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here is a critical need to specifically understand small area variation in chronic disease 

prevalence, because preventable or manageable diseases (diabetes, cancer, heart disease) 

are absorbing staggering resources in terms of potentially avoidable healthcare expenditures. 

We have understood for decades the importance of distinguishing between individual and 

population perspectives on risk behavior and health (Jeffery, 1989), yet when emphasizing that 

dichotomy between individual and macro-level perspectives we often overlook the 

heterogeneity that exists at the small-area level. Much of this oversight has been 

methodological; when researchers create and use community-level indicators, we often assume 

that aspects of contextual environments affect all people living in those areas equally. In fact, so-

called cross-level interactions could be crucial, e.g., the potential moderating effect of age or 

sex on geographic factors affecting disease incidence. Similarly, different population subgroups 

may have different activity spaces, which may vary by age or socioeconomics or urbanicity. Thus 

geospatial heterogeneity is mirrored by an equally diverse socio-spatial heterogeneity in terms 

of the geospatial contexts that are relevant for particular studies or population subgroups.  

I am very interested in socio-spatial heterogeneity in “relevant contexts.” In our work on 

predictors of late-stage cancer at diagnosis (which results in unfavorable outcomes)—we have 

explicitly modeled, albeit in a limited way, the reality that socio-ecological environments in a 

particular place may actually be quite different from the perspective of various people living in 

that place. In our model of late-stage breast cancer diagnosis, we focused on a measure of 

residential segregation, which reflects the degree to which a person lives among persons of the 

same race or ethnicity in their community (which might confer some sort of social cohesion or 

support). We find that women living in the same communities have radically different prospects, 

which differ by race or ethnicity (Kuo, Mobley, and Anselin, 2011). Thus, interventions in a place 

may need to be quite different for population subgroups in that place, or indeed may be 

needed by some but not needed by others. 

In ongoing work, we attempt to model three levels of influence to explain late-stage breast 

and colorectal cancers: personal, community, and state-level environments. We are particularly 

interested in how the state-level variation in health insurance environments is predictive of 

cancer outcomes through cross-level interactions with community-level factors that are specified 

from the perspective of the cancer patients in those communities. More specifically, the 

perspective of social support, which varies by race or ethnicity of the person in the place, is 

captured in the modeling. We find that women living in more segregated communities (in terms 
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of their race or ethnicity) have significantly and substantially lower probability of late-stage 

breast cancer diagnosis, and in states with higher prevalence of minority enclaves, a state 

regulation mandating inpatient hospitalization following mastectomy confers an additional 

protective effect (Mobley and Kuo, 2011). In a model of late-stage colorectal cancer diagnosis, 

we find that cancer patients in states with continuity of care mandates (that insurers must allow 

patients to keep established providers when they become seriously ill and change insurance 

plans) have lower probabilities of late-stage diagnosis, especially in communities with a higher 

proportion of lower-SES cancer patients (Mobley and Kuo, 2011).  

We are not aware of any other multilevel modeling research that examines state-level effects 

in addition to community and person-level effects, providing a richer model of the contextual 

environments impacting health outcomes. We hope in future work to be able to build spatial 

modeling directly into these multi-level models. Our goal would be to model both spatial 

autocorrelation and spatial heterogeneity (regimes) in a simultaneous modeling framework 

(rather than a conditional, Bayesian approach). In doing so we would focus on the regimes 

represented by larger multi-state regions which reflect geographic disparities among minorities 

(versus whites) that we have noted in both breast and colorectal cancer prevention (Mobley et al, 

April 2012).  

Spatial heterogeneity—the fact that values of a variable and relationships among variables 

are not uniform across space—is manifest in the US. It is well-known that unmodeled spatial 

heterogeneity can result in loss of efficiency and bias in regression modeling. We have thought a 

great deal about the conceptual modeling of the contexts that are relevant for particular 

behavioral outcomes, and the potential for interaction among individuals and their environments. 

We have also thought a great deal about how to characterize the environmental heterogeneity 

a-priori, based on some conceptual or theoretical modeling of the system dynamics based on 

economic/market theory, as an alternative to using exploratory spatial data analysis to identify 

spatial regimes that could be modeled out with dummy variables. We see promise in 

characterizing the regimes directly using continuous variables derived from composites of 

regional characteristics reflecting different market types. 

One approach that we think may have promise is as follows. Consider how one might 

characterize the contextual environment for states’ health insurance. There are literally hundreds 

of regulations and mandates, and economists have done a great job compiling evidence 

regarding how these market interferences impact health insurance premiums and uninsured 

population rates, but impacts on health outcomes have not been studied. State-level data now 

exist on regulations that pertain to freedom of choice, litigation/liability, mandated coverage, 

access to services, and so forth. Other state-level data exist on the proportion uninsured by age 

group, the proportion of elderly with supplemental insurance or public support to purchase 

insurance, and the health insurance industry structure (monopoly-competitive). How can one 

combine these many variables into a few meaningful constructs? We expect that the application 

of two-way joining, or bicluster analysis, can be helpful in this regard, distinguishing groups of 

states with similar sets of value ranges for groups of contextual variables. This approach has 
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been used extensively in genomics research to characterize places on genes and answer 

questions such as: What set of places have similar characteristics, and what characteristics make 

places similar to each other? (Maurizio, et al., 2009). The biclustering approach could be used to 

characterize “types” of places in the state health insurance environment, based on a 

comprehensive set of dozens of covariates. This approach follows attempts to characterize area 

types that used initial factor analysis to reduce dimensionality in the covariates, followed by k-

means clustering (Talen, 2006; Yan et al, 2010).  

We will avoid some limitations inherent in the k-means approach (i.e., path-dependent 

solutions that are not necessarily optimal) and define market types based on “patches” in the 

two-way hierarchical joining matrix that results from bi-cluster analysis (SYSTAT, 2004). These 

“patches” represent groups of observations (states) that are similar based on values of multiple 

factors. To our knowledge this approach has not been used to define area or market types, and 

may be a useful way to characterize area types that avoids some of the problems seen in using 

ESDA methods such as Geographically Weighted Regression (GWR). GWR tells us some 

conditional information for effect estimates for single covariates. By contrast, we want to 

characterize the heterogeneity in groups of explanatory variables using methods that allow us to 

model the heterogeneity directly. 

Areas of research interest include:  

• use methods for describing and characterizing spatial heterogeneity in relevant 

contexts, so that we can robustly conduct spatially-enabled analysis of variation 

(disparities) in treatment effectiveness, regional healthcare quality, health behaviors, 

health outcomes and access;  

• use methods for combining behavioral, environmental, and geo-demographic factors in 

risk assessment that informs spatial patterns in the incidence and prevalence of disease; 

• use methods which integrate knowledge from the laboratory bench and the field with 

the socio-behavioral, socio-ecological, environmental health, and population sciences 

in order to gain comprehensive understanding of health and disease, expanding the 

potential for spatial effects modeling in multilevel analyses; 

• use of crowd-sourced geo-tagged data regarding environmental or social 

measurements, or patient-sourced information on symptoms from patient-centered 

medicine, in the integration of knowledge stated above.  
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