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1. Introduction

The connection between public health and geography can be traced back to Hippocrates (c.
400 BC) who deduced that spatially varying factors such as climate, elevation,
environmental toxins, ethnicity and race contributed to the spatial patterns of illness
(Parchman et al., 2002). The observations of Hippocrates still hold true today and these
relationships between geography and disease have allowed geospatial methods to become
valuable within the field of public health. Maps have long been a useful tool for visualizing
patterns in health care. One of the earliest and most commonly cited examples is from the
mid 1800s when Dr. John Snow deduced the source of a cholera outbreak in London based
on a simple visualization of the incidents of cholera in relation to water pumps (Johnson,
2007). Although visualizing data geographically is still very valuable for uncovering
patterns and associations over space, geospatial analysis has become more sophisticated
over time.

One tool that can be used to apply advanced geospatial methods to health care
problems is a geographic information system (GIS). The power of GIS lies in its ability
to analyze, store and display large amounts of spatially referenced data. In a field
where manual data analysis can become overwhelming, GIS is a valuable tool. The
medical research applications of GIS are numerous and include finding disease clusters
and their possible causes (Murray et al.,, 2009; Srivastava et al., 2009), improving
deployment for emergency services (Ong et al., 2009; Peleg & Pliskin, 2004) and
determining if an area is being served adequately by health services (Cinnamon et al.,
2009; Schuurman et al., 2008). There have been several reviews and textbooks published
in the past decade that focus on the application of GIS to different areas of health
research (Cromley & McLafferty, 2002; Kurland & Gorr, 2009; McLafferty, 2003;
Parchman et al., 2002; Rushton, 2003).
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While the use of GIS is gaining favor with health researchers, barriers remain in the uptake
of more advanced geospatial methods by health care decision-makers. A recent qualitative
study conducted in the UK found that although health care decision-makers see the value of
using GIS in the decision making process, many (especially those in the community setting)
still view GIS primarily as a visualization tool (Joyce, 2009). This chapter aims to go beyond
a simple discussion of GIS and its standard capabilities (e.g. mapping, buffering, clipping,
intersecting, etc.) in order to focus more broadly on geospatial methods (including spatial
statistics) that can be used to describe and study the distribution of disease and health care
delivery. It adds to current literature by taking an approach that compares and contrasts
different geospatial methods with the goal of informing health care decision-makers about
the strengths and weaknesses of each.

This chapter is written for an audience that has a basic knowledge of statistics and GIS. It
does not give a comprehensive overview of all geospatial methods that are available for
health research but instead highlights ten different geospatial methods that can be used to
address problems posed when studying the distribution of disease and health service
delivery. Five topic areas will be covered: representing populations, identifying disease
clusters, identifying associations in a spatial context, identifying areas with access to health
care and identifying the best location for a new health service. Although each method is
discussed briefly, references will be provided where health researchers and decision-makers
can find details. Each of these five sections will be further subdivided into two sections.
‘Representing populations” will discuss the topics of Geographically linked census data and
Dasymetric modeling. ‘Identifying disease clusters” will discuss the topics of Measures of spatial
autocorrelation and Kernel density estimation. ‘Identifying associations in a spatial context” will
cover Spatial regression and Geographically weighted regression. ‘Identifying areas with access
to a health care service” will discuss the topics of Road network analysis and Interpolation.
Finally, ‘Identifying the best location for a new service” will discuss the topics of Coverage
problems and Distance problems.

2. Representing populations

Studying relationships between disease or health service delivery and environmental or
population characteristics, requires researchers to represent populations in terms of their
location in space. Two geospatial methods that can be used to represent population groups
will be discussed in this section: geographically linked census data and dasymetric
modeling.

2.1. Geographically linked census data

Studies in health research may sometimes be focused on the general population that is at
risk for a disease or that has access to a specific health service in an area. This group can be
represented by population counts in the form of census data. Census data can be
represented at many different levels. For example, in Canada census data may be
represented at the census block level, the dissemination area level, and at the census tract
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level (Apparicio et al., 2008). This method of representing population links census data
tables to geographic boundary files using unique area level identifiers. The aggregation of
populations into larger areal units can affect the results obtained from a spatial analysis. For
example, when studying geographic access to urban amenities, Canadian studies have
found that when accessibility was measured for smaller spatial units, the measures were less
subject to aggregation error than when larger spatial units were used to represent
populations (Apparicio et al., 2008; Hewko et al., 2002).

There are limitations to geospatial analysis when populations are represented in this way.
As discussed above, the aggregation errors differ depending on the spatial unit used. One
study showed that for some amenities the aggregation to larger areas for abundant
resources (e.g. playgrounds) should use smaller areal units more representative of where the
population is distributed (Hewko et al., 2002). Another limitation occurs because census data
are standardized based on population numbers. This causes rural areas to be represented by
larger areal units that do not precisely represent locations of where the population is
distributed. Finally, the modifiable areal unit problem (MAUP) should be considered when
using different census boundaries to represent populations. The MAUP occurs because the
results of any geographic analysis can be sensitive to the areal units that are being used for
the study (Fotheringham & Wong, 1991; Oppenshaw, 1996). For example, results can differ
depending on the level of census data used in analysis. Notable strengths of using census
data to represent populations are: 1) in most developed countries these data are largely
publically available and 2) these data can be grouped by age categories and linked with
other census variables of interest to study associations (with, for example, income,
employment, education, ethnicity and other socio-economic indicators).

2.2. Dasymetric modeling

Census data are often used by researchers to represent population numbers evenly within a
specified area. For example, for analytical purposes the population within a census tract is
often represented by a single point at the geographic centre of the polygon, known as the
centroid of the area. A method used to represent population distribution more accurately is
dasymetric modeling. Dasymetric modeling uses additional data sources to estimate the
distribution of aggregated population data within a specified unit of analysis (Briggs et al.,
2007a; Mennis, 2009; Poulsen & Kennedy, 2004). This technique essentially uses a
combination of variables to represent where population is truly located within an area.
Dasymetric models have used light emission and remotely sensed land cover data to
represent populations at the small area level in Europe (Briggs et al., 2007b). One study has
shown how population estimates in residential areas can be more accurately represented
using grid based land cover data in combination with a mailing database to represent where
residential populations are located within a census area (Langford et al., 2008). Dasymetric
modeling produces population numbers that are identical to those within a census area; it is
the spatial distribution of the population that is modified within these spatial units. A major
limitation of using this method for representing population distribution is that it is more
time intensive and requires the use of additional data sources when compared to simply
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using the raw census data. The strength of this method is that it more accurately represents
population distribution in large areas (e.g. rural census areas). One study found lower
access to primary health care services using dasymetric modeling when compared to using
point census data to represent populations in rural areas (Langford & Higgs, 2006). This
shows that census methods of representing population data could be overestimating access
in rural areas.

Both methods for representing population distribution have been shown to have strengths
and limitations. In the absence of patient data or when the general population is of interest,
it is possible to use census data at varying levels of aggregation. Using this method,
populations can be represented as a centroid within the areal unit or as being evenly
distributed throughout the area. Dasymetric mapping allows for a more accurate
representation of the population distribution within areal units but at the cost of increased
time and data collection effort. However, this method can be valuable when population data
are represented for rural areas. Both methods suffer from the problem of the MAUP and this
should be considered when applying any level of population data to analysis. Figure 1
highlights the differences in representing populations using two different representations of
census data and dasymetric modeling.

Figure 1. Comparison of methods to represent populations (from left to right) by the centroid, evenly
distributed points, and dasymetric modeling methods (Wielki, 2009)

3. Identifying disease clusters

The identification of clusters of disease can help to target health care delivery and identify
where resource allocation efforts should be focused. Point pattern analysis is a broad
category of geospatial methods that can be used to identify disease clusters. In this section
we will discuss two specific methods: measures of spatial autocorrelation and kernel density
estimates.

3.1. Measures of spatial autocorrelation

Spatial autocorrelation can generally be thought of as the association of a variable with itself
over space. Statistical measures of spatial autocorrelation can be used to determine if the
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clustering of variables with similar attributes occurs over space. Moran’s I is a global
measure for evaluating spatial autocorrelation. It is measured using the location of a given
set of points and their associated attributes over an entire study area. The values of Moran’s
I range from -1 to +1 (dispersed to clustered, respectively, with values close to 0 representing
no spatial autocorrelation as might be observed in a random pattern) (Rogerson, 2010). One
study conducted to evaluate the survival from Cardiac arrest in a US county used Moran’s I
to determine that there was no clustering of survival rates for cardiac arrest in the study area
(Warden et al., 2007). The Moran’s I statistic can also be used to define the extent of spatial
bands used for other spatial statistics as exemplified in a study that determined hot spots
using the Getis-Ord Gi” statistic (McEntee & Ogneva-Himmelberger, 2008). The value of the
Moran’s I measure is that it allows for an overall assessment of whether spatial
autocorrelation exists over a study area. The limitation of the Moran’s I measure is that it
does not take into account variation at the local level and reports only one measure for the
entire study area.

In order to deal with the limitation of the global measure of Moran’s I, a local measure of
spatial association was introduced by Anselin (Anselin, 1995). This local indicator of spatial
association (LISA) breaks down the global indicator to allow for an understanding of how
each observation contributes to the overall measure. There are three main purposes that the
LISA statistic can serve: 1) to indicate local areas of spatial non-stationarity, 2) to evaluate
how different locations within an area are contributing to the overall global spatial
autocorrelation statistic and 3) to evaluate if spatial outliers exist (Anselin, 1995). A positive
LISA value for an area indicates that the feature is surrounded by features with similar
values (a cluster). A negative LISA value indicates that the feature is surrounded by features
with dissimilar values (an outlier) (Anselin, 1995). LISA has been used to uncover clusters of
overweight and obesity in Canada (Pouliou & Elliott, 2009) and clusters of chronic ischemic
heart disease in relation to aerosol air pollution in the Eastern United States (Hu & Rao,
2009). As with most geospatial methods, the above methods of cluster analysis are limited
by the quality and scale of the data that are available (Shi, 2009).

3.2. Kernel density estimation

Quadrat analysis is a method that evaluates the points within polygon areas to assess
whether a pattern is random, dispersed or clustered in space. Standard quadrat analysis is
limited by edge effects, where the density of points between adjoining areas can change
abruptly from one value to another. Kernel density estimates address the limitations of
simple quadrat analysis though the use of a kernel function that smoothes the values of
interest over space by forming a count of events per unit area within a moving quadrat or
‘window’. This produces a more spatially ‘smooth’ estimate of variation in spatial
autocorrelation than can be obtained by using a fixed grid of quadrats (Gatrell et al., 1996). A
detailed description of the kernel function is outlined in several resources (de Smith et al.,
2007a; Gatrell et al., 1996).
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One important consideration when using kernel density estimation is that the degree of
smoothing produced is dependent on the size of the bandwidth. It is often useful to examine
several density plots of the same samples, all smoothed by different amounts, in order to
gain greater insight into the data (Farwell, 1999). Guidelines for choosing bandwidths vary
from simple visual inspection, to specific parameters such as specified resolution limits or
nearest neighbor distances (Levine, 2007). One study by Lerner et al. used kernel density
estimation in ArcGIS with default bandwidth settings to identify out of hospital cardiac
arrests in Rochester, NY. By integrating census data with the data from a cluster analysis
using kernel density estimation, they were able to discover that out of hospital cardiac arrest
clusters were associated with communities with lower income, higher number of African-
Americans residents and more residents without a high school diploma than the population
of the city in general (Lerner et al., 2005). The identification of clusters of events could lead to
an increased understanding of where health care resources should be allocated. One of the
major limitations of kernel density estimation is that the choice of size of the ‘moving
window’ (bandwidth of the kernel function) can alter the results of the cluster analysis (de
Smith et al., 2007a). This method is superior to a simple quadrat analysis because it takes
into account edge effects and creates a more realistic representation of spatial variation
through a smoothing process (Gatrell et al., 1996).
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Figure 2. Using kernel density estimation to identify hot spots (Hansen, 2005)
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The two methods discussed to identify disease clusters are similar in that they both allow
for a statistical measure of spatial association within areas. Using the global and local
measures of spatial association can give a quantitative measure of whether global or local
spatial autocorrelation (reflecting clustering) exists in a dataset while the kernel density
estimates are a way of using data locally within windows to create a grid surface of where
clustering is occurring. The spatial measures of association that show whether spatial
autocorrelation exists in a dataset can indicate what type of further analysis should be
undertaken. The presence of spatial autocorrelation suggests that spatial regression
techniques should be used in place of simple linear regression. While the LISA method can
be used to measure spatial association within a defined area, the method of kernel density
estimation allows for minimizing edge effects between areal units with sharp contrasts. One
recent study has shown how LISA and kernel density estimation can be used together to
uncover hot spots of diarrhea in Thailand (Chaikaew et al., 2009). Figure 2 shows how kernel
density estimation has been used to identify areas of high spousal violence incidents in
Calgary, Canada (Hansen, 2005).

4. Identifying associations in a spatial context

The purpose of many studies of the distribution of health services is to determine if inequity
exists. These studies strive to determine if those who are considered disadvantaged are
served as equally by health services as those who are not (Meade & Emch, 2010). Studies
may also seek to understand relationships between disease prevalence and various
environmental variables. Spatial regression and geographically weighted regression are two
spatial statistical methods that can be used to study these types of associations between
dependent and independent variables.

4.1. Spatial regression

When exploring variables over space it is often found that spatial autocorrelation exists.
Spatial dependence violates the assumption of independence needed for standard linear
regression (Legendre, 1993). Spatial regression is a valuable method in situations where
spatial autocorrelation exists because it considers the spatial dependence between variables
by giving weights to them based on distance. The weighting matrix used in the spatial
regression process accounts for the spatial dependency in the dependent variable
(Fotheringham et al., 2005b). In order to determine accurately the weights used within this
matrix it is necessary to first determine the range (distance) of the spatial dependence on the
dependent variable using a semivariogram, a graph that visually provides a description of
how the data are related (correlated) with distance. Beyond the range defined by the
semivariogram there is no longer spatial dependence (Fotheringham et al., 2005b). This
incorporation of spatial dependence is important because spatial autocorrelation can reduce
the efficiency of the Ordinary Least Squares estimator used in linear regression. Since most
features over space have an element of spatial dependence associated with them, it suggests
that spatial regression may be a better choice than simple linear regression when modeling
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features over space, although spatial dependence can be removed using a variety of
methods including detrending procedures where spatial trends are evident.

The benefit of using the spatial regression technique is its ability to create a model that can
be used to make generalized inferences in an area while accounting for the effects of spatial
dependence. A study by Zenk et al. examined the association between neighborhood racial
composition, neighborhood poverty and spatial accessibility to supermarkets using spatial
regression and found that racial segregation places African-Americans in more
disadvantaged neighborhoods and at further distances from supermarkets (Zenk et al.,
2005). Although spatial regression can account for spatial dependence in a dataset, a recent
review states that there is always the possibility of ecological bias when area level data are
used to represent individual characteristics within studies (Wakefield, 2007).

4.2. Geographically weighted regression

Geographically weighted regression (GWR) is a local regression model that creates unique
local coefficients in order to describe the variation in the dependent variable. This creates
local models that are well suited to explore the variation in the data graphically (Jetz et al.,
2005). Instead of incorporating the spatial dependence into the model as is done through the
process of spatial regression, GWR “measures the relationships inherent in the model at
each point” (Fotheringham et al., 2005a). The weighting matrix used in GWR is dependent
on the location of individual points and thus must be recalculated at each point. This is in
contrast to the spatial regression method where a single contiguity weighting matrix is used
for the entire study area (based on the extent of spatial dependence on the dependent
variable). In GWR, kernels can be used which associate aspects of density of data into the
process (Fotheringham et al., 2005a). GWR also has the benefit of being able to evaluate
changes in strength of relationships over different scales, which is difficult to do using
spatial regression (Jetz et al., 2005). Previous publications have summarized GWR and local
analysis in further detail (Brunsdon et al., 1996; Fotheringham ef al., 1998).

GWR has been used in a recent study to evaluate the relationship between cold surges and
cardiovascular disease (CVD) mortality. This study found that the CVD mortality rates
increased significantly after cold surges and that the tolerance of different populations to
these weather changes differed over space (Yang et al., 2009). Another study compared the
findings from linear regression and GWR when studying access to parks and physical
activity sites and found that while OLS regression found weak relationships between park
density and physical activity site density, GWR indicated disparities in accessibility that
varied over space (Maroko et al., 2009). This study shows the importance of using the
appropriate method of analysis for the data that is under study. Yet another study used
GWR as a tool to indicate the need for spatial coefficients when linking health and
environmental data in geographical analysis (Young et al., 2009).

The main difference between spatial regression and GWR is that one is a global model and
one is a local model. Overall, GWR should be used when there is spatial non-stationarity or
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when relationships between variables differ over space (Fotheringham et al., 2005a). A
simple map of the residuals of a model indicates whether a spatial regression method
should be employed over a traditional linear regression method; when the residuals are
clustered into high and low values over space it is likely necessary to use a spatial regression
method. The residuals of a spatial regression or GWR can also be mapped to assess the areas
where the models are under or over estimating (Fotheringham et al., 2005b).

5. Identifying areas with access to a health care service

The concept of access to health care is a central focus of many health research studies.
Spatial accessibility is one aspect of access to health care that can be measured using
geospatial methods. Geographic access to a service can be represented as straight line
distance, network distance and travel time based on travel along a road network (Apparicio
et al., 2008); travel effort can also be represented as a continuous travel time surface over a
specified area. The two methods that we will focus our discussion on in this section are road
network analysis and interpolation.

5.1. Road network analysis

Network analysis has been considered by many researchers to be a more accurate method for
evaluating accessibility in terms of travel time and distance when the focus is on travel via roads
(Brabyn & Skelly, 2002; Christie & Fone, 2003). These researchers argue that although straight
line Euclidean distance and the evaluation of catchments/service areas using Thiessen polygons
are commonly used in accessibility analysis, these methods only allow for a crude measure of
accessibility (Brabyn & Skelly, 2002). Network analysis allows for a more realistic representation
of travel times along a road network by accounting for the different travel speeds along the
various road links. Network analysis has been used in health care research to study access to
video lottery terminals (Robitaille & Herjean, 2008), access to parks (Comber et al., 2008) and
access to palliative care (Cinnamon et al., 2008). The measures of access obtained through
network analysis can then be used in combination with census data to assess the population
numbers with access to a facility within a specified distance or travel time (Christie & Fone,
2003; Nallamothu et al., 2006). The travel times and distances can also be used to evaluate
associations between measures of access and various health indicator (socio-economic)
variables (Hare & Barcus, 2007). One UK study found that travel time estimates based on
network analysis may be preferred to reported travel times for modeling purposes because the
reported times can reflect unusual circumstances and reporter error (Haynes et al., 2006). The
strength of road network analysis is that it allows for the estimation of travel times between
different point locations along a road network. It does not allow for continuous travel time
surfaces to be mapped. In order to do this we can use a method referred to as interpolation.

5.2. Interpolation

The method of interpolation is based on Tobler’s first law of geography: things that are near
are more similar than things that are further apart (Tobler, 2004). The process of
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interpolation uses mathematical modeling to ‘fill in the gaps’ between point data values in
order to create a continuous surface of values. There are a variety of resources available to
researchers that discuss in detail the theoretical basis of the different interpolation methods
(Lam, 1983; Mitas & Mitasova, 1999; Waters, 1997a, 1997b). The advantage of interpolation
over simple network analysis is that it can allow for a comparison between different modes
of transportation to health care facilities. To do this it would be necessary to have point data
representing travel times via different modes for this type of analysis. For example, using
interpolation, a study conducted by Lerner et al. considered how GIS could be used as a tool
to help make transport decisions for trauma patients (Lerner et al., 1999). The goal of that
study was to create a map that would show where air or ground ambulance should be
preferred to transport patients to a trauma center from a given patient starting location. One
Canadian study used this method to compare where ground, helicopter or fixed-wing
transport was faster when transporting patients to a cardiac catheterization facility (Patel et
al., 2007). Figure 3 highlights how interpolation can be used to model travel times via
different modes of emergency transport over an area.

Travel Time to a City with a Tertiary Care Center

Ground Ambulance Rotary Wing Air Ambulance Fixed Wing Air Ambulance

Mote: See Text for Description - Maps are not stand alone N B
| Sources.
omigin Travel Time (min) [ 75-90 120- 135 [N 165 - 180 Highways: Can Routelogistics: MT] Spatial (2001)
© cathFacity [ <50 90105 135- 150 [ = 120 mm“{m “ﬁggrﬁm%ﬁsﬁ‘m“'m"
Highways [N 60 - 75 105- 120 [ 150 - 165 Alberia Chart of Call: PECC/STARS (2002)
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Figure 3. Using interpolation to model emergency transport (Patel et al., 2007)

There are strengths and limitations to using interpolation as part of a geospatial analysis.
One limitation of using this method is that an accurate interpolation requires many points
that are evenly distributed over the study area. Another limitation is that depending on the
type of interpolation used (e.g. global or local, exact or inexact) the results could vary (Lam,
1983; Mitas & Mitasova, 1999). In spite of these limitations, interpolation is a powerful
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method to compare access via different modes of travel. This is achieved by evaluating those
areas that are served faster by different modes of travel using grid cell comparisons. Both
network analysis and interpolation can be used to estimate travel time values that can be
used as a measures of geographic access. These measures can then be used to evaluate the
associations between spatial access to services and other variables (e.g. socio-economic
variables). These access measures can also be linked with census or patient data to study the
populations with access to certain services (Nallamothu et al., 2006; Schuurman et al., 2008).
It is important to note that because the method of interpolation focuses on creating
continuous surfaces from point data, it can also be used to model the concentration of
environmental variables from a point source or the spread of an infectious agent over
boundaries (Kistemann et al., 2002).

6. Identifying the best location for a new service

The spatial analysis of health services is based on the principle that populations and their
need for healthcare vary across space. People are not located randomly about the earth and
it is often observed that different areas are populated by groups with differing
characteristics (e.g. socio-economic status, race, age, income, education, etc.); these varying
characteristics of a group often influence their need for health services (McLafferty, 2003).
Recent studies have used GIS and the principles of location analysis to evaluate optimal
locations for pre-hospital helicopter emergency medical services (Schuurman et al., 2009)
and to evaluate how patient access can change depending on where cardiac services are
located (Pereira et al., 2007). The operations research literature is a strong source of methods
papers and includes literature on how models can be used to maximize service area
(Mahmud & Indriasari, 2009), how models can simulate different starting point locations for
ambulance (Ingolfsson et al., 2003) and how stochastic approaches can be superior to
deterministic approaches when planning health service delivery (Harper et al., 2005). It is
beyond the scope of this chapter to discuss the mathematical models that are used for
location analysis; this information is available elsewhere (de Smith et al., 2007b; ReVelle &
Eiselt, 2005). This section will discuss two different approaches for identifying the best
location for a new service: coverage and distance problems.

6.1. Coverage problems

There are two types of coverage problems that are commonly referred to in the operations
research literature: the location set covering problem (LSCP) and the maximal covering
location problem (MCLP). The goal of LSCP is to “find the minimum number of facilities
and their locations such that all neighborhoods are covered within the maximal distance or
time standard” (Church & Murray, 2009a). In this model, each demand point is covered at
least once. The goal of MCLP is to “find a prespecified number of facilities such that
coverage within a maximal service distance or time is maximized” (Church & Murray,
2009a). Given these constraints this model seeks to provide the best possible coverage with
the limited available resources and does not guarantee service. Geospatial tools available
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within GIS software can be used to assemble the needed data to address both types of
coverage problems. The three essential data components that need to be represented in a
GIS in order to solve this problem are the demand points that are to be served by the
facilities, the set of possible facility locations and the service area capabilities of these
facilities (Church & Murray, 2009a). Ambulance and fire department response are two
examples of services that require complete coverage of an area and thus a LSCP approach to
coverage. Other services may strive for as much coverage as possible based on the resources
available. One example is the placement of public health care facilities. By creating
catchment areas within GIS, the best possible locations for new facilities can be evaluated
(based on the most area and population covered) (Murad, 2008). The strength of using these
types of coverage models is that they provide a spatial-standard based framework for siting
new health service facilities that considers population needs and available resources. While
these frameworks can be used to study the best locations based on the coverage of a facility
over a given area, in other instances a distance based approach may be required.

6.2. Distance problems

There are two common approaches to finding an optimal location based on distance for a
new facility: p-median and p-centre approaches. The p-median approach focuses on
minimizing the average distance/cost to or from patients, while the p-centre approach
focuses on minimizing the maximum distance/cost to or from patients. The limitation of
solving these problems discretely is that when the number of facilities to be placed
increases, the computational intensity of the calculations quickly increases (Church &
Murray, 2009b). In order to deal with this limitation, heuristic algorithms are employed
that use systematic procedures to trade off the quality of the solution with processing
speed (de Smith et al., 2007b). These algorithms strive to find an optimal solution based on
specified search strategies (Church & Murray, 2009b). While these methods are founded
theoretically in the mathematical modeling and operations research literature, there are a
number of components to these strategies that can be evaluated using GIS (Church, 2002).
For example, previous studies have used geospatial methods to evaluate the suitability of
selected sites as possible locations for a new facility (Cinnamon et al., 2009; Schuurman et
al., 2008) and to measure the distance between populations and proposed services (Pereira
et al., 2007).

Both the coverage approach and the distance based approach to the placement of new
facilities are important. They provide a framework for optimizing the solution to the best
location for a new facility. The coverage model focuses on ensuring the population is best
served in terms of the placement of a new facility. The location-allocation approach is more
focused on the tradeoffs in terms of minimizing the average or maximum distance that
patients have to travel in order to access a service. The incorporation of patient service
utilization data for both coverage and distance models will add value to the optimal
solutions; these data appear to be one component that is lacking in current research that
uses GIS and location-allocation approaches to recommend the placement of new services.
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7. Conclusions

This chapter has shown that the geospatial methods that can be used with GIS extend
beyond the simple visualization of patterns. There are powerful geospatial methods
available to address problems that are commonly posed by epidemiologists and health
services researchers. This chapter goes beyond a simple discussion of the basic methods of
data creation and mapping with GIS, to introduce researchers having a basic understanding
of GIS and statistical methods to more robust methods for spatial data analysis. It is hoped
that a broader understanding of the tools available for spatial analysis will ensure that the
most appropriate method to address a spatial problem is used, while a consideration is
made of the strengths and limitations of the geospatial methods employed in health
research. While sophisticated tools have been introduced to deal with spatial data issues
such as spatial autocorrelation, the mapping of spatial data remains a useful way of
conveying the results of any spatial analysis. In future, health researchers should aim to
work in collaborative teams with geographers and operations research specialists to ensure
that the most appropriate geospatial methods are being used to study the distribution of
disease and health service delivery.

Author details

Alka Patel
University of Calgary, Canada

Nigel Waters
George Mason University, USA

Acknowledgement

We would like to thank Jeff Wielki and Chantal Hansen for giving permission to include
Figure 1 and Figure 2, respectively.

8. References

Anselin, L. (1995). Local indicators of spatial association - LISA. Geographical Analysis, 27(2),
93-115.

Apparicio, P, Abdelmajid, M, Riva, M, et al. (2008). Comparing alternative approaches to
measuring the geographical accessibility of urban health services: Distance types and
aggregation-error issues. International Journal of Health Geographics, 7:7.

Brabyn, L, & Skelly, C. (2002). Modelling population access to New Zealand public
hospitals, International Journal of Health Geographics, 1:3.

Briggs, D, Fecht, D, & De Hoogh, K. (2007a). Census data issues for epidemiology and health
risk assessment: Experiences from the small area health statistics unit. Journal of the
Royal Statistical Society: Series A (Statistics in Society), 170(2), 355-378.



316 Application of Geographic Information Systems

Briggs, DJ, Gulliver, ], Fecht, D, et al. (2007b). Dasymetric modelling of small-area
population distribution using land cover and light emissions data. Remote Sensing of
Environment, 108(4), 451-466.

Brunsdon, C, Fotheringham, AS, & Charlton, ME. (1996). Geographically weighted
regression: A method for exploring spatial nonstationarity. Geographical Analysis, 28(4),
281-298.

Chaikaew, N, Tripathi, NK, & Souris, M. (2009). Exploring spatial patterns and hotspots of
diarrhea in Chiang Mai, Thailand. International Journal of Health Geographics, 8:1.

Christie, S, & Fone, D. (2003). Equity of access to tertiary hospitals in Wales: A travel time
analysis. Journal of Public Health Medicine, 25(4), 344-350.

Church, RL. (2002). Geographical information systems and location science. Computers &
Operations Research, 29(6), 541-562.

Church, RL, & Murray, AT. (2009a). Chapter 9: Coverage. In Business site selection, location
analysis, and GIS (pp. 209-233). Hoboken, NJ: John Wiley & Sons, Inc.

Church, RL, & Murray, AT. (2009b). Chapter 11: Location-allocation. In Business site selection,
location analysis, and GIS (pp. 259-280). Hoboken, NJ: John Wiley & Sons, Inc.

Cinnamon, J, Schuurman, N, & Crooks, VA. (2008). A method to determine spatial access to
specialized palliative care services using GIS. BMC Health Services Research, 8:140.

Cinnamon, ], Schuurman, N, & Crooks, VA. (2009). Assessing the suitability of host
communities for secondary palliative care hubs: A location analysis model. Health &
Place, 15(3), 792-800.

Comber, A, Brunsdon, C, & Green, E. (2008). Using a GIS-based network analysis to
determine urban greenspace accessibility for different ethnic and religious groups.
Landscape and Urban Planning, 86(1), 103-114.

Cromley, EK, & McLafferty, SL. (2002). GIS and public health. USA: The Guilford Press.

de Smith, M, Goodchild, M, & Longley, P. (2007a). Chapter 4: Building blocks of spatial
analysis. In Geospatial analysis: A comprehensive guide to principles, techniques and software
tools (2 ed., pp. 71-180). Leicester, UK: Matador.

de Smith, M, Goodchild, M, & Longley, P. (2007b). Chapter 7: Network and location
analysis. In Geospatial analysis: A comprehensive guide to principles, techniques and software
tools (2 ed., pp. 71-180). Leicester, UK: Matador.

Farwell, D. (1999). Specifying the bandwidth function for the kernel density estimator., from
http://www.mrc-bsu.cam.ac.uk/bugs/documentation/coda03/node44.html

Fotheringham, AS, Brunsdon, C, & Charlton, ME. (2005a). Chapter 5: Local analysis. In
Quantitative geography: Perspectives on spatial data analysis (pp. 93-129). London, UK:
SAGE Publications.

Fotheringham, AS, Brunsdon, C, & Charlton, ME. (2005b). Chapter 7: Spatial regression and
geostatistical models. In Quantitative geography: Perspectives on spatial data analysis (pp.
162-183). London, UK: SAGE Publications.

Fotheringham, AS, Charlton, ME, & Brunsdon, C. (1998). Geographically weighted
regression: A natural evolution of the expansion method for spatial data analysis.
Environment and Planning A, 30(11), 1905-1927.



Using Geographic Information Systems for Health Research 317

Fotheringham, AS, & Wong, DWS. (1991). The modifiable areal unit problem in multivariate
statistical-analysis. Environment and Planning A, 23(7), 1025-1044.

Gatrell, AC, Bailey, TC, Diggle, PJ, et al. (1996). Spatial point pattern analysis and its
application in geographical epidemiology. Transactions of the Institute of British
Geographers, 21(1), 256-274.

Hansen, C. (2005). A GIS analysis of reported spousal violence in Calgary, AB. University of
Calgary, Calgary.

Hare, TS, & Barcus, HR. (2007). Geographical accessibility and Kentucky's heart-related
hospital services. Applied Geography, 27(3-4), 181-205.

Harper, PR, Shahani, AK, Gallagher, JE, et al. (2005). Planning health services with explicit
geographical considerations: A stochastic location-allocation approach. Omega-
International Journal of Management Science, 33(2), 141-152.

Haynes, R, Jones, AP, Sauerzapf, V, et al. (2006). Validation of travel times to hospital
estimated by GIS. International Journal of Health Geographics, 5:40.

Hewko, J, Smoyer-Tomic, KE, & Hodgson, M]. (2002). Measuring neighbourhood spatial
accessibility to urban amenities: Does aggregation error matter? Environment and
Planning A, 34(7), 1185-1206.

Hu, ZY, & Rao, KR. (2009). Particulate air pollution and chronic ischemic heart disease in the
eastern United States: A county level ecological study using satellite aerosol data.
Environmental Health, 8.

Ingolfsson, A, Erkut, E, & Budge, S. (2003). Simulation of single start station for Edmonton
EMS. The Journal of the Operational Research Society, 54(7), 736.

Jetz, W, Rahbek, C, & Lichstein, JW. (2005). Local and global approaches to spatial data
analysis in ecology. Global Ecology and Biogeography, 14(1), 97-98.

Johnson, S. (2007). The ghost map: The story of London’s most terrifying epidemic--and how it
changed science, cities, and the modern world. London: Riverhead Trade, Penguin Group.

Joyce, K. (2009). "To me it's just another tool to help understand the evidence": Public health
decision-makers' perceptions of the value of geographical information systems (GIS).
Health & Place, 15(3), 831-840.

Kistemann, T, Dangendorf, F, & Schweikart, J. (2002). New perspectives on the use of
geographical information systems (GIS) in environmental health sciences. International
Journal of Hygiene and Environmental Health, 205(3), 169-181.

Kurland, KS, & Gorr, WL. (2009). GIS tutorial for health (3rd ed.). Redlands, CA: ESRI Press.

Lam, NSN. (1983). Spatial interpolation methods - a review. American Cartographer, 10(2),
129-149.

Langford, M, & Higgs, G. (2006). Measuring potential access to primary healthcare services:
The influence of alternative spatial representations of population. Professional
Geographer, 58(3), 294-306.

Langford, M, Higgs, G, Radcliffe, ], et al. (2008). Urban population distribution models and
service accessibility estimation. Computers Environment and Urban Systems, 32(1), 66-80.

Legendre, P. (1993). Spatial autocorrelation - trouble or new paradigm. Ecology, 74(6), 1659-
1673.



318 Application of Geographic Information Systems

Lerner, EB, Billittier, AJ, Sikora, J, et al. (1999). Use of a geographic information system to
determine appropriate means of trauma patient transport. Academic Emergency Medicine,
6(11), 1127-1133.

Lerner, EB, Fairbanks, R], & Shah, MN. (2005). Identification of out-of-hospital cardiac arrest
clusters using a geographic information system. Academic Emergency Medicine, 12(1), 81-
84.

Levine, N. (2007). CrimeStat: A spatial statistics program for the analysis of crime incident
locations. Washington, DC: National Institute of Justice.

Mahmud, A, & Indriasari, V. (2009). Facility location models development to maximize total
service area. Theoretical and Empirical Researches in Urban Management, 87.

Maroko, AR, Maantay, JA, Sohler, NL, et al. (2009). The complexities of measuring access to
parks and physical activity sites in New York City: A quantitative and qualitative
approach. International Journal of Health Geographics, 8:34.

McEntee, JC, & Ogneva-Himmelberger, Y. (2008). Diesel particulate matter, lung cancer, and
asthma incidences along major traffic corridors in MA, USA: A GIS analysis. Health &
Place, 14(4), 817-828.

McLafferty, SL. (2003). GIS and health care. Annual Review of Public Health, 24, 25-42.

Meade, MS, & Emch, M. (2010). Medical geography (Third ed.). New York: The Guilford Press.

Mennis, J. (2009). Dasymetric mapping for estimating population in small areas. Geography
Compass, 3(2), 727-745.

Mitas, L, & Mitasova, H. (1999). Chapter 34: Spatial interpolation. In P. Longley, Goodchild,
M. F., Maguire, D. J. and Rhind, D. W. (Ed.), Geographical information systems: Principles,
techniques, applications and management (Second ed., pp. Pp. 481-492): Wiley, New York.

Murad, AA. (2008). Defining health catchment areas in Jeddah city, Saudi Arabia: An
example demonstrating the utility of geographical information systems. Geospatial
Health, 2(2), 151-160.

Murray, EJ, Marais, BJ, Mans, G, et al. (2009). A multidisciplinary method to map potential
tuberculosis transmission 'hot spots' in high-burden communities. International Journal
of Tuberculosis & Lung Disease, 13(6), 767-774.

Nallamothu, BK, Bates, ER, Wang, YF, et al. (2006). Driving times and distances to hospitals
with percutaneous coronary intervention in the United States - implications for
prehospital triage of patients with ST-elevation myocardial infarction. Circulation,
113(9), 1189-1195.

Ong, ME, Ng, FS, Overton, ], et al. (2009). Geographic-time distribution of ambulance calls in
Singapore: Utility of geographic information system in ambulance deployment (CARE
3). Annals of the Academy of Medicine, Singapore, 38(3), 184-191.

Oppenshaw, S. (1996). Chapter 4: Developing GIS-relevent zone-based spatial analysis
methods. In Longley & Batty (Eds.), Spatial analysis: Modelling in a GIS environment: John
Wiley & Sons, Inc.

Parchman, ML, Ferrer, RL, & Blanchard, KS. (2002). Geography and geographic information
systems in family medicine research. Family Medicine, 34(2), 132-137.



Using Geographic Information Systems for Health Research 319

Patel, AB, Waters, NM, & Ghali, WA. (2007). Determining geographic areas and populations
with timely access to cardiac catheterization facilities for acute myocardial infarction
care in Alberta, Canada. International Journal of Health Geographics, 6:47.

Peleg, K, & Pliskin, JS. (2004). A geographic information system simulation model of EMS:
Reducing ambulance response time. American Journal of Emergency Medicine, 22(3), 164-
170.

Pereira, A, Niggebrugge, A, Powels, ], et al. (2007). Potential generation of geographical
inequities by the introduction of primary percutaneous coronary intervention for the
management of st segment elevation myocardial infarction. International Journal of
Health Geographics, 6:43.

Pouliou, T, & Elliott, SJ. (2009). An exploratory spatial analysis of overweight and obesity in
Canada. Preventive Medicine, 48(4), 362-367.

Poulsen, E, & Kennedy, LW. (2004). Using dasymetric mapping for spatially aggregated
crime data. Journal of Quantitative Criminology, 20(3), 243-262.

ReVelle, CS, & Eiselt, HA. (2005). Location analysis: A synthesis and survey - invited review.
European Journal of Operational Research, 165(1), 1-19.

Robitaille, E, & Herjean, P. (2008). An analysis of the accessibility of video lottery terminals:
The case of Montreal. International Journal of Health Geographics, 7:2.

Rogerson, PA. (2010). Statistical methods for geography (Third ed.). Los Angeles, CA: Sage.

Rushton, G. (2003). Public health, GIS, and spatial analytic tools. Annual Review of Public
Health, 24, 43-56.

Schuurman, N, Bell, N, Hameed, MS, et al. (2008). A model for identifying and ranking need
for trauma service in nonmetropolitan regions based on injury risk and access to
services. Journal of Trauma-Injury Infection & Critical Care, 65(1), 54-62.

Schuurman, N, Bell, NJ, L'Heureux, R, et al. (2009). Modelling optimal location for pre-
hospital helicopter emergency medical services. BMC Emergency Medicine, 9, 6.

Shi, X. (2009). A geocomputational process for characterizing the spatial pattern of lung
cancer incidence in New Hampshire. Annals of the Association of American Geographers,
99(3), 521-533.

Srivastava, A, Nagpal, BN, Joshi, PL, et al. (2009). Identification of malaria hot spots for
focused intervention in tribal state of India: A GIS based approach. International Journal
of Health Geographics, 8:30.

Tobler, W. (2004). On the first law of geography: A reply. Annals of the Association of
American Geographers, 94(2), 304-310.

Wakefield, J. (2007). Disease mapping and spatial regression with count data. Biostatistics,
8(2), 158-183.

Warden, CR, Daya, M, & LeGrady, LA. (2007). Using geographic information systems to
evaluate cardiac arrest survival. Prehospital Emergency Care, 11(1), 19-24.

Waters, NM. (1997a). Unit 40 - spatial interpolation I. from
http://www.geog.ubc.ca/courses/klink/gis.notes/ncgia/u40.html

Waters, NM. (1997b). Unit 41 - spatial interpolation II. from
http://www.geog.ubc.ca/courses/klink/gis.notes/ncgia/u41.html



320 Application of Geographic Information Systems

Wielki, J. (2009). The development of barriadas & access to medical services in Lima, Peru.
Retrieved November, 2009, from
http://www .focal.ca/pdf/media_Peru_Lima%20Hospital%20Access%20Wielki.pdf

Yang, TC, Wu, PC, Chen, VY], et al. (2009). Cold surge: A sudden and spatially varying
threat to health? Science of the Total Environment, 407(10), 3421-3424.

Young, L], Gotway, CA, Yang, ], et al. (2009). Linking health and environmental data in
geographical analysis: It's so much more than centroids. Spatial and Spatio-temporal
Epidemiology, 1(1), 73-84.

Zenk, SN, Schulz, AJ, Israel, BA, et al. (2005). Neighborhood racial composition,
neighborhood poverty, and the spatial accessibility of supermarkets in metropolitan
Detroit. American Journal of Public Health, 95(4), 660-667.



