). Seven states showed
changes in disparities over time, with disparities increasing over time in only one state
(Idaho) and decreasing in the remainder (Ohio, Hawaii, Rhode Island, Michigan, Oregon,
and Tennessee). No states experienced a complete reversal (black) from negative to positive
disparities over time (relative to whites).

DISCUSSION

In this study, we used a socio-ecological, spatial interaction framework to guide the
multilevel statistical modeling of minority disparities in BC and CRC screening. The study
sample is based on 100 percent FFS Medicare data and thus is fully representative of this
population in all states, providing large samples that allow for robust characterization of
disparities between minorities and whites in most states. No other source of BC or CRC
screening data exists to date that can be used for this purpose. Sample data, such as the
Behavioral Risk Factor Surveillance System, cover a broader range of adults but sparsely
represent population subgroups within states. In the future, with standardized medical
records and greater national health security from increased availability of competitive health
insurance, population-based analyses are expected to become more prevalent. This article
demonstrates the advances in disparities research that are possible with availability of
population health (versus survey sample) data.

We used innovative spatial translation to present the study findings in a series of bivariate
maps, which are useful for making comparisons of state-specific disparity environments
across states and for revealing patterns in these disparity environments that reflect broader
regional geographic disparities. Each state is treated as a separate environment, and each
state’s estimates describe behaviors in that state’s FFS Medicare population. Mapping the
findings for each state together in a single map of the United States enables comparisons of
the disparity dynamics across the state environments, showing geographic differences in the
disparities between minorities and whites. We provide a national estimate, derived from a
pooled model, to use as a benchmark to demonstrate which states are driving the national
estimate. We demonstrate that many states deviate from the national estimate, calling into
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question the utility of such a statistic for CCC efforts. The spatial translation of empirical
findings that we demonstrate here is a useful tool for efficiently summarizing a tremendous
amount of empirical evidence, allowing qualitative comparisons across states and over time.
Observed differences across states can be used to motivate further CCC evaluation research
that seeks to explain why some states exhibit disparities among minorities and whites,
whereas others do not.

Although the majority of the states showed lower BC and CRC screening rates for African
Americans and Hispanics than whites, consistent with the national benchmark, our findings
demonstrate that minority disparities with whites are reversed in some states, such as
Michigan and New Jersey. It is possible that this reflects successful efforts by the National
Comprehensive Cancer Control Program (NCCCP) in some states. For example, we know
that Michigan used NCCCP support to establish the Colorectal Cancer Awareness Network
(CRAN) in 2002 with a mission to raise awareness about CRC and the need for screening
(MCC 2002). During its first year, CRAN grew to more than 230 participants representing
145 unique organizations from every region of the state. New efforts in 2004 more fully
embedded CRAN into Michigan’s communities through the development of regional
CRANSs in partnership with the American Cancer Society. The findings from this article
suggest that Michigan’s CCC efforts may have succeeded in increasing awareness of the
importance of CRC cancer screening. The state’s African Americans were more likely than
whites to utilize CRC screening, suggesting that the efforts to promote screening at the
church and community levels reaped positive rewards for this minority group.

The finding that Hispanics in New Jersey are significantly more likely than whites to receive
both types of screening is puzzling as we found no description of CCC efforts that may help
explain this phenomenon (NJCCCP 2002). Our examination of Census data from the year
2000 show that Hispanics made up 13 percent of New Jersey’s population; 33 percent of
Hispanics in New Jersey were from Puerto Rico, and another 16 percent were from South
America, with only 9 percent from Mexico and 7 percent from Central America. Perhaps
Hispanics in New Jersey are on average wealthier or better educated; perhaps they are more
firmly established over several generations and have greater social cohesion and support
than Hispanics in other areas. Further research is needed to better understand this reverse
disparity.

When looking at the change of BC screening rates over time for Hispanics relative to whites
(see Figure 4), we found that 6 states had higher BC screening rates than whites in both
periods, while the national benchmark for Hispanics was zero (no significant disparity from
whites). This finding demonstrates that national statistics are not very representative of what
is happening in all states. To better understand the impacts from CCC efforts in each state,
analysis using state-specific data and controlling statistically for multilevel factors in each
state is needed.

The geospatial research presented in this article, which spatially translates findings from
state-specific multilevel models of individuals’ cancer screening behavior, may provide
valuable information for state CCC programs seeking evidence that their program activities
are making progress in closing disparity gaps. We have focused here on two states that
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exhibited reverse disparities—that is, findings that a minority group had statistically
significantly higher probability of screening than whites. The majority of states exhibit the
usual disparities reported in national statistics, whereas others show no disparities at all and
a few show reverse disparities during the period we study.

This work demonstrates the importance of analyzing and assessing each state separately.
States are separate entities in CCC and have autonomy to set insurance regulation and health
promotion policies. In addition, states represent different mixtures of peoples and cultures,
have different baseline and historical conditions, and are so heterogeneous that it calls into
question the utility of national average statistics. With increasing availability of population
data and computing capabilities, we advocate use of population data and a focus on
individual states, so that meaningful interventions to improve cancer screening behavior can
be implemented and evaluated.
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Table 2

Variables Included in Multilevel Regression

Factorsin Conceptual Model Variablesin Regression Model

Individual
Enabling/disabling Moved to a new ZIP code within state, 2001-2005
Months with state assistance to purchase Part B insurance
Distance (miles) to closest screening facility
Predisposing Age in 2001

Gender (only in CRC models and using female as the reference group)
Race or ethnicity (five groups relative to whites)

Sociodemographic factors (at PCSAarea level)

Social integration and support  Residential segregation (isolation) index

Stressor, driver courtesy Proportion of the workforce commuting =60 minutes to work

Social or cultural cohesion Proportion of the people aged 65 or older who speak little or no English
Health system factors (at County area level)

Capacity Average number of screening facilities per thousand population aged 65 or older
Number of oncologists per 1,000 population aged 65 or older
Medicare managed care plan penetration
Proportion of people living below the federal poverty level
Proportion of the county population in rural tracts

Note: CRC = colorectal cancer; PCSA = primary care service area
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