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Foreword

Recently, two disciplines – geospatial analysis and environmental health began to
interact with each other. Each of them emerged from a decade of growth in their
knowledge base, numbers of engaged professionals, and validated methodologies.
Out of these separate growths, a new interdisciplinary area of study, geospatial anal-
ysis and environmental health, has emerged and this book captures this moment.
It is an area of practice as well as an area of knowledge, because many studies
in this area lead to policy changes and actions directly associated with improved
health outcomes for affected populations. Studies in this area directly contribute to
accelerating the health transition in those areas and populations where society is dis-
posed to go from knowledge to action when environmental causes of ill-health are
identified
“Environment” in “environmental health” is broadly defined From physical ele-

ments such as water, air, toxic materials; to the built environment with its access
to elements that promote well-being or that promote poor diets and little physi-
cal exercise; to societal decisions that promote health or more negatively increase
health risks. All these elements have spatial patterns and populations differ in their
interactions with them. Advances in methods of measuring, storing, and access-
ing such data have brought the concept of geospatial data into prominence and an
increasing recognition that exposures to these elements by individuals or groups
can be measured using geospatial methods. Along with developments in measuring
human exposure to environmental factors comes the search for relationships, if any,
between measures of environmental exposure and health outcomes. After relation-
ships are established, questions arise about placing responsibilities for reducing the
risks of exposures, particularly those that are experienced by vulnerable population
groups.
This useful and timely book provides examples of the principles described above

as well as descriptions of recently developed methods such as participatory map-
ping, spatial regression and distance decay methods that are often used in studies
of the environment and health. This book brings together the kind of studies that
are more often widely distributed among specialist journals that are difficul to
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fin and access. It will be valuable especially for students and the general public
whose widespread interest in population health is coupled with their commitment to
developing a more healthy environment for the future.

Iowa City, IA Gerard Rushton
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Chapter 2
Using Geovisualization and Geospatial
Analysis to Explore Respiratory Disease
and Environmental Health Justice
in New York City

Andrew Maroko, Juliana A. Maantay, and Kristen Grady

Abstract The goal of this chapter is to illustrate how complex issues in
environmental health justice analysis can benefi from geovisualization and explo-
ration within a Geographic Information Science (GISc) framework. Individual
health outcome variables, such as hospitalizations due to respiratory disease, can
be very difficul to interpret without a geographic context; and interactions amongst
variables such as disease, socio-demographic characteristics, or environmental
exposures, further complicate an accurate interpretation of the data. Data explo-
ration and visualization through mapping and spatial analysis often provides a more
robust understanding of the data, as well as improved clarity in viewing the phenom-
ena under study, which will lead to better design of further analyses and additional
hypothesis generation, in an iterative fashion. In the f rst part of this chapter, we use
a hypothetical data set to illustrate some of the data exploration, geovisualization,
statistical methods, and geospatial analyses. In the second part of the chapter, we
use a worked example of respiratory disease and socio-demographic variables in
New York City to assess potential environmental justice impacts, in order to further
demonstrate the importance of geovisualization and geospatial analysis in achieving
a better understanding of environmental health issues.

Keywords Geovisualization · Geostatistics · New York City · Asthma ·
Environmental Justice · Environmental Health

2.1 Introduction

The goal of this chapter is to illustrate how complex issues in environmental
health justice analysis can benefi from geovisualization and exploration within
a Geographic Information Science (GISc) framework. Individual health outcome
variables, such as hospitalizations due to respiratory disease, can be very difficul
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to interpret without a geographic context; and interactions amongst variables such
as disease, socio-demographic characteristics, or environmental exposures, further
complicate an accurate interpretation of the data. Data exploration and visualization
through mapping and spatial analysis often provides a more robust understanding of
the data, as well as improved clarity in viewing the phenomena under study, which
will lead to better design of further analyses and additional hypothesis generation,
in an iterative fashion.
Geovisualization is define as “the use of computer technology for explor-

ing data in visual form. . . . and the use of computer graphics for acquiring a
deeper understanding of data” (Visvalingam, 1994). Visualization can also be
thought of as “the interplay between technology and the human mind” (Davies and
Medyckyj – Scott, 1994). The impetus behind such a geovisualization process is to
“see the unseen” in these increasingly large and complex datasets, where, without
computational exploratory mapping, it is unlikely that we would be able to ferret
out many of these “unseen” relationships (Orford, 2005).
Maps are, and always have been, rich sources of data. GISc increases the richness

of the data, and the functions of GISc make it possible to look at the data in many
different ways and from various viewpoints. We can manipulate the data, examine its
statistics, plot graphs of it, classify and reclassify it with different schemes of class
breaks and classificatio methods, and look at multiple views of the data at the same
time. This kind of geovisualization has become easier and more productive since the
advent of accessible forms of GISc software and their computerized cartographic
capabilities (Kraak and Orneling, 1996; MacEachern and Kraak, 1997).
In the f rst part of this chapter, we use a hypothetical data set to illustrate some of

the data exploration, geovisualization, statistical methods, and geospatial analyses.
In the second part of the chapter, we use a worked example of respiratory disease and
socio-demographic variables in New York City to assess potential environmental
justice impacts, in order to further demonstrate the importance of geovisualization
and geospatial analysis in achieving a better understanding of environmental health
issues.

2.2 Environmental Health Justice

Environmental Justice (EJ), as a research framework, is the attempt to document
and address the disproportionate environmental and health burdens borne by the
poor, people of color, and other vulnerable populations. In a broader context, EJ the-
ory encompasses everything that is unsustainable about the world we have created,
including rampant population growth, industrialization, pollution, consumption pat-
terns, energy use, food production, and resource depletion. “The EJ movement
has sought to redefin environmentalism as much more integrated with the social
needs of human populations, and, in contrast with the more eco-centric environ-
mental movement, its fundamental goals include challenging the capitalist growth
economy, as well” (Pellow and Brulle, 2005, 3).
Environmental Justice, both as an advocacy movement and as a fiel of research,

came into being over 20 years ago, and ever since that time, Geographic Information
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Science has been used to examine the spatial realities of environmental injustice
(Boer et al., 1997; Bowen et al., 1995; Burke, 1993; Chakraborty and Armstrong,
1997; Chakraborty et al., 1999; Maantay et al., 1997; Maantay, 2002; Morello-
Frosch et al., 2001; Neumann et al., 1998; Perlin et al., 1995; Pollock and Vittas,
1995; Sheppard et al., 1999).
GISc methods have been used in environmental justice research primarily to

analyze the spatial relationships between sources of pollution burdens and the socio-
demographic characteristics of potentially affected populations, and for the most
part, researchers have found strong associations between race, class, and environ-
mental burdens. More recently, health outcomes and exposure measures have also
been included in order to draw more definit connections between pollution, poor
people, communities of color, other vulnerable populations, and adverse health out-
comes. GISc technology is particularly well-suited for EJ research because it allows
for the integration of multiple data sources (e.g., location of polluting facilities, pop-
ulation characteristics, and disease rates), representation of geographic data in map
form, and the application of various spatial analytic techniques (e.g., buffering) for
proximity analysis (Zandbergen and Chakraborty, 2006).

2.3 Data Exploration Example Using Hypothetical Data Set

GISc can be invaluable in data exploration. Looking at data spatially allows a much
more holistic and complete view of the phenomena or processes under study. Spatial
analysis requires data with a geographic identifier any data that has a locational
component (e.g., a street address, latitude/longitude, zipcode, census tract) can be
mapped and analyzed with GISc.
When starting the process of data analysis, it is traditional to run some basic

descriptive statistics (e.g. mean, median, mode, standard deviation, etc.) on the
pertinent datasets. Although these numbers can provide some extremely useful sum-
maries of the data, they do not provide a spatial understanding – that is, they do not
show how values vary from place to place. For instance, if you are presented with
a dataset that contains thousands of samples (e.g., census tracts), each of which has
information regarding the population and a disease of interest, an a-spatial analy-
sis may not provide you with all the information that is required for a complete
interpretation, vis-à-vis, how disease varies across geographic space.
To illustrate this point, a hypothetical study area was created containing a 30× 30

grid of cells (n = 900), each of which could be considered the geographic unit of
analysis (resolution) in a GISc study. Each cell is 1,000 by 1,000 ft, and contains
a value for population data as well as disease data. A random population between
500 and 600 was given to each unit. Disease data, however, was not randomly dis-
tributed. Instead, “disease centers” were define around two locations. Geographic
units that were greater than 5,000 ft from either of the source points were assigned a
random disease rate between 1 and 2 cases per 100 persons. As the distance from a
cell to either of the centers decreases, the rates increase. In other words, the rates in
the geographic units proximal to the disease centers were calculated as higher than
distant geographic units.
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If this data were to be looked at tabularly (Table 2.1) or with a graph (Fig. 2.1),
relatively few inferences could be made regarding the nature of the phenomenon,
how it is distributed in space, and any relationship between the areas and the rates.
However, by mapping the data, spatial patterns can emerge, and provide more
explanatory power in terms of the geographic context. The relative clarity of the
spatial patterns depends on many things, such as the choice of data classificatio
method (e.g. natural breaks, quantile, etc.) and the type of thematic map (e.g. dot
density for number of cases, choropleth for rates, etc.), as discussed below.

Data Classificatio Process: When mapping quantitative information, it is usual
to classify the numerical data into ranges of numbers. This is done for convenience
and for ease of reading and interpreting the information on the map, since it is often
impossible or impractical to represent every unique value in the data with a different
unique symbol on the map.

Table 2.1 Tabular view of the firs eleven records in the hypothetical dataset

Cell id Population Number of cases Disease rate (×100)
1 571 10 1.7513
2 553 8 1.4467
3 558 9 1.6129
4 529 7 1.3233
5 530 7 1.3208
6 577 10 1.7331
7 501 5 0.9980
8 578 33 5.7093
9 576 10 1.7361
10 581 11 1.8933
11 571 10 1.7513
. . . . . . . . . . . .
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Fig. 2.1 Graph (histogram) of the hypothetical dataset
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There are a number of data classificatio methods that are commonly used, and
which one is selected will depend to a large degree on the dataset being mapped –
its content, configuration and its “shape.” This entails, for instance, whether or not
the data has a normal distribution, and other particularities of the data set, which
can be ascertained in general terms by running some basic descriptive statistics. The
data classificatio method ultimately chosen will affect the emphasis of the mapped
data, and some cartographers maintain that the “best” way to present quantitative
data is by classifying it in several different ways, allowing the analyst to piece them
together and form a composite picture of different aspects of the data.
The data classificatio methods briefl described here are the ones most generally

available with standard GIS software packages – equal interval, quantile, natural
breaks, and standard deviation – and these tend to cover most circumstances. There
are other useful methods, such as arithmetic, geometric, harmonic, and nested mean,
which can be used in a GIS software program by manually calculating and setting
the class breaks.

Equal Interval: in some ways this is the easiest classificatio method to under-
stand and use, and maps created with equal interval class breaks have an inherent
logic and intuitive feel about them. With this method, the data range is broken into
classes, each containing the same interval. For instance, if we were interested in
mapping percent minority population by census tract for a city, and our data range
was 1–100 (1 being the minimum value and 100 being the maximum value) and
we wanted f ve classes, our classes would be 1–20; 21–40; 41–60; 61–80; 81–100.
This method works well for a dataset that has a normal distribution of values. The
drawback to Equal Interval comes if your dataset contains values that primarily fall
in just one or two of the classes. The resulting map would show only one or two
classes leaving other classes unrepresented. As such, little useful information about
the spatial distribution of the variable would be visible.

Quantile: this method produces a map in which every class has an equal number
of areal units or observations. Let us imagine that we have the same dataset as above
with percent minority population (data range: 1–100) which are aggregated into
200 census tracts (i.e. n = 200). If we want f ve classes again, then each class will
have 40 census tracts in it, and that will determine the class breaks. If the data
values are arrayed in order of magnitude, the class breaks would be drawn so that
each class includes a set of 40 census tracts, consecutively based on the data values.
Although this method produces a map that can be more visually interesting than that
produced by equal interval (because by definition each class will have some units
in it) it can also be misleading to the map viewer, since the map will show each data
class with equal weight (the same number of areal units per class) even if the values
are not that different between classes. This method tends to work best when data is
aggregated by areal units that are roughly the same size. Additionally, outliers may
be de-emphasized in the quantile method, due to the grouping of values by ordinal
ranking.

Natural Breaks: very often, this is the default classificatio method in GIS soft-
ware. The assignment of class breaks in this method is very dependent on the
dataset you are working with. It uses an algorithm to create classes which are
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as homogeneous as possible internally, while maximizing differences amongst the
classes. It does this by organizing an array of the data, and then findin the “natu-
ral” break points or discontinuities in the array, thus combining the values that are
similar into classes. Very often, this is the most realistic or “true” view of the data,
since each class is internally consistent. The drawback is that map viewers may
have a more difficul time interpreting maps made with natural breaks, since the
class ranges in the map legend may appear random and arbitrary, and some classes
may be overly inclusive, and other classes may contain very few data values.

Standard Deviation: The standard deviation method of classificatio groups the
data values into classes based on the mean and the standard deviation of the data
set. Each class represents one (or one half, one third, etc.) standard deviation above
or below the mean (the arithmetic average) of the dataset. The standard deviation
classificatio can result in classes containing class break values outside the actual
range of the data, due to the way standard deviations are constructed. The standard
deviation classificatio method is especially useful when performing longitudinal
studies (comparing different time periods) or for comparisons amongst datasets that
vary widely in their mean, median, or other measurement of central tendency. In
standard deviation classification the mean and the standard deviation are the basis
of the class boundary formation, and so the mean and standard deviation are more
comparable across datasets with varying ranges.
The process of data classificatio is itself a type of data exploration. It allows the

analysts to familiarize themselves with the data, and see if and how the map changes
based on the classificatio method used. This can reveal information about the data
and affect the ease of data interpretation. Maps made with the exact same data but
using different classificatio methods will, more often than not, look markedly dif-
ferent. In addition to the classificatio method selected, factors such as how many
classes are created and how many areal units are included in the data set, will also
have an impact on the map’s appearance and its interpretation. Below is a graphic
representation of how different classificatio methods would group the data from
our 900 sample hypothetical dataset of disease rates differently in terms of class
breaks (Fig. 2.2) as well as number of samples per class (frequency, Fig. 2.3).

Types of Thematic Maps: The types of maps usually used for data exploration
and geovisualization are, broadly speaking, thematic maps, and they can be either
quantitative or qualitative in nature. Thematic maps express a “theme” of informa-
tion, as opposed to a reference map, which is used for way-findin and identifying
actual locations. Although it is common for a thematic map to only represent one
“theme” or variable, effective maps can also be made to show multiple variables,
often by employing several types of thematic maps in one. The following types of
thematic maps are used most frequently for data exploration and visualization:

• Dot density
• Choropleth
• Proportional symbol
• Isoline
• Continuous surface (interpolation of point data)
• Cartogram
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Fig. 2.3 Frequency of geographic units per class using four classificatio methods (hypothetical
data)

Dot Density Maps: A dot density map is used to plot the absolute numbers of
things – people, cases, or events – as aggregated by a geographic area. Usually, each
dot represents a certain number of the things being mapped, e.g., one dot equals 10
cases of tuberculosis. The dots are not intended to correspond to the actual locations
of these things, but rather are a random distribution of the points within each area
of aggregation. Dot density maps are very useful for obtaining a “snapshot” of the
distribution of the variable within the larger geography, and are often used for data
exploration with the dots “on top” of a choropleth map showing rates or percentages
of another variable. This is an easy way to investigate the potential spatial correspon-
dence of two or more variables, or different aspects of the same variable. Dot maps
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have been in use for hundreds of years, for instance, John Snow’s dot map of cholera
deaths in Soho in nineteenth century London (Fig. 2.4), which is a modifie use of
a dot map, where one dot equals one event at its actual location.
In their simplest form, one dot equals one case. Figure 2.5 depicts how alter-

ing the dot value changes our perception and possible interpretation of the data,
and reveals why it is important to select the dot value wisely. As with many carto-
graphic decisions, there is no necessarily “right” choice, but through a process of

Fig. 2.4 By plotting deaths from cholera on to a map and revealing the geographical relation-
ship between deaths and the location of the Broad Street pump, Dr. Snow had showed how maps
could provide a unique insight into the patterns, processes, and relationships of spatial phenomena.
The relationship between polluted drinking water and cholera was not self-evident and had to be
graphically displayed before the connection could be made. (Orford, 2005:190–191). This seminal
thematic dot map by Dr. John Snow of deaths from Cholera in 19th century London, as reproduced
in E.W. Gilbert’s 1958 article, is often thought to be the inspiration for the discovery of the water-
borne nature of the disease’s transmission (although this commonly-held idea of the map’s role in
this discovery is disputed as apocryphal by several authors, notably Tom Koch in Cartographies
of Disease, and Orford in Visualization and Cartography). Map Source: “Pioneer Maps of Health
and Disease in England,” Geographical Journal, 124 (1958), 172–183
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Fig. 2.5 Dot density maps of hypothetical data showing how dot value selection can affect ease of
visual interpretation (left) shows 1 dot = 50 cases (right) shows 1 dot = 5 cases

“intelligent” trial and error, one can fin the optimal way to present the data graphi-
cally in order to show the greatest detail and meaning in the data, and to distinguish
any spatial pattern.

Choropleth maps: Choropleth maps, also called graduated color maps, are used
to show rates, percentages, or ratios of a phenomenon, as aggregated by some geo-
graphical unit, such as a census tract, zip code, county, or state. In a choropleth map,
each unit receives a color, pattern, or tone that designates the value range of the vari-
able. These colors or tones are graduated in hue or intensity to denote the relative
magnitude of the variable. Intuitively, the progression of shades makes sense: as the
rate or percentage increases, the color deepens. It is easy to compare two choropleth
maps showing different variables in order to ascertain geographic distributions and
any spatial correspondence amongst the mapped variables, provided the maps have
the same extent and unit of analysis. Using the natural breaks classificatio method
on the hypothetical dataset, a choropleth map was created that renders the areas with
unusually high disease rates easily identifiabl (Fig. 2.6).

Proportional symbol: A proportional symbol map, also called a graduated sym-
bol map, shows relative or absolute amounts of the variable by using a symbol
placed at the corresponding point on the map, or at the centroid of each unit of
aggregation. Data can be utilized in the form of absolute numbers or counts, or in
the form of percentages, ratios, or proportions. Proportional symbol maps can also
depict ordinal, or ranked, data, such as small, medium and large, or high, medium,
and low density. These maps are useful to obtain an overview of the variable, and
are particularly informative when used in combination with other types of thematic
maps. Using proportional symbols on the hypothetical data, areas of high disease
rates are again easily visible (Fig. 2.7).
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Fig. 2.6 Choropleth map of hypothetical data using “natural breaks” classificatio

Fig. 2.7 Proportional symbol map of the hypothetical data
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Continuous Surface: When data is presented as a continuous surface, spa-
tial trends can often be intuitively and easily seen. A surface can be created by
interpolating values between sampled points, essentially estimating values between
the known samples, thereby “smoothing” the raw data. Although continuous sur-
faces are most often used to represent environmental data such as temperature,
rainfall, air quality, and elevation, they can be used for nearly any type of dataset.
However, caution must be used when interpolating sparse data (i.e. few sample
points) or data that is inherently delineated by discrete boundaries (e.g. legal juris-
dictions). There are many ways to achieve this interpolation, including inverse
distance weighting, spline, and Kriging. Although an in depth discussion of each
technique is beyond the scope of this chapter, the nature of the data being analyzed
and the desired product will often dictate which methodology is most appropriate.
In our hypothetical dataset, ordinary Kriging was used to estimate the values of
points between the centroids of the original polygons. The output is in raster for-
mat (gridded) and can be viewed as either a true continuous surface where there
are no classifie divisions in the data (i.e. “stretched”) or as a classifie surface
utilizing the same classificatio schemes discussed earlier (Fig. 2.8). Just as with
other techniques, classificatio choices, as well as additional choices which must
be made regarding interpolation, can profoundly affect the appearance and ease of
interpretation of the product.

Isoline: Isoline maps, or contour maps, are made from a continuous variable,
by connecting places of equal value of the variable. All points along any given
line are presumed to have the same value for the particular variable being mapped.
As isolines are essentially an alternate way to represent a continuous surface, dis-
crete occurrences of a phenomenon (e.g. land use) should not be mapped using
this method. Although topography is the most common variable used with isolines,

Fig. 2.8 Continuous surface of hypothetical dataset (left) shows a “stretched” surface and (right)
shows a classifie continuous surface



50 A. Maroko et al.

Fig. 2.9 Isolines of the hypothetical dataset derived from the continuous surface

any continuous data, such as most environmental variables as well as some human
variables (e.g. median housing costs, population density, and disease rates) can be
mapped in this fashion. For the hypothetical dataset, isolines were created based on
the interpolated surface described above (Fig. 2.9).

Cartograms: Cartograms are not very commonly used in public health mapping,
but deserve a wider exposure, as they can be quite effective in helping to visualize
data. Cartograms have been used to good effect, for instance, in Danny Dorling’s
World Mapper cartogram series (Dorling, accessed 2010), which includes maps that
informatively present complex and varied data in a “snapshot” way, and are espe-
cially useful for displaying data at a global extent. They have also been used in
environmental health literature to illustrate the spatiality of environmental public
health research (Sui and Holt, 2008; Houle et al., 2009). Cartograms can help in
visually comparing regions and variables across regions at a glance, but are less
useful for determining actual quantities. Therefore, they are primarily used as work-
ing or exploratory maps to indicate potential areas for more detailed study, and as
presentation maps to inform and communicate to the public about different issues.
A cartogram, also called a “density-equalizing map,” “equal-area map,” “isode-

mographic map,” and “value-by-area map,” shows land areas sized to reflec the
magnitude of the variable being mapped. Normally, the geographic units shown on
maps reflec their real geographic size. Not cartograms – cartograms ignore true
geographic size. In other quantitative thematic maps, data is mapped by symboliz-
ing the variable’s quantity and placing the symbol in or on the geographic units. In
the cartogram, the size of the geographic unit itself is intended to communicate the
variable’s quantity. For instance, in a cartogram of world population by country, the
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geographic size of the countries would be drawn in proportion to their population
size, not to their geographic size. China, India, the United States, and Indonesia,
the world’s four most populous countries, would therefore be drawn with the largest
geographic extents. The size of the country itself on the map thereby represents the
variable of population size. The cartogram does not lose data by classificatio or
generalization, as do choropleth maps, for instance. However, the map user may
fin it difficul to understand the cartogram, depending on the map user’s existing
knowledge of and familiarity with the geography being portrayed. Many mapmak-
ers choose to include a small inset map with the cartogram. The inset map can
be used to remind the map user of the real relationship and physical sizes of the
geographic units being mapped, so the information embedded in the altered sizes
of the geographic units in the cartogram can be more easily interpreted. The geo-
graphic shapes on many cartograms can be highly generalized, often with box-like
forms that make no attempt to conform to true shape, resulting in a map that looks
more like an organizational chart (Maantay and Ziegler, 2006). Cartograms are often
used in combination with other thematic mapping methods, such as choropleth or
proportional symbol maps, which add richness and nuance to the data presentation.
The cartograms contained in this chapter are density-equalizing cartograms, in

which areal units are drawn proportionally to the salient population character-
istics. The benefi of this type of cartogram is to overcome the inevitability in
non-cartogramatic maps for a variable to “show high incidence in cities and low
incidence in rural areas, solely because more people live in cities,” (Gastner and
Newman, 2004, 7499). The maps below (Fig. 2.10) show the juxtaposition of the
choropleth and cartogram of the hypothetical data disease rates. Notice how the two
“disease centers” are not only brought out by the shading, but are also enlarged
cartogramatically for a dramatic visual effect.

Fig. 2.10 Choropleth (left) and cartogram (right) of the hypothetical dataset
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Geostatistics is a branch of statistics which focuses on the analysis of spatial data.
As was demonstrated with the simple hypothetical example above, the locational
dimension of a dataset is tremendously important in understanding environmental
and health concerns. What follows is not meant to be an exhaustive discussion of
geostatistics or geospatial analysis by any means, but rather a simple demonstration
of how this type of quantitative exploration can help the researcher to better under-
stand the nature of what is under investigation. This is done by working through
only a few techniques: Moran’s I and Local Indicators of Spatial Autocorrelation
(LISA) are introduced below; and Geographically Weighted Regression is intro-
duced in the next section. Many other measures and analyses could have been used
(e.g. Getis-Ord G or Gi∗, spatial autoregressive models, etc.), but that is beyond the
scope of this introductory chapter. For more information see Chapters 17 and 20
(Chakraborty; Hu et al).
Spatial autocorrelation is an important concept in spatial analysis. If the value

in one geographic unit is correlated with the values in neighboring units, a vari-
able can be considered spatially autocorrelated (Cliff and Ord, 1973). Moran’s
I is a global measure for autocorrelation which ranges from –1 to 1. When values
approach 0, there is no spatial autocorrelation; as the Moran’s I approaches 1 or –1,
there is positive (clustering) or negative (dispersion) autocorrelation, respectively.
A standardized Z score can be used to assess significanc (with the null hypothesis
representing a random spatial distribution). In order to calculate a Moran’s I, a spa-
tial weights matrix must f rst be defined This matrix define the spatial relationship
among the samples (e.g. census tracts). There are many options regarding the def-
inition of the spatial weights matrix, the most common of which include polygon
contiguity, simple distance threshold, distance decay, and k-nearest neighbors. For
more information regarding spatial autocorrelation, see Chapter 17 by Chakraborty,
in this book.
The Moran’s I for our dataset suggests a statistically significan clustering of

disease rates (I = 0.62 when firs order contiguity is used, Z Score = 26.4). This
clustering can be further explored using local indicators of spatial autocorrelation
(LISA). A LISA can be used to quantify spatial autocorrelation locally by calculat-
ing a Moran’s I and an associated significanc level for each spatial unit. The sum of
all of the LISAs will be proportional to the global measure of spatial autocorrelation
(Anselin, 1995). When our dataset is looked at in this fashion, once again using firs
order contiguity, the areas with local clusters of high disease rates can be clearly
seen (p<0.01) (Fig. 2.11). It is important to note that what is being seen in this map
are the local clusters of similar or dissimilar rates (neighboring geographic units in
this case), rather than the rates themselves.
These types of visualization and simple spatial analysis methods can lead to inter-

esting finding and raise interesting new questions. For instance, in our hypothetical
data, what may be causing these clusters of elevated disease rates? Is there a pollu-
tion source or other environmentally burdensome land use? Are there populations
who are particularly vulnerable due to demographic, genetic, or social characte-
ristics? These types of questions often can only be answered with a good knowledge
of the study area’s physical and social environments.
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Fig. 2.11 Local Indicators of
Spatial Autocorrelation
(LISA) clusters of disease
rates in the hypothetical
dataset. High/high suggests
local clusters of high disease
rates (high values surrounded
by neighbors of similarly high
values). Low/low indicates
local clusters of low disease
rates. High/low and low/high
suggest local statistical
outliers (high values
surrounded by low values or
low values surrounded by
high values, respectively)

When the number of variables or the complexity of the relationships increase, it
can be very useful to explore the phenomena through more complex statistics rather
than simply cartographically visualizing the individual variables. There are many
ways to look at this data statistically, and each dataset may lend itself to one tech-
nique or another. A common approach when trying to quantify relationships among
variables is regression analysis. Similar to the previously discussed exploratory
techniques, regressions can be approached a-spatially or spatially. Ordinary least
squares regression (OLS) results in summary statistics for the entire study area (i.e.
global), however if the relationship(s) being examined are geographic in nature and
have a truly spatial component, it can be beneficia to perform the regressions geo-
graphically (e.g. spatial regressions) or even locally (e.g. geographically weighted
regression). The remainder of this chapter will go through a worked real-world
example demonstrating the utility of data visualization and geostatistics.

2.4 Respiratory Disease and Environmental Health
Justice in New York City

Respiratory disease rates can be a major concern in urban environments. One of
the causes of high rates of respiratory disease may be poor air quality due to close
proximity of residential areas to areas with high vehicular traffic industrial land
uses, high population densities, and other environmentally burdensome land uses
(Aylin et al., 2001; Edwards et al., 1994; Maantay et al 2008; Smargiassi et al.,
2009). Respiratory disease is an environmental justice concern that combines issues
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of socio and economic vulnerability with unequal environmental exposure. Some
research has suggested that not only are lower-income populations and communities
of color more likely to live in close proximity to environmentally burdensome facil-
ities and thus be more exposed to pollution, but that the health effects of exposure to
these burdens are further modifie by socio-economic status, and “due to material
deprivation and psychosocial stress [these populations] may be more susceptible to
the health effects of air pollution,” (O’Neill et al., 2003, 1861). Therefore, vulnera-
ble populations, such as those with limited income or educational attainment, may
suffer more from the same exposures when compared to other groups. What fol-
lows serves as an example of how geovisualization and exploratory spatial analysis
can be used to examine respiratory disease vis-à-vis socio-demographic variables in
New York City in order to assess potential environmental justice impacts.

Data: The data used in these analyses are all publically available information
aggregated to the census tract, and includes socio-demographic information from
the 2000 US. census and health information (hospital admissions) from New York
Statewide Planning and Research Cooperative System (SPARCS) via Infoshare.org.
The socio-demographic data consist of adults (> 25) who do not have a high school
diploma, non-Hispanic black persons, Hispanic persons, and persons below the fed-
eral poverty level. Other variables were explored as well; however, due to concerns
such as excessive colinearity, they were not included in these analyses. All of these
variables were examined as rates (e.g. percentage of population that is below poverty
thresholds, per census tract). As can be seen by examining the maps (choropleth and
cartograms), the socio-demographic variables are not evenly distributed across NYC
(Figs. 2.12 and 2.13).
Health outcomes were represented by the number of individuals who were hos-

pitalized for respiratory illness, geocoded to the census tract of their residence.
The SPARCS data was queried using ICD-9 codes for acute respiratory infections
(ICD-9: 460–466), chronic obstructive pulmonary diseases and allied conditions
(ICD-9: 490–496), and pneumonoconioses and other lung diseases from external
agents (ICD-9: 500–508). Five years of data were combined (1998–2002, inclusive)
and averaged in order to stabilize the rates. To further stabilize the rates, census
tracts with fewer 250 persons or fewer than 20 people hospitalized for respira-
tory disease over the 5 years were excluded from the analysis. It is important to
note that “persons hospitalized” is not necessarily equivalent to incidence or preva-
lence. Even though our previous research studies have used hospitalization records
for health outcomes, the data has limitations and may be biased due the way in
which NYC residents utilize hospitals and how existing disease is managed due
to differences in health insurance coverage, physical access to primary care treat-
ment and prevention, education regarding maintenance of health conditions, and
other social and economic issues (Maantay 2007; Maantay et al., 2007, 2009a, b).
The NYC respiratory hospitalization data was then age-adjusted using New York
State as the standard population. As can be seen in Fig. 2.14 (left), there are high
rates of respiratory hospitalizations in certain areas of NYC, which are indicated
by the dramatically ballooned sizes of the affected census tracts. Some of these
areas correspond to areas of high poverty and high minority population as is shown
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Fig. 2.12 Percentage of adults without a high school diploma and percent below poverty by census
tract in NYC using choropleth mapping and cartograms

in Figs. 2.11 and 2.12. Once again, the utilization of cartograms can allow for an
effective visualization of the data (Fig. 2.14, right).

Analysis: When the number of variables or the complexity of the relationships
increase, it can be very useful to explore data statistically to augment the visualiza-
tion of the variables individually. With a study such as this one, multiple ordinary
least squares regression (OLS) is a natural choice. Age-adjusted rates for persons
hospitalized for respiratory disease were used as the dependent variable, and per-
cent Hispanic, percent non-Hispanic black, percent of adults without a high school
education, and percent of people living below poverty were used as the independent
variables. Note that there is no exposure estimate in the model, simply the health
outcome versus the socio-demographic variables. Once again, rates were stabilized
by excluding census tracts with fewer than 250 people or fewer than 20 people hos-
pitalized between 1998 and 2002, inclusive (n = 1,880 tracts). The hospitalization
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Fig. 2.13 Percent non-hispanic black and percent Hispanic by census tract in NYC using
choropleth mapping and cartograms

data was log10 transformed in order to approximate a normal distribution in the
residuals.
Ultimately, the model had an R2 value of 0.50, suggesting that approximately

50% of the variance in the hospitalization rates can be explained by the socio-
demographic measures. All of the SES variables showed a significan (p<0.01)
positive association with respiratory hospitalization rates except for the education
variable which was not significan (Table 2.2).
It can be informative to map out some of the OLS results, particularly the resid-

uals, in order to get a more complete geographic understanding of the results. As
can be seen in the map, there appears to be clustering of tracts with similar val-
ues. For example, the Whitestone/College Point neighborhoods in Queens show
a group of tracts where the OLS underestimated the hospitalization rate (area of
interest in Fig. 2.15). The Moran’s I statistic (I = 0.23 with firs order contiguity,
Z Score = 16.93) statistically confirm spatial autocorrelation. This suggests that
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Fig. 2.14 Age-adjusted respiratory hospitalization rates in NYC visualized using a choropleth
map (left) and cartogram (right)

Table 2.2 OLS parameter estimates

Parameter Estimate Std err t value

Intercepta 0.29848 0.0128328 23.26
Pct without HS diploma −0.00020 0.0007151 –0.29
Pct below povertya 0.00919 0.0006683 13.75
Pct non-Hispanic blacka 0.00276 0.0001960 14.07
Pct Hispanica 0.00533 0.0003606 14.78

a p<0.01.

the residuals of the OLS were not randomly distributed which is a violation of OLS
assumptions.
It may be illuminating, then, to examine the local nature of relationships between

respiratory health and the socioeconomic variables. Geographically weighted
regression (GWR) is a technique developed by Fotheringham et al. (1998) which
quantifie locally varying relationships among data, rather than computing a global
relationship as OLS does (similar to the distinction between Moran’s I and a LISA).
Instead of calculating global parameter estimates based on one regression, GWR
performs many local regressions, each of which is influence by the surrounding
data resulting in a set of summary statistics for each regression point. In this way,
GWR shows local variations in the regression relationships and is able to account
for potential spatial non-stationarity, where the relationships among the indepen-
dent and dependent variables vary over space. Locally varying relationships may
suggest a number of things, including possible model misspecification sampling
variation, or simply a relationship that intrinsically varies over space (Fotheringham
et al., 2002). In this study, GWR was used as an exploratory tool to discover
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Fig. 2.15 OLS regression model residuals

how the relationships may vary and hypothesize as to why they may be spatially
heterogeneous.
The GWRmodel was specifie in the same way as the OLS, with respiratory rate

as the dependent variable, and race/ethnicity, education, and poverty as the indepen-
dent variables. GWR requires that the analyst specify a kernel bandwidth (distance
radius) for the model identifying the size/radius of the area in which the local regres-
sion model is estimated. The two most common choices are a f xed (Gaussian) or
adaptive (bi-square) kernel. The fi ed kernel uses a constant radius, whereas the
adaptive kernel involves varying the radius across the study area. The adaptive ker-
nel works in a similar way to k-nearest neighbors, selecting a certain number of
samples per local regression. As such, the adaptive kernel is able to “grow” when
the samples are sparse, and “shrink” when there is a high density of sample points.
Both fi ed and adaptive bandwidths weight distant samples less heavy than proximal
ones.
In our case study, a fi ed bandwidth (rather than adaptive kernel) was assigned

using an iterative process within the GWR3 software designed to minimize the
Akaike Information Criterion (AIC) – a diagnostic statistic which describes the
performance of the model. The result was a bandwidth of just under 1.5 miles.
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Table 2.3 Comparison of OLS and GWR model diagnostics

Diagnostic OLS GWR

Residual sum of squares 104.3 72.2
Standard error 0.236 0.202
Akaike information criterion −88.8 −570.8
R2 0.501 0.655
Ra2 0.500 0.635

Table 2.4 Five number summaries for GWR parameters. A Monte Carlo test of the local
parameter estimates reveals significan spatial variability for all of the variables (p<0.01)

Parameter Minimum 1st quartile Median 3rd quartile Maximum

Intercept –0.2300 0.2366 0.2802 0.3661 1.3016
Pct without HS
diploma

–0.0671 −0.0014 0.0007 0.0042 0.0767

Pct below poverty –0.0423 0.0050 0.0081 0.0105 0.0620
Pct non-Hispanic
Black

–0.0861 0.0023 0.0030 0.0037 0.0655

Pct Hispanic –0.0424 0.0041 0.0057 0.0075 0.0304

Diagnostics of the GWR results suggest that it performed better than the global
estimate as can be seen by the decrease in AIC, increase in R2, and changes in other
diagnostics such as residual sum of squares and standard error (Table 2.3).
Examining parameter estimates can be a bit more difficul in a GWR than an

OLS. Global OLS regression results in one set of summary statistics for each
parameter; however GWR has a set for each regression point, which in this case
is each census tract centroid. Although it is not uncommon to report the results
as a f ve number summary (Table 2.4), it is much more revealing to examine
the geographically-varying parameters cartographically. This can include mapping
values for the local R2, error, parameter estimates, Cook’s distance, or t-values.
When the t-values of the GWR results are mapped by interpolating the values

between regression points (creating a continuous surface), the spatial variability in
the relationships becomes visible. For instance, the relationship between percent
non-Hispanic black and respiratory hospitalization rate are relatively stable while
adjusting for the other variables, with only one area showing a negative associ-
ation (area of interest in Fig. 2.16). The relationships with percent Hispanic and
percent below poverty behave similarly to one another. They are somewhat stable,
although both show significan negative relationships near the Whitestone/College
Point neighborhoods of Queens (areas of interest in Figs. 2.17 and 2.18). Mapping
the t-values for the percent of adults without a high school diploma, a variable that
had no significanc in the OLS, reveals that although the majority of NYC does not
show a significan relationship, distinct areas of negative and positive associations
can be identifie (Fig. 2.19). The area with the positive relationship is, once again,
around the Whitestone/College Point neighborhoods of Queens. The educational
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Fig. 2.16 GWR output – percent non-Hispanic black t-values

attainment variable must be interpreted with caution however, since the relation-
ships are relatively weak and inconsistent. Also, excessive colinearity with other
variables (e.g. poverty) may be skewing the results.
The potential spatial non-stationarity revealed by the GWR can identify areas

of interest for further investigation. For instance, it may be useful to conduct a
more qualitative assessment of the Whitestone/College Point neighborhoods, which
suffer from high hospitalization rates and have high OLS residuals, in order to
hypothesize about possible causes of the varying relationships of respiratory hospi-
talizations with percent Hispanic, poverty, and educational attainment. It is possible
that these discrepancies are due to particular environmental conditions (built, physi-
cal or social) occurring in the area, which is information not available in the data sets
used for the geovisualization. Such information could form the basis for additional
questions and hypotheses which could be examined using more in-depth qualitative
and quantitative methods.

Results Summary: As can be seen in Tables 2.2, 2.3, and 2.4, both the OLS and
GWR suggest that there are measurable associations between hospitalizations for
respiratory disease and selected socio-demographic variables. More specificall ,
as the percent of the population that is below the poverty level, non-Hispanic
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Fig. 2.17 GWR output – poverty rate t-values

black, or Hispanic increases, so do the hospitalization rates for respiratory dis-
ease. Approximately 50% of the variance of the hospitalization data is predicted by
race/ethnicity and poverty status in the OLS model (AIC: –88.9) – approximately
64% is explained in the GWR (AIC: –570.8). Even though the OLS results in a
high R2, according to the AIC the local analysis (GWR) outperforms the global
analysis (OLS). This appears to be mainly due to the non-stationary nature of the
relationships around the Whitestone/College Point neighborhoods of NYC.

2.5 Conclusions

Geovisualization is an “intelligent” trial and error iterative process, involving vari-
ous types of thematic mapping, data classificatio schemes, and geospatial analysis
and geostatistics. It can be extremely useful in developing further hypotheses for
testing, as well as guiding future analyses. It can also, in its own right, be helpful in
answering questions about complex geospatial problems.
However, interpretation of the geovisualized results will have a higher degree of

reliability if the analyst has a holistic and intimate knowledge of not only the data
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Fig. 2.18 GWR output – percent Hispanic/Latino t-values

itself, but also the geography of the study area and familiarity with the built, natural,
and social environments. Otherwise, the explanatory power of geovisualization will
be limited, and explications of any anomalous situations will be highly speculative,
if they are possible at all.
As shown in the example of respiratory disease and environmental health justice

in New York City, geovisualization techniques identifie areas of concentrations of
individual variables and potential spatial co-incidences amongst them, as well as
geostatistical trends and anomalies. For instance, although most of NYC exhibits a
positive relationship between census tracts with high proportion of non-Hispanic
Black residents, Hispanic residents, and those below poverty with respiratory
disease hospitalization rates, there are areas which suggest a spatially varying rela-
tionship. This is clearly seen when the results of the GWR are mapped, but may
have otherwise not been detected.
The geospatial analysis gave us some answers, but also presented new ques-

tions, which led us to plans for a more detailed qualitative and quantitative analyses
to ferret out some of the spatially inconsistent associations which only became
observable with the geovisualization of the data and statistical results.
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Fig. 2.19 GWR output – rate of adults with no high school diploma t-values
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