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Abstract

Rural populations experience a myriad of cancer disparities ranging from lower screening rates to
higher cancer mortality rates. These disparities are due in part to individual-level characteristics
like age and insurance status, but the physical and social context of rural residence also plays a
role. Our objective was two-fold: 1) to develop a multilevel conceptual framework describing how
rural residence and relevant micro, macro, and supra-macro factors can be considered in evaluating
disparities across the cancer control continuum and 2) to outline the unique considerations of
multilevel statistical modeling in rural cancer research. We drew upon several formative
frameworks that address the cancer control continuum, population-level disparities, access to
health care services, and social inequities. Micro-level factors comprised individual-level
characteristics that either predispose or enable individuals to utilize health care services or that
may affect their cancer risk. Macro-level factors included social context (e.g. domains of social
inequity) and physical context (e.g. access to care). Rural-urban status was considered a macro-
level construct spanning both social and physical context, as “rural” is often characterized by
sociodemographic characteristics and distance to health care services. Supra-macro-level factors
included policies and systems (e.g. public health policies) that may affect cancer disparities. Our
conceptual framework can guide researchers in conceptualizing multilevel statistical models to
evaluate the independent contributions of rural-urban status on cancer while accounting for
important micro, macro, and supra-macro factors. Statistically, potential collinearity of multilevel
model predictive variables, model structure, and spatial dependence should also be considered.
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1. Introduction

Rural populations in the United States comprise as many as 59 million people (19% of the
population) (U.S. Census Bureau, 2012). Compared to urban populations, people in rural
areas often face a myriad of challenges that negatively affect their health, including greater
levels of poverty, higher rates of uninsured status, greater distance to health care services,
and poorer built environments (Charlton et al., 2015; Foutz et al., 2017; U.S. Department of
Agriculture, 2019; Watson et al., 2016). Due in part to these challenges, rural populations
experience cancer disparities across the cancer control continuum from prevention to
incidence to survivorship and mortality (United States Department of Agriculture, 2019).
Rural disparities include the following: poorer cancer-related health behaviors (e.g. smoking,
sedentary behavior) (Doogan et al., 2017; Matthews et al., 2017), lower rates of cancer
screening (Anderson et al., 2013; Bennett et al., 2011), higher incidence rates of potentially
preventable cancers (Henley et al., 2017; Zahnd et al., 2018b), more advanced stage at
cancer diagnosis (Williams et al., 2016; Zahnd et al., 2018a), treatment that is less
concordant with guidelines (Camacho et al., 2017; Zahnd et al., 2018c), low enrollment in
clinical trials (Zullig et al., 2016), and higher mortality rates (Blake et al., 2017; Hashibe et
al., 2018; Moy et al., 2017).

Researchers increasingly advocate the use of multilevel (or hierarchical) modeling to
evaluate rural cancer disparities (Blake et al., 2017; Meilleur et al., 2013). Multilevel
analytical approaches allow for the simultaneous examination of at least two levels of data.
For example, this may include individuals (level I) nested or grouped by census tract or
county (level Il). For many cancers, individual characteristics such as race/ethnicity, gender,
or age strongly influence cancer risks and disparities. However, characteristics of an
individual’s context may also play a role. Context as defined by Maclntyre and colleagues,
comprises “opportunity structures in the local physical and social environment” (Macintyre
et al., 2002). The physical environment consists of physical features of an area (e.g. water
and air quality), built environment (e.g. sidewalks, recreation facilities), and available/
accessible health services (Macintyre et al., 2002). The social environment encompasses
socioeconomic conditions, occupational opportunities, social interactions and resources, and
other health-related attributes of the places where people live and work (Macintyre et al.,
2002). For the purpose of this paper, context/contextual variables will refer to group- and
area-level characteristics (e.g. area-level poverty or residential segregation) that influence
health outcomes (Diez Roux, 2002; Meilleur et al., 2013)

From a statistical perspective, utilization of multilevel modeling techniques to examine the
effect of rurality on health outcomes may have advantages over either traditional regression
or ecological analyses. Meilleur and colleagues refer to multilevel modeling as “ideal
statistical approach” for the purposes of evaluating rural cancer outcomes (Meilleur et al.,
2013). Multilevel modeling approaches account for the non-independence of observations
within groups (e.g. geographies) which enables more accurate calculation of standard errors
and subsequent reduction in the opportunity for Type | errors (Diez-Roux, 2000). The
hierarchical structure of these models enables researchers to evaluate the effects of
individual-level variables, group (place) level variables, and the cross-level interactions on
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health outcomes (Wang et al., 2012). This may be particularly germane to the study of rural
cancer outcomes because rural areas have varying place and population characteristics that
affect cancer-related exposures, risk behaviors, and access to diagnosis and treatment
services (Probst et al., 2004).

Our paper is also motivated by the growing use of multilevel modeling in cancer studies
(Arcaya et al., 2016; Zahnd and McLafferty, 2017). A recent systematic review found that,
over the past 15 years, multilevel modeling has been used in analyzing many types of cancer
data including registry, cohort, clinical trial, administrative, hospital system, and clinical
surveillance data across all cancer types and across all areas of the cancer control continuum
(Zahnd and McLafferty, 2017). Despite its conceptual and statistical advantages, multilevel
modeling has been underutilized in the study of rural cancer disparities (Meilleur et al.,
2013). A commentary from the National Cancer Institute (NCI)’s Division of Cancer
Control and Population Sciences stated: “more work is necessary to disentangle the effects
of individual-level [socioeconomic status] and area-level factors (e.g. census tract poverty)
in multivariable, multilevel models to understand the independent association of rurality on
outcomes related to cancer prevention and control” (Blake et al., 2017). To guide
understanding of rural cancer disparities and respond to the NCI’s call, it is important to
develop a conceptual framework for multilevel analyses and to evaluate the distinctive
contributions and challenges of multilevel modeling for cancer control research within rural
contexts (National Cancer Institute and Science, 2018). In order to better inform the
implementation of such strategies, it is imperative to appropriately conceptualize rural
context. The Cancer Prevention and Control Research Network (CPCRN) seeks to address
this imperative. The CPCRN is a network of academic, public health, and community
partners that aims to reduce the burden of cancer of underserved populations, such as those
living in rural areas, through adoption of implementation of evidence-based cancer
prevention and control strategies (Cancer Prevention and Control Research Network, 2019).

Our goal is to present a conceptual framework for understanding rural cancer disparities and
to discuss both challenges and opportunities in using multilevel modeling to investigate rural
cancer disparities. We argue that for rural populations, interlocking social, environmental,
and health care factors that exist at multiple scales strongly influence cancer risks and
outcomes. We characterize these factors as: micro, macro, and supra-macro factors
according to the scale of influence (Table 1). In the next section, we discuss the
opportunities and challenges of multilevel statistical modeling in rural cancer research in the
United States.

2. Development of a conceptual framework

We constructed a conceptual framework to guide the inclusion of rurality and other factors
that may have an effect across the cancer control continuum in multilevel analyses of cancer
in rural populations (Fig. 1). We anticipate that such a framework would be applied to
analysis of relative disparities in which urban populations would serve as the reference
group. The National Cancer Institute recommends that the hypothesized “best off” group
(i.e. urban) be the reference group in analysis (Harper and Lynch, 2005). However, we have
designed this conceptual framework to be flexible across geographic definitions and units.
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Practically, such a framework may be especially useful for analysis of secondary data from
cancer registries, administrative databases, population-based surveys, health system records,
and cohort studies where there is likely greater opportunity to link individual-level data to
area-level data at the county, census tract, or other geographic levels. This framework also
may be useful to conceptualize prospective data collection in multilevel interventions, which
is an increasingly recommended approach to address rural cancer disparities, that may be
implemented at the individual and community levels (Kennedy et al., 2018; Wheeler and
Davis, 2017).

This framework incorporated several well-cited and utilized models, frameworks, and
reviews (Table 1). The Model for Analysis of Population Health and Health Disparities
developed by Warnecke and colleagues serves as the foundation for our framework
(Warnecke et al., 2008). Warnecke’s Model defines factors affecting health disparities as
either proximal, intermediate, or distal to individual-level outcomes and was identified by
Lynch and Rebbeck as the most appropriate multilevel framework for assessing cancer
disparities as an outcome (Lynch and Rebbeck, 2013; Warnecke et al., 2008). Further,
Warnecke’s model has been used as a multilevel intervention framework to address rural
cancer disparities (e.g. the Geographic Health Equity Alliance’s Multi-Level Framework)
(Weaver et al., 2016). Cancer disparities can occur across the continuum, characterized by
the progression of disease from etiology to survivorship and mortality, which we describe by
considering both the National Cancer Institute’s Cancer Control Continuum and Wingo’s
Framework for Cancer Surveillance (National Cancer Institute, 2017; Wingo et al., 2005).

To use nomenclature more common in multilevel statistical modeling, we have characterized
factor groupings as either micro, macro, or supra-macro factors, respectively (Arcaya et al.,
2016; Duncan et al., 1998; Cromley and McLafferty, 2012). The factors delineated within
each grouping in our framework met two criteria. First, all factors were broadly
characterized by well-cited, established conceptual frameworks and/or definitions from
seminal articles in the field of health disparities. Second, all factors had either been
considered in previous studies that used multilevel modeling methods in geographic contexts
or have been identified as factors particularly pertinent to rural health disparities that have
been used in traditional regression or ecological studies (Table 1). Micro-level factors were
characterized broadly as individual demographics and risk factors, drawing from Warnecke’s
Model. Individual demographics were further characterized based upon how those
demographic characteristics either enable individuals to utilize health care services or
predispose them to a need for health care services in accordance with the Aday and
Anderson Framework for the Study of Access (Aday and Andersen, 1974). To characterize
macro factors, we drew upon other Warnecke’s model components, Khan’s Typology of
Access, and Krieger’s Domains of Social Inequality to characterize the factors relevant to
rural contexts—specifically the effects of social and physical environment as well as spatial
and aspatial access to care in rural populations (Khan and Bhardwaj, 1994; Krieger, 2005;
Warnecke et al., 2008). Supra-macro factors are broadly conceptualized as the policy and
systems environment that may affect cancer across the continuum as characterized by
frameworks from Taplin and Mobley (Mobley et al., 2014; Taplin and Rodgers, 2010).
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3. Cancer control continuum

We characterized the cancer control continuum by utilizing frameworks from the NCI and
Wingo (Fig. 1) (National Cancer Institute, 2017.; Wingo et al., 2005). The NCI’s framework
considers the effect of cancer on individuals and populations as an overlapping progression
of the disease and how it can be controlled: etiology, prevention, detection, diagnosis,
treatment, and survivorship. Wingo’s Framework similarly considers cancer across the
continuum: healthy populations, new diagnosis of cancer, treatment of cancer, living with
cancer, and dying of cancer, but also discretely places each construct as part of either
primary, secondary, or tertiary prevention of cancer. We merged constructs from each
framework to delineate the relationship between disease progression and levels of associated
prevention.

4. Micro-level factors

4.1.

Enabling and predisposing factors

Micro-level factors (i.e. individual factors), such as demographic characteristics, health
behaviors, occupational exposures, and genetic characteristics, may affect disparities along
the cancer control continuum. In most multilevel models, micro-level factors comprise the
individual level | variables. Particularly germane for rural disparities research and
subsequently our conceptual framework, micro-level characteristics may enable or
predispose an individual’s access to care, as characterized by Aday and Andersen’s
Framework for the Study of Access (Aday and Andersen, 1974). Insurance status, marital
status, and socioeconomic factors are enabling factors in that they are a “means” to
accessing services. Factors like age, sex, and race/ethnicity may predispose an individual’s
access to care/propensity to utilize healthcare services. The enabling and predisposing
factors have been shown in previous studies to affect cancer outcomes along the continuum.
(Aizer et al., 2013; Cook et al., 2009; Ellis et al., 2017; Unger et al., 2013). It is important to
understand how t individual-level factors may affect cancer outcomes within rural
geographic contexts, particularly as rural residents face unique challenges in access to
cancer care including less availability of cancer treatment, transportation barriers, higher
rates of uninsured status, and less access to clinical trials (Charlton et al., 2015).

4.2. Genetic and non-modifiable risk factors

In addition to the effect of individual factors on health care utilization, some demographic
factors (i.e. age, race/ethnicity, and sex), as well as genetics, are non-modifiable risk factors
for development of cancer. Genetic factors influence cancer risk and responsiveness to
treatment. For example, since the passage and implementation of the Affordable Care Act,
utilization of BRCA testing has increased among all at-risk women, but the magnitude of
this increase differs between rural and urban women (Kolor et al., 2017). With the increase
of genetic testing modalities and the increased coverage of testing because of the Affordable
Care Act and recent Medicare regulations, micro-level genetic factors may become
increasingly important to consider within the rural-urban dynamic, not necessarily because
rural-urban genetic differences are anticipated, but because rural-urban differences in known
genetic risk (due to testing differences) may be anticipated. Further, non-modifiable,
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individual-level risk factors may interact with macro-level factors, which underscores the
importance of considering area-level factors in conjunction with individual-level factors in
multilevel models. For example, one study found that residential segregation differentially
affected rural African Americans’ and rural Hispanics’ utilization of cervical cancer
screening (Caldwell et al., 2017). It is important to note, also, that although race and
ethnicity are often individual-level variables within datasets, race and/or ethnicity is often
not an intrinsic risk factor for greater cancer risk, lower screening or treatment utilization,
and/or poorer cancer outcomes. Rather, racial disparities in cancer may be due to actual and
perceived racial biases and discrimination within the health care system and systemic racism
(Rathore and Krumholz, 2004). Thus, although it is an individual-level factor, the
association that race and ethnicity may have with a cancer outcome may be due more to the
social and health care context.

4.3. Modifiable risk factors

Particularly relevant to the etiology of cancer are behavioral risk factors that are often more
common in rural populations in aggregate (e.g. smoking, obesity) or occupational or
environmental exposures that may differ between rural and urban contexts (e.g. agricultural
and industrial exposures, respectively) (Dasgupta et al., 2012; Doogan et al., 2017; Patterson
et al., 2004). Researchers can explore how those individual behavioral and/or occupational
risk factors, if available within a dataset of interest (e.g. datasets from hospital systems or
cohort studies), may affect cancer outcomes for individuals within rural-urban contexts. For
example, previous multilevel studies have considered individual level occupation and
contextual geographic remoteness (i.e. rurality) and their effects on breast cancer survival
(Dasgupta et al., 2012).

5. Macro-level factors

Macro-level factors will often be the Level |1 factors that characterize an individual’s
geographic context (e.g. census tract, zip code, county) in multilevel models. Macro-level
factors are characterized by social and physical context (Fig. 1) (Warnecke et al., 2008).
Social context can include area-level socioeconomic measures such as poverty level, median
household income, racial residential integration, and social capital (Warnecke et al., 2008).
Physical context includes accessibility and availability of health care services and the built
environment, which includes access to health-promoting services (e.g., farmers’ markets) or
conversely, health inhibiting resources (e.g., fast food restaurants) (Gomez et al., 2015). To
further define and characterize social and physical context, we considered Krieger’s
Domains of Social Inequity and Khan’s Typology of Access as well as measures identified
in review papers by Gomez and Colditz (Table 1) (Colditz and Wei, 2012; Gomez et al.,
2015). Krieger’s domains of social inequity—at a contextual level—include elements of
socioeconomic position and race/ethnicity (i.e. socioeconomic status and racial integration)
(Krieger, 2005). Similarly, Khan’s typology of healthcare access characterizes aspatial
access as the social, economic, political, or cultural barriers or facilitators to health care
access (Khan and Bhardwaj, 1994).
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5.1. Social context

Characteristics of social context may affect the risk of developing cancer, the ability to
access necessary health care services to prevent or treat cancer, and the risk of cancer-related
death. Indeed, socioeconomic characteristics are the most commonly used contextual factor
in multilevel analyses of cancer outcomes (Zahnd and McLafferty, 2017). Other commonly
used characteristics of social context focus on the racial/ethnic distribution of a geographic
area, including crude measures of racial composition (e.g., percent non-White) and derived
measures of residential segregation (e.g. Massey’s isolation index), and socioeconomic
deprivation (e.g. Townsend deprivation index and Area Deprivation Index) (Massey and
Denton, 1988; Singh, 2003; Townsend, 1987; Zahnd and McLafferty, 2017). These measures
are particularly important for the exploration of rural cancer disparities. Rural populations
tend to be older and poorer than urban populations, but the context of rural or urban poverty
may uniquely affect cancer outcomes. Similarly, the effect of racial composition or area-
level segregation may distinctively impact health outcomes in rural compared to urban
minorities, or in rural white compared to rural minority populations (Caldwell et al., 2017;
Probst et al., 2004). Social capital, another measure of social context, can be characterized as
the community value experienced from social networks, norms, and trust and may affect
health differently in rural and urban areas due to the different population sizes and different
cultural norms (Yen and Syme, 1999). For example, although not explicitly cancer-related,
one multilevel study suggested that in urban populations high social capital was associated
with higher odds of smoking during pregnancy, while high levels of social capital in rural
areas were associated with lower odds of smoking during pregnancy (Shoff and Yang, 2013).

5.2. Physical context

Physical context is characterized by access to health care services, health-promoting
resources, and health inhibiting features, as well as area-level environmental exposures.
Access to healthcare services (e.g. area-level travel distance; provider density ratios) is an
especially important measure of physical context and has been used in some studies as a
proxy measure for rural status (Meilleur et al., 2013; Zahnd and McLafferty, 2017). Access
can be further characterized as potential and realized accessibility (Khan and Bhardwaj,
1994). Potential access is the relative availability of health care services relative to
population-level need. Studies employing multilevel models to evaluate cancer outcomes
have used a myriad of measures of potential access, most frequently using provider-
population ratios, spatial filtering measures (e.g. two-step floating catchment area), or travel
distance measures (Khan-Gates et al., 2015; Zahnd and McLafferty, 2017). Realized access
is the actual utilization of services and may be characterized in multilevel models as, for
example, the area level utilization of cancer screening services (% of Medicare beneficiaries
up-to-date with cancer screening recommendations) (Mobley et al., 2015). Health promoting
resources and health inhibiting features (i.e. built environment) are also important measures
of physical context that may differ between rural and urban areas and subsequently have
varying effects on cancer outcomes. Health promoting resources considered in previous
multilevel studies have included resources such as access to parks and farmers’ markets
while health inhibiting features have included alcohol outlet, fast food, and tobacco retail
densities (Keegan et al., 2014; Levin et al., 2014; Major et al., 2014; Shariff-Marco et al.,
2017). Area-level environmental exposures considered in multilevel cancer studies have
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included UV radiation and air pollution exposures (Jerrett et al., 2005; Richards et al., 2011).
Previous studies have shown that rural populations have less access to health promoting
resources such as parks (Wen et al., 2013). Similarly, rural and urban areas may vary in
types of environmental exposures. For example, rural areas tend to have better air quality,
but poorer drinking water quality compared to urban areas (Strosnider et al., 2017).

5.3. Rural-urban status

Rural-urban status as an independent characteristic, however, is not bound by the definitions
of either social or physical context and certainly spans both contexts. Krieger identifies
rural-urban status as a domain of social inequality, and Khan characterizes aspatial access as
social, economic, political or cultural barriers/facilitators to care, which will be unique to
rural or urban contexts and independent of other contextual measures (Khan and Bhardwaj,
1994; Krieger, 2005). There is no consensus on what constitutes “rural”, either qualitatively
or quantitatively. In fact, there are at least 15 federal definitions of rurality (Blake et al.,
2017). However, definitions of rural in health policy and research tend to be driven by the
foci of federal agencies, the specific research questions posed by researchers, and the
geographic scale of available data (Hart et al., 2005). While different measures have been
used, the commonality of how “rural” is defined is by small population size and geographic
isolation. In most multilevel studies, rural-urban status has primarily been defined by federal
agency measures from the United States Department of Agriculture (USDA), U.S. Census
Bureau, or Office of Management and Budget definitions (Zahnd and McLafferty, 2017).
USDA measures that characterize counties (Rural-Urban Continuum Codes and Urban
Influence Codes) or census tracts (Rural-Urban Commuting Area (RUCA) codes, which can
also be approximated to zip codes) are most commonly used. These USDA measures take
into consideration population size within a geographic area, proximity to metropolitan areas,
and commuting patterns. Several researchers have suggested that, if data are available at the
appropriate geographic scale, census tract RUCA codes may be the best rural-urban measure
for cancer research because it considers both population density and a component of travel
distance (Meilleur et al., 2013; Pruitt et al., 2015).

Further, rural populations are not racially, ethnically, nor socioeconomically monolithic. One
in five rural Americans is a person of color, and in some rural areas, the population is greater
than 50% black, Hispanic, Asian, Native American, Native Hawaiian or some combination
of racial/ethnic minority (Housing Assistance Council, 2012; Lichter, 2012; Probst et al.,
2004). While rural areas tend to be poorer, there are some rural areas that are quite affluent.
Populations in “amenity-rich” rural areas have grown 20% between 1990 and 2015 (Ulrich-
Schad and Duncan, 2018). The sociodemographic diversity of rural America stresses the
need to simultaneously consider rural-urban status, socioeconomic factors, and racial/ethnic
composition in multi-level studies of cancer outcomes.

6. Supra-macro level factors

Supra-macro factors are characterized by both policies and systems that affect cancer
outcomes and may be particularly important to elucidate disparities beyond what is
measured at the micro or macro levels (Bambra et al., 2019). These will often be the Level Il
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or I factors in multilevel models insofar as they describe the larger geographic context (e.g.
state or region) in which a rural county or census tract is nested (Fig. 1). Supra-macro factors
are rarely considered in multilevel analyses of cancer outcomes despite the fact that they
may have the largest population-level health impacts. (Frieden, 2010; Zahnd and McLafferty,
2017). We drew from Taplin and Mabley’s works to delineate these policies and systems as
the state and federal level policies related to insurance coverage policies, hospital
performance, and facility/provider regulations and how these may uniquely impact cancer
diagnosis, treatment, and survival in rural populations (Table 1) (Mobley et al., 2014; Taplin
and Rodgers, 2010).

Health policy

State-level health care policies may be important to include in multilevel models, especially
to examine how policy affects cancer outcomes differently across rural-urban contexts. In
Fig. 1 and Table 1, we delineate health policies related to insurance and public health
policies as well as provider and facility regulations. A particularly salient example is that
Medicaid expansion has been less likely to occur in states with large rural populations
(Foutz et al., 2017). Studies have explored the impact of Medicaid expansion on cancer
screening, staging, treatment and mortality-incidence ratios, but rural-specific and rural-
urban comparisons have yet to be explored (Ajkay et al., 2018; Choi et al., 2015). Further,
broader social and public health policies may disproportionately affect rural populations. For
example, Doogan and colleagues posit that the widening disparity between rural and urban
smoking rates may be because state-level tobacco control policies are disproportionately less
effective due to lack of cultural relevance and/or poor implementation and enforcement in
rural areas (Doogan et al., 2017). At the local level, rural areas may also be less likely to
have smoking-related regulations (e.g. indoor smoke-free bans).

Policy-relevant contexts

Policy relevant contexts like the four federal regional designations may be an important
supra-macro factor to consider (Boyd, 2006). These multi-state or multi-county regions have
been legislatively designated for socioeconomic development purposes. The two largest
federally designated regions include the Appalachian Regional Commission and the Delta
Regional Authority—both largely rural regions with stark cancer disparities may be
particularly relevant (Wilson et al., 2016; Zahnd et al., 2017). Inclusion of these designations
in multilevel models has implications for federal resource allocation and interventions. For
example, the Appalachia Community Cancer Network is an NCI-funded network addressing
cancer disparities in Appalachia through community-based participatory research
approaches. (Appalachia Community Cancer Network, n.d.). Multilevel modeling
approaches may be an effective way to evaluate the impact of these efforts on cancer
outcomes in network communities compared to non-network Appalachian communities by
also accounting for relevant micro- and macro-level factors.
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7. Additional considerations for multilevel analysis of rural cancer

outcomes

By integrating previously published frameworks, models, and reviews, we developed a
conceptual model for how cancer disparities could be considered within a rural context
utilizing multilevel modeling approaches. Our model considered factors at the micro, macro,
and supra-macro level that may affect outcomes across the cancer control continuum and
described specific constructs within each level. Of note, our model delineated how rural-
urban status spans social and physical contexts and may affect cancer outcomes independent
of other area-level characteristics. With the increasing call for the utilization of multilevel
modeling approaches in the evaluation of rural cancer outcomes, this model can provide
guidance for epidemiologists, health service researchers, geographers, and sociologists
doing quantitative rural cancer research. However, we also posit that there are additional
methodological considerations that should be considered, as described below.

7.1. Addressing multicollinearity among contextual variables

A challenge when considering multiple contextual variables within a multilevel model is that
of multicollinearity, particularly among highly correlated variables like socioeconomic
factors (e.g. area-level poverty, educational attainment, etc.) that also may be collinear with
rural-urban status. There are several ways to address this. For example, some studies may
use a single socioeconomic variable like area-level poverty, which has been identified as the
most robust area level socioeconomic factor relating to cancer incidence (Krieger et al.,
2002).

Other studies utilize multiple socioeconomic variables to develop a single composite
variable (e.g. Area Deprivation Index). Some studies utilize data reduction approaches like
principal component analysis, which creates a smaller number of index (component)
variables from a larger number of variables, and factor analysis which creates latent
variables that cannot be directly measured from individual variables. For example, Belasco
and colleagues have used rural-urban status in conjunction with socioeconomic variables to
develop a health care accessibility index using principal component analysis to evaluate rural
cancer-related behaviors and outcomes. (Belasco et al., 2014). In another example,
McLafferty and colleagues used factor analysis to consider how different factors (e.g.
socioeconomic disadvantage, socioeconomic barriers, high healthcare needs) in conjunction
with rural-urban status affect breast cancer staging (McLafferty et al., 2011).

7.2. Cross-level interactions

One of the strengths of multilevel modeling is the opportunity to explore cross-level
interactions between area-level and individual-level characteristics. The interaction between
race and rural-urban status is an important example (Probst et al., 2004). Racial and ethnic
minorities comprise 20% of rural populations overall, and the populations of some rural
areas are majority black, Hispanic, or other racial/ethnic minority population (Housing
Assistance Council, 2012; Lichter, 2012). It is important to consider how rural context may
affect cancer outcomes in these populations, especially as rural minorities may experience
disparities in cancer screening, incidence, and staging both compared to rural whites and
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urban minorities (Caldwell et al., 2016; Zahnd et al., 2018a; Zahnd et al., 2017). There is an
increasing call for the consideration of the intersection between individual levels like race
and ethnicity and the context of “social identity”(Green et al., 2017) of which rural-urban
status could arguably be defined as a construct. Consideration of cross-level interactions in
multilevel regression models provides an analytical application of conceptual intersection of
individual factors and rural context.

7.3. Cross-classified models

While area-level characteristics of where one lives (e.g. level of rurality, poverty, access to
care, etc.) may help explain cancer outcomes, other contexts independent of geography may
also play a role. For example, characteristics of where one receives care may also affect
cancer outcomes—aparticularly when it comes to screening and treatment. To appropriately
consider the independent effects of overlapping contexts, such as place-based (e.g. county of
residence) and clinical (e.g. hospital where treatment was received) contexts, cross-classified
models can be utilized. An additional strength of the cross-classified models is that the
consideration of overlapping contexts reduces biases in standard errors and subsequently the
likelihood of Type | errors (Meyers and Beretvas, 2006). Previous studies have included
hospital characteristics like number of beds, teaching hospital status, and surgical volume in
cross-level models to evaluate cancer outcomes (Ratnapradipa et al., 2017; Schootman et al.,
20144, 2014b). Salient to the exploration of rural cancer outcomes, additional hospital
characteristics (e.g. rurality of hospital, critical access status) may be important to consider
in cross-classified models.

7.4. Spatial dependence concerns

Multilevel models often use administrative units, such as county, zip code, or census tract, as
their grouping variable at the macro and supra macro levels. While indeed such units are
intuitive and useful for linking area-level data on sociodemographic characteristics, standard
multilevel models do not consider geographic proximity or spatial dependence among
“neighboring areas.” Instead they regard each area (e.g. county, zip code, or census tract) as
independent of each other (Owen et al., 2015). In reality, “spillover” occurs, as adjacent or
nearby geographic areas outside of one’s location of residence may have an impact on
individual cancer outcomes. To address these concerns, more complex modeling techniques
can be implemented. For example, conditional and spatial autoregressive models can
consider both the multilevel structure and spatial dependence of data to evaluate health
outcomes like cancer (Arcaya et al., 2012; Dong and Harris, 2015). This enables geographic
membership (i.e. place) and spatial location (i.e. space) to be simultaneously assessed.

7.5. Small area estimation approaches

Thus far, we have primarily discussed the use of multilevel modeling to appropriately
consider the effect of rural context on individual cancer outcomes. However, multilevel
modeling in small area estimation (SAE) techniques is also useful to estimate rates of
cancer-relevant health behaviors, cancer screening, and cancer mortality rates within small
areas like rural counties (Berkowitz et al., 2018; Eberth et al., 2013, 2018; Mokdad et al.,
2017). By developing indirect estimates using multilevel modeling techniques, including the
aforementioned conditional autoregressive modeling approaches, SAE can address concerns
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of unstable rates that are produced when sample sizes are small. These techniques are
particularly useful for estimation of rates in more sparsely populated, isolated rural areas.
SAE indirectly estimates rates for small areas by borrowing information from population-
based estimates (e.g. from population-based surveys like the Behavioral Risk Factor
Surveillance System survey and the National Health Interview Survey) under the assumption
that areas with similar characteristics will have similar outcomes (Raghunathan et al., 2012).
Further, spatially explicit SAE techniques are especially powerful as they draw information
from adjacent areas to help account for spatial dependence. Practically, SAE approaches can
provide important information for public health surveillance, subsequently informing policy
development and resource allocation.

8. Conclusions

Multilevel modeling is a conceptually meaningful and statistically robust approach to
analyzing rural cancer outcomes across the cancer control continuum. Our conceptual
framework can serve as a guide for researchers developing models to examine the
independent contribution of rural-urban status on cancer outcomes in epidemiological,
health services, geographic, and sociological studies, while also accounting for other
important micro, macro, and supra-macro factors. In addition to integrating our proposed
framework, researchers should consider specific methodological concerns relevant to
potential collinearity of model predictive variables, structure (i.e. cross-level interactions and
cross-classified models), and spatial dependence when exploring cancer outcomes relative to
geographic membership.

Acknowledgements

Publication of this supplement was supported by the Cancer Prevention and Control Network (CPCRN), University
of North Carolina at Chapel Hill and the following co-funders: Case Western Reserve University, Oregon Health &
Science University, University of South Carolina, University of lowa, University of Kentucky, University of
Pennsylvania and University of Washington.

References

Aday LA, Andersen R, 1974 A framework for the study of access to medical care. Health Serv. Res. 9,
208-220. [PubMed: 4436074]

Aizer AA, Chen MH, McCarthy EP, Mendu ML, Koo S, Wilhite TJ, Graham PL, Choueiri TK,
Hoffman KE, Martin NE, Hu JC, Nguyen PL, 2013 Marital status and survival in patients with
cancer. J. Clin. Oncol. 31, 3869-3876. 10.1200/jc0.2013.49.6489. [PubMed: 24062405]

Ajkay N, Bhutiani N, Huang B, Chen Q, Howard JD, Tucker TC, Scoggins CR, McMasters KM, Polk
HC,J, 2018 Early impact of Medicaid expansion and quality of breast cancer care in Kentucky. J.
Am. Coll. Surg. 226, 498-504. doi:10.1016/j.jamcollsurg.2017.12.041. [PubMed: 29449123]

Anderson AE, Henry KA, Samadder NJ, Merrill RM, Kinney AY, 2013 Rural vs urban residence
affects risk-appropriate colorectal cancer screening. Clin. Gastroenterol. Hepatol. 11, 526-533.
10.1016/j.cgh.2012.11.025. [PubMed: 23220166]

Appalachia Community Cancer Network ACCN Regions [WWW Document]. http://
www.accnweb.com/pages/accn-regions.html, Accessed date: 20 May 2019 (n.d.).

Arcaya M, Brewster M, Zigler CM, Subramanian SV, 2012 Area variations in health: a spatial
multilevel modeling approach. Health Place 18, 824-831. 10.1016/j.healthplace.2012.03.010.
[PubMed: 22522099]

Prev Med. Author manuscript; available in PMC 2020 April 06.


http://www.accnweb.com/pages/accn-regions.html
http://www.accnweb.com/pages/accn-regions.html

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zahnd et al.

Page 13

Arcaya MC, Tucker-Seeley RD, Kim R, Schnake-Mahl A, So M, Subramanian SV, 2016 Research on
neighborhood effects on health in the United States: a systematic review of study characteristics.
Soc. Sci. Med. 168, 16-29. 10.1016/j.socscimed.2016.08.047. [PubMed: 27637089]

Bambra C, Smith KE, Pearce J, 2019 Scaling up: the politics of health and place. Soc. Sci. Med. 232,
36-42. 10.1016/J.SOCSCIMED.2019.04.036. [PubMed: 31054402]

Belasco EJ, Gong G, Pence B, Wilkes E, 2014 The impact of rural health care accessibility on cancer-
related behaviors and outcomes. Appl Heal. Econ Heal. Policy 12, 461-470. 10.1007/
540258-014-0099-4.

Bennett KJ, Pumkam C, Bellinger JD, Probst JC, 2011 Cancer screening delivery in persistent poverty
rural counties. J. Prim. Care Community Health 2, 240-249. 10.1177/2150131911406123.
[PubMed: 23804842]

Berkowitz Z, Zhang X, Richards TB, Nadel M, Peipins LA, Holt J, 2018 Multilevel small-area
estimation of colorectal cancer screening in the United States. Cancer Epidemiol. Biomark. Prev.
27, 245-253. 10.1158/1055-9965.epi-17-0488.

Blake KD, Moss JL, Gaysynsky A, Srinivasan S, Croyle RT, 2017 Making the case for investment in
rural cancer control: an analysis of rural cancer incidence, mortality, and funding trends. Cancer
Epidemiol. Biomark. Prev. 26, 992-997. 10.1158/1055-9965.epi-17-0092.

Boyd E, 2006 Federal Regional Authorities and Commissions: Their Function and Design Washington
D.C [WWW Document] URL. https://www.hsdl.org/?view&did=467086.

Caldwell JT, Ford CL, Wallace SP, Wang MC, Takahashi LM, 2016 Intersection of living in a rural
versus urban area and race/ethnicity in explaining access to health care in the United States. Am. J.
Public Health 106, 1463-1469. 10.2105/ajph.2016.303212. [PubMed: 27310341]

Caldwell JT, Ford CL, Wallace SP, Wang MC, Takahashi LM, 2017 Racial and ethnic residential
segregation and access to health care in rural areas. Health Place 43, 104-112. 10.1016/
j.healthplace.2016.11.015. [PubMed: 28012312]

Camacho FT, Tan X, Alcala HE, Shah S, Anderson RT, Balkrishnan R, 2017 Impact of patient race and
geographical factors on initiation and adherence to adjuvant endocrine therapy in medicare breast
cancer survivors. Med 96, e7147 10.1097/md.0000000000007147.

Cancer Prevention and Control Research Network, 2019 About|CPCRN [WWW Document]. URL.
https://cpcrn.org/about-cpern (accessed 7.2.19, n.d.).

Charlton M, Schlichting J, Chioreso C, Ward M, Vikas P, 2015 Challenges of rural cancer care in the
United States. Oncol. (willist. Park.) 29, 633-640.

Choi SK, Adams SA, Eberth JM, Brandt HM, Friedman DB, Tucker-Seeley RD, Yip MP, Hebert JR,
Hébert JR, 2015 Medicaid coverage expansion and implications for cancer disparities. Am. J.
Public Health 105, S706-S712. 10.2105/ajph.2015.302876. [PubMed: 26447909]

Colditz GA, Wei EK, 2012 Preventability of cancer: the relative contributions of biologic and social
and physical environmental determinants of cancer mortality. Annu Rev Public Heal 33, 137-156.
10.1146/annurev-publhealth-031811-124627.

Cook MB, Dawsey SM, Freedman ND, Inskip PD, Wichner SM, Quraishi SM, Devesa SS, McGlynn
KA, 2009 Sex disparities in cancer incidence by period and age. Cancer Epidemiol. Biomark. Prev.
18, 1174-1182. 10.1158/1055-9965.epi-08-1118.

Cromley E, McLafferty S, 2012 Health disparities In: GIS and Public Health. The Guilford Press, New
York, NY, pp. 379-380.

Dasgupta P, Baade PD, Aitken JF, Turrell G, 2012 Multilevel determinants of breast cancer survival:
association with geographic remoteness and area-level socioeconomic disadvantage. Breast Cancer
Res. Treat. 132, 701-710. 10.1007/s10549-011-1899-y. [PubMed: 22160639]

Diez Roux AV, 2002 A glossary for multilevel analysis. J Epidemiol Community Heal 56, 588-594.

Diez-Roux AV, 2000 Multilevel analysis in public health research. Annu Rev Public Heal 21, 171-192.
10.1146/annurev.publhealth.21.1.171.

Dong G, Harris R, 2015 Spatial autoregressive models for geographically hierarchical data structures.
Geogr. Anal. 47, 173-191. 10.1111/gean.12049.

Doogan NJ, Roberts ME, Wewers ME, Stanton CA, Keith DR, Gaalema DE, Kurti AN, Redner R,
Cepeda-Benito A, Bunn JY, Lopez AA, Higgins ST, 2017 A growing geographic disparity: rural
and urban cigarette smoking trends in the United States. Prev. Med 10.1016/j.ypmed.2017.03.011.

Prev Med. Author manuscript; available in PMC 2020 April 06.


https://www.hsdl.org/?view&did=467086
https://cpcrn.org/about-cpcrn

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zahnd et al.

Page 14

Duncan C, Jones K, Moon G, 1998 Context, composition and heterogeneity: using multilevel models
in health research. Soc. Sci. Med. 46, 97-117. [PubMed: 9464672]

Eberth JM, Hossain MM, Tiro JA, Zhang X, Holt JB, Vernon SW, 2013 Human papillomavirus vaccine
coverage among females aged 11 to 17 in Texas counties: an application of multilevel, small area
estimation. Womens Health Issues 23, e131-e141. 10.1016/j.whi.2012.12.005. [PubMed:
23481692]

Eberth JM, McLain AC, Hong Y, Sercy E, Diedhiou A, Kilpatrick DJ, 2018 Estimating county-level
tobacco use and exposure in South Carolina: a spatial model-based small area estimation approach.
Ann. Epidemiol. 28, 481-488.e4. 10.1016/j.annepidem.2018.03.015. [PubMed: 29685650]

Ellis L, Canchola AJ, Spiegel D, Ladabaum U, Haile R, Gomez SL, 2017 Racial and ethnic disparities
in cancer survival: the contribution of tumor, sociodemographic, institutional, and neighborhood
characteristics. J. Clin. Oncol. 10.1200/jc0.2017.74.2049.Jc02017742049.

Foutz J, Artiga S, Garfield R, 2017 The role of Medicaid in rural America. [WWW Document] URL
https://www.kff.org/medicaid/issue-brief/the-role-of-medicaid-in-rural-america/ (accessed
7.10.19).

Frieden TR, 2010 A framework for public health action: the health impact pyramid. Am. J. Public
Health 100, 590-595. 10.2105/ajph.2009.185652. [PubMed: 20167880]

Gomez SL, Shariff-Marco S, De Rouen M, Keegan THM, Yen IH, Mujahid M, Satariano WA, Glaser
SL, 2015 The impact of neighborhood social and built environment factors across the cancer
continuum: current research, methodologic considerations, and future directions. Cancer 121,
2314-2330. 10.1002/cncr.29345. [PubMed: 25847484]

Green MA, Evans CR, Subramanian SV, 2017 Can intersectionality theory enrich population health
research? Soc. Sci. Med. 178, 214-216. 10.1016/j.socscimed.2017.02.029. [PubMed: 28238539]

Harper S, Lynch J, 2005 Methods for measuring cancer disparities: using data relevant to healthy
people 2010 cancer-related objectives In: NCI Cancer Surveillance Monograph Series. 6 National
Cancer Institute, Bethesda, MD (NIH Publication No. 05-5777).

Hart LG, Larson EH, Lishner DM, 2005 Rural definitions for health policy and research. Am. J. Public
Health 95, 1149-1155. 10.2105/ajph.2004.042432. [PubMed: 15983270]

Hashibe M, Kirchhoff AC, Kepka D, Kim J, Millar M, Sweeney C, Herget K, Monroe M, Henry NL,
Lopez AM, Mooney K, 2018 Disparities in cancer survival and incidence by metropolitan versus
rural residence in Utah. Cancer Med 10.1002/cam4.1382.

Henley SJ, Anderson RN, Thomas CC, Massetti GM, Peaker B, Richardson LC, 2017 Invasive cancer
incidence, 2004-2013, and deaths, 2006-2015, in nonmetropolitan and metropolitan counties -
United States. MMWR Surveill. Summ. 66, 1-13. 10.15585/mmwr.ss6614al.

Housing Assistance Council, 2012 Race & Ethnicity in Rural America. [WWW document] URL.
http://www.ruralhome.org/storage/research_notes/rrn-race-and-ethnicity-web.pdf (accessed
7.10.19).

Jerrett M, Burnett RT, Ma R, Pope CA 3rd, Krewski D, Newbold KB, Thurston G, Shi Y, Finkelstein
N, Calle EE, Thun MJ, 2005 Spatial analysis of air pollution and mortality in Los Angeles.
Epidemiology 16, 727-736. [PubMed: 16222161]

Keegan TH, Shariff-Marco S, Sangaramoorthy M, Koo J, Hertz A, Schupp CW, Yang J, John EM,
Gomez SL, 2014 Neighborhood influences on recreational physical activity and survival after
breast cancer. Cancer Causes Control 25, 1295-1308. 10.1007/s10552-014-0431-1. [PubMed:
25088804]

Kennedy AE, Vanderpool RC, Croyle RT, Srinivasan S, 2018 An overview of the National Cancer
Institute’s initiatives to accelerate rural cancer control research. Cancer Epidemiol. Biomark. Prev.
27 (11), 1240-1244. 10.1158/1055-9965.EPI1-18-0934.

Khan AA, Bhardwaj SM, 1994 Access to health care. A conceptual framework and its relevance to
health care planning. Eval Heal. Prof 17, 60-76.

Khan-Gates JA, Ersek JL, Eberth JM, Adams SA, Pruitt SL, 2015 Geographic access to
mammography and its relationship to breast cancer screening and stage at diagnosis: a systematic
review. Womens Heal. Issues 25, 482-493. 10.1016/j.whi.2015.05.010.

Kolor K, Chen Z, Grosse SD, Rodriguez JL, Green RF, Dotson WD, Bowen MS, Lynch JA, Khoury
MJ, 2017 BRCA genetic testing and receipt of preventive interventions among women aged 18-64

Prev Med. Author manuscript; available in PMC 2020 April 06.


https://www.kff.org/medicaid/issue-brief/the-role-of-medicaid-in-rural-america/
http://www.ruralhome.org/storage/research_notes/rrn-race-and-ethnicity-web.pdf

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zahnd et al.

Page 15

years with employer-sponsored health insurance in nonmetropolitan and metropolitan areas -
United States, 2009-2014. MMWR Surveill. Summ. 66, 1-11. 10.15585/mmwr.ss6615a1l.

Krieger N, 2005 Defining and investigating social disparities in cancer: critical issues. Cancer Causes
Control 16, 5-14. 10.1007/s10552-004-1251-5. [PubMed: 15750853]

Krieger N, Chen JT, Waterman PD, Soobader MJ, Subramanian SV, Carson R, 2002 Geocoding and
monitoring of US socioeconomic inequalities in mortality and cancer incidence: does the choice of
area-based measure and geographic level matter?: the Public Health Disparities Geocoding
Project. Am. J. Epidemiol. 156, 471-482. [PubMed: 12196317]

Levin KA, Dundas R, Miller M, McCartney G, 2014 Socioeconomic and geographic inequalities in
adolescent smoking: a multilevel cross-sectional study of 15 year olds in Scotland. Soc. Sci. Med.
107, 162-170. 10.1016/j.socscimed.2014.02.016. [PubMed: 24607678]

Lichter DT, 2012 Immigration and the new racial diversity in rural America. Rural. Sociol. 77, 3-35.
10.1111/.1549-0831.2012.00070.x. [PubMed: 26478602]

Lynch SM, Rebbeck TR, 2013 Bridging the gap between biologic, individual, and macroenvironmental
factors in cancer: a multilevel approach. Cancer Epidemiol. Biomark. Prev. 22, 485-495.
10.1158/1055-9965.epi-13-0010.

Macintyre S, Ellaway A, Cummins S, 2002 Place effects on health: how can we conceptualise,
operationalise and measure them? Soc. Sci. Med. 55, 125-139. [PubMed: 12137182]

Major JM, Sargent JD, Graubard Bl, Carlos HA, Hollenbeck AR, Altekruse SF, Freedman ND,
McGlynn KA, 2014 Local geographic variation in chronic liver disease and hepatocellular
carcinoma: contributions of socioeconomic deprivation, alcohol retail outlets, and lifestyle. Ann.
Epidemiol. 24, 104-110. 10.1016/j.annepidem.2013.11.006. [PubMed: 24332863]

Massey DS, Denton NA, 1988 The dimensions of residential segregation. Soc. Forces 67, 281-315.
10.2307/2579183.

Matthews KA, Croft JB, Liu Y, Lu H, Kanny D, Wheaton AG, Cunningham TJ, Khan LK, Caraballo
RS, Holt JB, Eke PI, Giles WH, 2017 Health-related behaviors by urban-rural county classification
- United States, 2013. MMWR Surveill. Summ. 66, 1-8. 10.15585/mmwr.ss6605al.

McLafferty S, Wang F, Luo L, Butler J, 2011 Rural - urban inequalities in late-stage breast cancer:
spatial and social dimensions of risk and access. Env. PlannB Plann Des 38, 726-740. 10.1068/
b36145.

Meilleur A, Subramanian SV, Plascak JJ, Fisher JL, Paskett ED, Lamont EB, 2013 Rural residence and
cancer outcomes in the United States: issues and challenges. Cancer Epidemiol. Biomark. Prev. 22,
1657-1667. 10.1158/1055-9965.epi-13-0404.

Meyers JL, Beretvas SN, 2006 The impact of inappropriate modeling of cross-classified data
structures. Multivar. Behav. Res. 41, 473-497. 10.1207/s15327906mbr4104_3.

Mobley LR, Kuo TM, Traczynski J, Udalova V, Frech HE 3rd, 2014 Macro-level factors impacting
geographic disparities in cancer screening. Heal. Econ. Rev. 4, 13. doi:10.1186/
$13561-014-0013-7.

Mobley LR, Kuo TM, R Mobley L, (May) Kuo T-M, 2015 Geographic and demographic disparities in
late-stage breast and colorectal cancer diagnoses across the US. AIMS Public Heal. 2, 583-600.
doi:10.3934/publichealth.2015.3.583.

Mokdad AH, Dwyer-Lindgren L, Fitzmaurice C, Stubbs RW, Bertozzi-Villa A, Morozoff C, Charara
R, Allen C, Naghavi M, Murray CJ, 2017 Trends and patterns of disparities in cancer mortality
among US counties, 1980-2014. Jama 317, 388-406. 10.1001/jama.2016.20324. [PubMed:
28118455]

Moy E, Garcia MC, Bastian B, Rossen LM, Ingram DD, Faul M, Massetti GM, Thomas CC, Hong Y,
Yoon PW, lademarco MF, 2017 Leading causes of death in nonmetropolitan and metropolitan
areas - United States, 1999-2014. MMWR Surveill. Summ. 66, 1-8. 10.15585/mmwr.ss6601al.

National Cancer Institute, 2017 Cancer Control Continuum. [WWW Document] URL. https://
cancercontrol.cancer.gov/od/continuum.html (accessed 7.10.19).

National Cancer Institute, 2018 Rural Cancer Control| DCCPS/NCI/NIH. [WWW Document] URL.
https://cancercontrol.cancer.gov/research-emphasis/ruralhtml, Accessed date: 3 July 2019

Owen G, Harris R, Jones K, 2015 Under examination: multilevel models, geography and health
research. Prog. Hum. Geogr. 40, 394-412 (doi:10.1177_0309132515580814).

Prev Med. Author manuscript; available in PMC 2020 April 06.


https://cancercontrol.cancer.gov/od/continuum.html
https://cancercontrol.cancer.gov/od/continuum.html
https://cancercontrol.cancer.gov/research-emphasis/rural

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zahnd et al.

Page 16

Patterson PD, Moore CG, Probst JC, Shinogle JA, 2004 Obesity and physical inactivity in rural
America. J. Rural. Health 20, 151-159. [PubMed: 15085629]

Probst JC, Moore CG, Glover SH, Samuels ME, 2004 Person and place: the compounding effects of
race/ethnicity and rurality on health. Am J Public Heal 94, 1695-1703.

Pruitt SL, Eberth JM, Morris ES, Grinsfelder DB, Cuate EL, 2015 Rural-urban differences in late-stage
breast cancer: do associations differ by rural-urban classification system? Tex Public Health. J 67,
19-27. [PubMed: 27158685]

Raghunathan TE, Xie D, Schenker N, Parsons VL, Davis WW, Dodd KW, Feuer EJ, 2012 Combining
information from two surveys to estimate county-level prevalence rates of cancer risk factors and
screening. doi:10.1198/016214506000001293. doi:10.1198/016214506000001293.

Rathore SS, Krumholz HM, 2004 Differences, disparities, and biases: clarifying racial variations in
health care use. Ann. Intern. Med. 141, 635 10.7326/0003-4819-141-8-200410190-00011.
[PubMed: 15492343]

Ratnapradipa KL, Lian M, Jeffe DB, Davidson NO, Eberth JM, Pruitt SL, Schootman M, 2017 Patient,
hospital, and geographic disparities in laparoscopic surgery use among surveillance, epidemiology,
and end results-Medicare patients with colon cancer. Dis. Colon Rectum 60, 905-913. 10.1097/
dcr.0000000000000874. [PubMed: 28796728]

Richards TB, Johnson CJ, Tatalovich Z, Cockburn M, Eide MJ, Henry KA, Lai SM, Cherala SS,
Huang Y, Ajani UA, 2011 Association between cutaneous melanoma incidence rates among white
US residents and county-level estimates of solar ultraviolet exposure. J. Am. Acad. Dermatol. 65,
S50-S57. 10.1016/j.jaad.2011.04.035. [PubMed: 22018067]

Schootman M, Lian M, Pruitt SL, Deshpande AD, Hendren S, Mutch M, Jeffe DB, Davidson N, 2014a
Hospital and geographic variability in thirty-day all-cause mortality following colorectal cancer
surgery. Health Serv. Res. 49, 1145-1164. 10.1111/1475-6773.12171a. [PubMed: 24673560]

Schootman M, Lian M, Pruitt SL, Hendren S, Mutch M, Deshpande AD, Jeffe DB, Davidson NO,
2014b Hospital and geographic variability in two colorectal cancer surgery outcomes:
complications and mortality after complications. Ann. Surg. Oncol. 21, 2659-2666. 10.1245/
$10434-013-3472-x. [PubMed: 24748161]

Shariff-Marco S, Von Behren J, Reynolds P, Keegan TH, Hertz A, Kwan ML, Roh JM, Thomsen C,
Kroenke CH, Ambrosone C, Kushi LH, Gomez SL, 2017 Impact of social and built environment
factors on body size among breast cancer survivors: the pathways study. Cancer Epidemiol.
Biomark. Prev. 26 (4), 505-515. 10.1158/1055-9965.epi-16-0932.

Shoff C, Yang TC, 2013 Understanding maternal smoking during pregnancy: does residential context
matter? Soc. Sci. Med. 78, 50-60. 10.1016/j.socscimed.2012.11.027. [PubMed: 23246395]

Singh GK, 2003 Area deprivation and widening inequalities in US mortality, 19691998. Am. J. Public
Health 93, 1137-1143. [PubMed: 12835199]

Strosnider H, Kennedy C, Monti M, Yip F, 2017 Rural and urban differences in air quality, 2008-2012,
and community drinking water quality, 2010-2015 — United States. MMWR Surveill. Summ. 66,
1-10. 10.15585/mmwr.ss6613al.

Taplin SH, Rodgers AB, 2010 Toward improving the quality of cancer care: addressing the interfaces
of primary and oncology-related subspecialty care. J Natl Cancer Inst Monogr 2010, 3-10.
10.1093/jncimonographs/Igg006. [PubMed: 20386048]

Townsend P, 1987 Deprivation. J. Soc. Policy 16, 125-146. 10.1017/S0047279400020341.

Ulrich-Schad JD, Duncan CM, 2018 People and places left behind: work, culture and politics in the
rural United States. J. Peasant Stud. 45, 59-79. 10.1080/03066150.2017.1410702.

Unger JM, Hershman DL, Albain KS, Moinpour CM, Petersen JA, Burg K, Crowley JJ, 2013 Patient
income level and cancer clinical trial participation. J. Clin. Oncol. 31, 536-542. 10.1200/
j€0.2012.45.4553. [PubMed: 23295802]

United States Census Bureau, 2012 2010 Census urban and rural classification and urban area criteria.
[WWW document] URL https://www.census.gov/programs-surveys/geography/guidance/geo-
areas/urban-rural/2010-urban-rural.html (accessed 7. 10.19).

United States Department of Agriculture, 2019 Rural Poverty and Well-Being. [WWW document]
URL. https://www.ers.usda.gov/topics/rural-economy-population/rural-poverty-well-being/
(accessed 7.10.19).

Prev Med. Author manuscript; available in PMC 2020 April 06.


https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/2010-urban-rural.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/2010-urban-rural.html
https://www.ers.usda.gov/topics/rural-economy-population/rural-poverty-well-being/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zahnd et al.

Page 17

Wang J, Xie H, Fisher J, 2012 Introduction In: Multilevel Models: Applications Using SAS de Gruyter,
Berlin, Germany.

Warnecke RB, Oh A, Breen N, Gehlert S, Paskett E, Tucker KL, Lurie N, Rebbeck T, Goodwin J,
Flack J, Srinivasan S, Kerner J, Heurtin-Roberts S, Abeles R, Tyson FL, Patmios G, Hiatt RA,
2008 Approaching health disparities from a population perspective: the National Institutes of
Health Centers for Population Health and Health Disparities. Am J Public Heal 98, 1608-1615.
10.2105/AJPH.2006.102525.

Watson KB, Harris CD, Carlson SA, Dorn JM, Fulton JE, 2016 Disparities in adolescents’ residence in
neighborhoods supportive of physical activity - United States, 2011-2012. MMWR Morb. Mortal.
WKkly Rep. 65, 598-601. 10.15585/mmwr.mm6523a2. [PubMed: 27309671]

Weaver KSC, Johnson A, Lee J, Sutfin E, 2016 Call to action: addressing rural cancer disparities.
[WWW Document] URL https://www.cadca.org/sites/default/filess CADCA_Rural%?20Cancer
%20Publication.pdf (accessed 7.10.19).

Wen M, Zhang X, Harris CD, Holt JB, Croft JB, 2013 Spatial disparities in the distribution of parks
and Green spaces in the USA. Ann. Behav. Med. 45, 18-27. 10.1007/s12160-012-9426-x.

Wheeler SB, Davis MM, 2017 “Taking the bull by the horns”: four principles to align public health,
primary care, and community efforts to improve rural cancer control. J. Rural. Health 33 (4), 345-
349.10.1111/jrh.12263 (Epub 2017 Sep 14). [PubMed: 28905432]

Williams F, Jeanetta S, James AS, 2016 Geographical location and stage of breast cancer diagnosis: a
systematic review of the literature. J Heal. Care Poor Underserved 27, 1357-1383. 10.1353/
hpu.2016.0102.

Wilson RJ, Ryerson AB, Singh SD, King JB, 2016 Cancer incidence in Appalachia, 2004—2011.
Cancer Epidemiol. Biomark. Prev. 25, 250-258. 10.1158/1055-9965.epi-15-0946.

Wingo PA, Howe HL, Thun MJ, Ballard-Barbash R, Ward E, Brown ML, Sylvester J, Friedell GH,
Alley L, Rowland JH, Edwards BK, 2005 A national framework for cancer surveillance in the
United States. Cancer Causes Control 16, 151-170. 10.1007/s10552-004-3487-5. [PubMed:
15868456]

Yen IH, Syme SL, 1999 The social environment and health: a discussion of the epidemiologic
literature. Annu Rev Public Heal 20, 287-308. 10.1146/annurev.publhealth.20.1.287.

Zahnd WE, McLafferty SL, 2017 Contextual effects and cancer outcomes in the United States: a
systematic review of characteristics in multilevel analyses. Ann. Epidemiol. 27 10.1016/
j.annepidem.2017.10.002.

Zahnd WE, Jenkins WD, Mueller-Luckey GS, 2017 Cancer mortality in the Mississippi Delta Region:
descriptive epidemiology and needed future research and interventions. J. Health Care Poor
Underserved 28 (1), 315-328. 10.1353/hpu2017.0025.

Zahnd WE, Fogleman AJ, Jenkins WD, 2018a Rural-urban disparities in stage of diagnosis among
cancers with preventive opportunities. Am. J. Prev. Med. 54 (5), 688-695. 10.1016/
j.amepre.2018.01.021. [PubMed: 29550163]

Zahnd WE, James AS, Jenkins WD, lzadi SR, Fogleman AJ, Steward DE, Colditz GA, Brard L, 2018b
Rural-urban differences in cancer incidence and trends in the United States. Cancer Epidemiol.
Biomark. Prev. 27, 1265-1274. 10.1158/1055-9965.epi-17-0430.

Zahnd WE, Hyon KS, Diaz-Sylvester P, Izadi SR, Colditz GA, Brard L, 2018c Rural-urban differences
in surgical treatment, regional lymph node examination, and survival in endometrial cancer
patients. Cancer Causes Control 29, 221-232. 10.1007/s10552-017-0998-4. [PubMed: 29282582]

Zullig LL, Fortune-Britt AG, Rao S, Tyree SD, Godley PA, Carpenter WR, 2016 Enrollment and racial

disparities in cancer treatment clinical trials in North Carolina. N. C. Med. J. 77, 52-58.
10.18043/ncm.77.1.52. [PubMed: 26763244]

Prev Med. Author manuscript; available in PMC 2020 April 06.


https://www.cadca.org/sites/default/files/CADCA_Rural%20Cancer%20Publication.pdf
https://www.cadca.org/sites/default/files/CADCA_Rural%20Cancer%20Publication.pdf

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Zahnd et al.

)

Supra-
Macro-Level
Factors

Macro-Level
Factors

Page 18

Policies and Systems

«Health Policy
«Insurance policies (e.g. Medicaid expansion, coverage requirements, reimbursement)
«Provider and facility regulations
«Public health policies (e.g. smoking and alcohol regulations)
«Policy-Relevant Contexts
sFederal designation status (e.g. Appalachian Regional Commission, Delta Regional Authority)

{ { {

Social and Physical Context

Social Physical
Aspatial Access/Domains of Social Inequality Spatial Access
+Area-level socioeconomic status +Potential accessibility-shortage designations,
+Area raciallethnic integration measures of access
«Social capital +Realized accessibility- utilization of health care
services
Environment

+Air and water quality
«Built environment

Rural-Urban Status

>

{ { {

Individual Demographics and Risk Factors

Cancer Control Continuum

Etiology
Prevention

Screening/Detection
Diagnosis

Treatment
Survivorship
Mortality

Tertiary Preventionl Secondary Prevention | Primary Prevention

Enabling Factors Predisposing Factors/ Modifiable Risk Factors
sInsurance status Non-Modifiable Risk Factors «Substance use
«Individual socioeconomic «Age «Diet and physical activity
measures «Race/ethnicity «Obesity
«Marital status «Sex «Occupational/environmental
.Genetics exposures
Fig. 1.

Conceptual model for multilevel analysis in rural cancer control.
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