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Abstract

Health disparities research has focused primarily on racial and socioeconomic differences in 

health outcomes. Although neighborhood characteristics and the concept of built environment 

have been shown to affect individual health, measuring the effects of environmental risks on 

health has been a less developed area of disparities research. To examine spatial associations and 

the distribution of geographic patterns of sociodemographic characteristics, environmental cancer 

risk, and cancer rates, we utilized existing data from multiple sources. The findings from our 

initial analysis, which concerned with proximity to environmental hazards and at-risk 

communities, were consistent with results of previous studies, which often reported mixed 

relationships between health disparity indicators and environmental burden. However, further 

analysis with refined models showed that several key demographic and subdomains of cancer risk 

measures were shown to have spatial components. With the application of exploratory spatial data 

analysis, we were able to identify areas with both high rates of poverty and racial minorities to 

further examine for possible associations to environmental cancer risk. Global spatial 

autocorrelation found spatial clustering with percent black, percent poverty, point and non-point 

cancer risks requiring further spatial analysis to determine relationship of significance based on 

geography. This methodology was based upon particular assumptions associated with data and 

applications, which needed to be met. We conclude that careful assessment of the data and 

applications were required to properly interpret the findings in understanding the relationship 

between vulnerable populations and environmental burden.
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INTRODUCTION

Health disparity research examines numerous factors such as socioeconomic and 

demographic variables to understand poor health outcomes including racial minorities living 

in poverty. Recently, a focus has been placed on the built environment taking into 

consideration the surroundings of a neighborhood that may contribute to disparity. 

Environmental health factors are of great interest because certain cancers had associations to 

environmental cancer risk. Epidemiological studies confirm a relationship between the 

location of pollution sources and incidences of multiple cancer types.1,2,3,4,5 The 

examination of environmental risk levels, human exposure and proximity to such risks in air, 

water, and soil, and availability of resources to mitigate the effects of these environmental 

risks health influence health outcomes.6,7 Moving forward with social research, there are 

numerous considerations that require an understanding of limitations and assumptions of 

both the data and geographical information system (GIS) software to ensure the correct 

interpretation of outcomes.

Traditional statistical results often fail to provide insights into complex relationships 

between geography, sociodemographic characteristics, and environmental exposures. For 

instance, multivariate regression captures the strength and the significance of statistical 

relationships between the dependent variable and other explanatory factors, however; 

important local variations between dependent and exploratory variables may not have been 

understood or looked at the high dimensionality of the datasets.8 Therefore, there is a need 

for other methods to describe these interactions of interest.9

Early environmental justice research explored a number of hazardous sites in disadvantaged 

communities. The premise was that more hazardous sites translated to higher exposure to 

environmental risk factors. The U.S. Environmental Protection Agency (EPA) 

acknowledged that past methods analyzed the proximity to sources of environmental 

hazards. But, mapping sites to evaluate spatial clusters lacked evidence between increased 

exposure and risk. In addition, mapping environmental injustice did not measure the 

correspondence between the location of potential environmental burdens, exposures, and 

health effects.10 National-Scale Air Toxics Assessment (NATA) cancer risk data was an 

opportunity to understand exposure risk in relation to health outcomes despite limitations 

within this assessment.

Geostatistical modeling involves multivariate data which needs an underlying joint 

multivariate distribution for valid inference.11 Traditional data analysis methods for 

multivariate visualization such as tables and scatter plots, commonly used to examine health 

disparities and environmental health data, have been found to be limited in their ability to 

represent very large datasets.12 GIS visualization methods have an advantage of assisting in 

identification and further exploration of certain patterns, thereby generating new analysis 

that can be created in an easily understood form.13 Various components of an analysis 

design coupled with the use of domain expertise through interactive exploration can develop 

into multivariate spatial patterns and the data can be allowed to show the obvious for 

hypotheses development.14
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Exploratory data analysis (EDA) look at data such as correlations and measures of fit but 

also needs to be carefully investigated because these results become invalid when there is 

spatial dependence.15 Exploratory spatial data analysis (ESDA) focuses on spatial aspects of 

the data to find possible spatial patterns and outliers.16 Spatial methodologies find apparent 

spatial relationship; however, there are several problems inherent with social data that need 

to be considered. For example, spatial health research uses data that is collected for a 

purpose not specific for spatial analysis and is sometimes sampled in a systematic way from 

a spatially distributed population.17 Because there are limitations regarding inference from 

analyzing spatial patterns, researchers need to understand spatial systems, the selection of 

and specification of spatial weights and the subjectivity of the methods themselves.18

Visualization methods have an advantage of identifying and exploring certain patterns, 

thereby generating new analysis that could be designed in an easily understood form.19 

ESDA tools such as maps, scatterplots, and parallel coordinate plots present information in a 

seeable manner to discover these patterns. Various components of an analysis design 

coupled with the use of domain expertise through interactive exploration could develop into 

multivariate spatial patterns and the data could show the obvious for hypotheses 

development.20 Spatial analysis software has a statistical pattern recognition approach and is 

implemented in which a spatial cluster statistic or autocorrelation statistic is used to quantify 

a relevant aspect of a spatial pattern.21 However, the term “cluster” in health research is 

often generic that it fails to describe spatial variation without a precise description of the 

statistical test, heterogeneous population sizes, spatial autocorrelation, and non-uniform 

risks in social science.22

In our study, limitations and assumptions associated with the EPA NATA environmental 

health risk assessment data posed challenges in reviewing the relationship between cancer 

risk and health disparity measures. The EPA provided data at the census tract level, yet 

stipulated that NATA assessments were not a definitive means to identify specific risk 

values within a census tract and that these results were more meaningful at the state or 

national level.23 Current research suggested that smaller units such as tract or block group 

measures were: 1) most attuned to capturing economic deprivation, 2) meaningful across 

regions and over time, and 3) easily understood, and hence based on readily interpretable 

variables.24

METHODS

First, we performed EDA using variables of interest that best captured vulnerable 

populations and environmental burden within Cook County, IL. This list was extensive 

utilizing health disparity indicators such as race/ethnicity and socioeconomic status (SES) 

and NATA environmental cancer risk data divided into six categories. STATA software was 

used for descriptive statistics to examine the distributions of dependent and independent 

variables, correlations between continuous demographic variables, the total cancer risk 

derived from NATA and cancer incidence rates, and bivariate models to explore 

relationships between the outcome measures and demographic and environmental risk 

factors.
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We then used ArcGIS and OpenGeoDA for EDA visualization in identifying variables and 

areas warranting further examination. Based on the results of EDA and parallel coordinate 

plots, we tailored the list to key variables to model a series of global spatial autocorrelations 

to determine whether clustering existed and if so, to move forward with future local 

autocorrelation and spatial regression. Census tracts that showed possible correlation were 

then brushed and linked to box plot maps for visual comparison. In OpenGeoda, brushing 

and linking was a technique that allowed us to highlight points of interest on a graph and 

then links or identifies these points on corresponding maps and charts.

We created chloropleth maps in ArcGIS software based on the variables of interest outlined 

above to visualize descriptive statistics. ESDA including scatterplots and parallel coordinate 

plots looked at multivariate and bivariate relationships as a precursor to investigating spatial 

randomness in OpenGeoda software. Although these tools provided additional insight into 

the data, there were no definitive relationships between variables of interest when we looked 

at the entire geographical area. Therefore, we decided to narrow the scope of our geography 

by examining census tracts located in the West and South regions of the City of Chicago.

We used spatial weights based on a queen matrix rook to take into consideration contiguity 

issues. Spatial autocorrelation, Global Moran’s I with permutation inference, examined 

negative and positive spatial correlation with a standardized z-value. The goal of positive 

and negative spatial autocorrelation was to investigate similar and dissimilar values in 

relation to location. The spatial autocorrelation statistic captured both attribute and location 

similarity but it was important that the z-statistic was not interpreted as statistical 

significance. This method investigated clustering to decide if a spatial relationship exists and 

if so, to justify further research with local spatial autocorrelation and spatial regression.

RESULTS

We explored the data based upon the variables of interest that were found to be correlated 

with multiple socio-economic and demographic attributes. This included percent of Hispanic 

and black populations, percent of poverty and median household income, as well as percent 

rented housing units and percent of population without a high school diploma. These factors 

were then examined in relation to the six categories of NATA cancer risk and cancer rates at 

the census tract level. Initially, it appeared that there was no association between health 

disparity indicators and environmental burden. This corresponded to past research that had 

mixed results when looking at proximity to environmental hazards and at-risk communities.

Instead of looking at the data from a broad perspective to narrow down the list, we decided 

to start with three key variables: percent poverty, percent black residents, and NATA total 

cancer risk. By linking the upper outlier of percent poverty gave us an opportunity to 

identify these census tracts which were all located within the City of Chicago.

The chloropleth maps (Figure 1) zoomed into these areas to see if these tracts were 

concentrated in certain Chicago Community Areas (CCAs). The 77 CCAs had unique 

neighborhood characteristics and have defined census data to correspond with these 

boundaries. We identified 18 of 77 CCAs predominantly on the south and west sides that 
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contain at least one census tract within their boundary. There was a visual pattern 

concentrated on the west and south sides with a few tracts scattered toward the north and 

southwest.

A parallel coordinate plot was then generated using the seventy census tracts in the highest 

outlier category with high percent poverty and high percent black population to look at the 

different types of cancers and cancer risk exposures from point and non-point sources. 

Figure 2 showed total cancer incidence rate, and the rates of breast and lung cancer, point 

source cancer risk and non-point source cancer risk. These two cancer risk categories were 

based on the premise that at-risk neighborhoods have higher environmental burden due to 

the proximity to hazard. Figure 1 showed that point source cancer risk appeared to be higher 

in eight of the CCAs, which were all known disadvantaged neighborhoods including North 

Lawndale. Also, there were census tracts of higher risk adjacent to these CCAs that needed 

to be further examined to determine if they are also areas with health disparity. The non-

point source cancer risk map yielded a more prominent pattern within the majority of the 

eighteen CCAs and with neighborhoods adjacent to CCAs on the west side of Chicago.

The global spatial autocorrelation looked at a pattern as whole or “clustering” and a general 

approach to similarity and dissimilarity. In Figure 3, the positive spatial autocorrealtion in 

the upper right quadrant looked at similarity of neighbors while negative spatial correlation 

in the lower left corner looked at the dissimilarity of neighbors. This was not a definitive 

outcome showing a spatial relationship but an indicator that we could move onto the next 

diagnostic test of local autocorrelation.

We conducted global spatial autocorrelation on percent poverty for census tracts in Cook 

County, IL to determine if there was clustering and if so, did the upper outliers correspond 

to the seventy census tracts identified through ESDA. With a Moran’s I score of 0.66, we 

observed clustering and with the linking technique we saw that the census tracts from the 

west and south side were in the upper right quadrant of the scatterplot (Figure 3). This 

indicated a positive and significant clustering of like values. We then examined global 

spatial autocorrelation with non-point source cancer risk for census tracts in Cook County, 

and found a weaker possibility of clustering with a Moran’s I score of 0.49. There was no 

clustering of the lung cancer incidence rates and the linking of the high-high quadrant 

showed no patterns.

DISCUSSION

The use of EDA/ESDA with health disparities and the built environment may provide 

additional insights into identifying at-risk neighborhoods with vulnerable populations and 

increased environmental burden. Our findings showed that some demographics and 

subdomains of cancer risk measures had possible spatial components. With the application 

of ESDA, we were able to identify seventy census tracts with both the high rates of poverty 

and racial minorities. The Global Moran’s I results further showed clustering for percent 

poverty and non-point cancer risk. These areas were predominantly poor neighborhoods in 

Chicago. Additional investigation will be required as to the reason for the high rate and risk 

in theses census tracts when compared to other census tracts with lower rates and risks.
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GIS methodologies have become popular in health disparities research because of the ability 

to conduct spatial analysis, however, a challenge with geographical aspects of data is the 

determination of appropriate boundaries of study. For the use of GIS to generate a reliable 

data for testing hypotheses in population heath, however, there needs to be an understanding 

of the GIS methods used in and providing justification for the geographic level of study 

chosen.25 Choosing levels and geospatial units to analyze depends on several factors, 

including the research objective, the causal model selected, the exposures and health 

outcomes of interest, and the extent to which data are available.26 The availability of data is 

often the determining factor in decisions about geospatial issues especially with a driving 

force being sociodemographic variables from the census. In deciding the scale of analysis or 

the level of aggregation in a study, there tends to be a trade-off of the specificity of the study 

and the precision of the study.27 The trend seems to be that the larger an area is, the less the 

specificity and the relevance of the findings of the study to the local populations but the 

higher the precision and the reduction of bias.28

The reconciliation of various geographical boundaries presented numerous concerns. In the 

Chicago land area, data were collected by various geographical boundaries including: 

county, census tract, zip code, and CCAs. There were techniques within GIS programs to 

reconcile these boundaries such as clipping, intersection, and dissolving, however there was 

an assumption of homogeneity when manipulating these boundaries. We utilized crosswalk 

files from the U.S. Department of Housing and Urban Development which provided ratios to 

distribute various land categories. This proportionately estimated the type of land used 

within the geographic area but does not discern by locality.

Spatial patterns on GIS maps helped formulate hypotheses for explaining geographic 

patterns, but such approaches are hardly sufficient to explain complex interactions among 

spatial data.29 We identified several issues in mapping environmental health disparities 

including the lack of comprehensive hazard databases; inadequacy of exposure indices, risk 

assessment methodologies, and insufficient health effects data.30 When a disproportionate 

environmental burden based on race and/or income was found, it was critical to demonstrate 

the disproportionate effects of pollution rather than just the disproportionate distribution of 

pollution sources.31

GIS was based on spatial models that apply to static spatial systems,32 which made it 

difficult to represent human mobility and temporal change in cancer, environmental, and 

socioeconomic data.33 Environmental health factors added another layer of complexity in 

determining exposure and risk especially when arbitrary boundaries could not take into 

effect the migration of contaminants. GIS had great promise in health disparities research as 

we investigated the physical environment to determine if hazardous exposures impact health 

in at-risk populations, however; exercising caution was needed especially with defining 

assumptions and limitations in interpreting outcomes.

CONCLUSION

ESDA identified seventy census tracts in the upper outlier for both percent poverty and 

percent blacks in eighteen CCAs in the City of Chicago. The Global Moran’s I results 
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further showed clustering for percent poverty and non-point cancer risk. These areas were 

predominantly poor neighborhoods in the west and south side of Chicago with non-point 

cancer risk located on the west, north and south sides of Chicago. The North Lawndale 

neighborhood and the adjacent area had the most census tracts with high non -point cancer 

risk and cancer incidence. The next step was to continue with ESDA to look at local spatial 

autocorrelation to confirm our potential variables for spatial regression.

As we move forward with spatial analysis in health disparities research, it is important to 

understand the applicability of GIS software with social science data. In addition, 

researchers need to discern parametric approaches in traditional statistical methods and 

nonparametric approaches in spatial analysis; and, the limitations and assumptions 

associated with both. Methodologies to address these issues will ensure appropriate 

interpretations of outcomes.
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FIG. 1. 
Chloropleth maps for visualization of patterns. In the upper left corner, the map shows the 

seventy chosen census tracts located within Cook County, IL. The other three maps zoom 

into the south and west sides of Chicago showing the community areas that contain the 

seventy census tracts to examine patterns of total cancer rate (upper right corner), point 

source cancer risk (lower left corner), and non-point cancer risk in relation to the 

surrounding area. A color version of this figure is available in the online article at 

www.liebertpub.com/env.
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FIG. 2. 
Parallel coordinate plot for the seventy census tracts with highest percent poverty and 

highest percent black population in relation to total cancer incidence rate, breast cancer 

incidence rate, lung cancer incidence rate, point source cancer risk, and non-point source 

risk. A color version of this figure is available in the online article at www.liebertpub.com/

env.
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FIG. 3. 
Box plot (hinge 1.5) percent poverty in Global Moran’s I with upper outliers in the high-

high quandrant highlighted with the corresponding census tract location on the Cook 

County, IL map. A color version of this figure is available in the online article at 

www.liebertpub.com/env.

Osiecki et al. Page 11

Environ Justice. Author manuscript; available in PMC 2015 November 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript


