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Abstract: A Geographic Information System (GIS) is a networked collection of hardware and

software tools that recognizes georeferencing in the data and features the georeferencing

in database management, data analysis, and visualization of results (principally maps)

from the analysis. This combination of geography and computer science has been known

as geographic information science. Spatial statistics in GIS has grown in importance,

however, spatial databases in a GIS can be very large. It may be that, without some form

of dimension reduction, only the most simple statistical methodologies will scale up.

Introduction

A Geographic Information System (GIS) is a networked collection of hardware and software tools that
recognizes georeferencing in the data and features the georeferencing in database management, data
analysis, and visualization of results (principally maps) from the analysis. This combination of geography
and computer science has become known as geographic information science [1]. Since data locations are
usually an important part of any environmental study, the use of GIS in the environmental sciences is
growing rapidly (e.g., Refs [2, 3]).

Spatial analysis has become the accepted term within the GIS community for any data analysis that
involves the georeferential aspects of the data. An example of a spatial analysis in an environmental study
is presented here. Agricultural practices are often chosen to maximize profit, but there is an increasing
realization that they also need to be evaluated according to their impact on the environment. In the
Upper North Bosque watershed of Texas, a region well known for its concentrated dairy operations,
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the US Environmental Protection Agency ran a National Pilot Project, circa 1995, to ascertain which
waste management practices were environmentally and fiscally viable. As part of that project, Cressie and
Majure [4] analyzed ammonia concentration in streams, and one of the basic quantities they used was the
subregion of the watershed where a “drop of water” would find its way to a given point on a stream in
three days or less. These three-day areas of influence were obtained using a GIS, for every point on the
streams in the watershed; such a calculation was unthinkable in pre-GIS days. Details of the algorithm,
and its use in a spatio-temporal model of stream pollution in the Upper North Bosque watershed, can be
found in their article.

This article is concerned with spatial statistical methods, which make up quite a small fraction of
the many GIS functionalities that are spatial in nature. However, GIS software such as the Geostatistical
Analyst in ArcGIS [5] and the package GeoDa [6] have many and complementary spatial and spatial statistical
tools. Moreover, statisticians have seen the utility of linking their statistical packages to powerful GISs
(e.g., Ref. [7]). To understand the distinction that researchers using GIS make between spatial analysis
and spatial statistics, it helps to consider a simple, rather artificial example.

Suppose there is interest from a group of investors in investing in a new-car dealership in the
Columbus, Ohio area, and they obtain a data set consisting of the locations and sales figures of the
existing n new-car dealerships in Columbus in the last fiscal year. A spatial analysis might start by
building a buffer zone around Columbus of prespecified width (say 30 miles), and then mask out all data
more distant from Columbus. Let us call this region D. Since it is well known that distance from home to
dealer is an important factor in deciding where to buy a new car, the spatial analysis might then build a
demographic “layer” of data that has common georeferencing with the dealership “layer.” The weighted
number of households in D that are within a certain radius r of each dealership could be calculated.
The weighting rule might choose weights in proportion to the inverse of the travel distances from the
household to the n dealerships. By letting r vary from small to large, for each of the n dealerships, a
cumulative function of radius is obtained. By comparing the n functions, the dealership that has the most
potential for growth could be chosen based on the most (weighted) number of households.

The investors may want to consider establishing a new business rather than buying an existing one.
Where would the optimal site be to locate this (n + 1)th dealership? After narrowing down the sites to m
possibilities (m could be just a few or a few hundreds since computing is cheap), cumulative functions of
radius could be computed for the n existing dealerships as well as m more for the potential dealerships.
A comparison of the m cumulative functions of radius would show which new location had the most
advantageous demographics. Competition between an existing dealership and a potential dealership could
be captured by a cumulative function of radius r1 (existing dealership) and radius r2 (potential dealership).

Again, without a GIS, doing such a spatial analysis would be enormously difficult, even though the
concept behind it is very simple and its description in words is straightforward. The book by Burrough
and McDonnell [8] is a good reference for how this and other spatial analyses can be carried out in a GIS.
Notice that no part of the spatial analysis presented above could be described as statistical. However, it
could become statistical if a probability model for the spatio-temporal density of new-car buyers in D is
assumed, and if distance, as well as price and service, are made regressors in a regression model (See
Regression Models) for predicting sales.

Spatial statistics in GIS has grown in importance, as is evidenced by the early work described by
Burrough [9] and Cressie [10] in a volume devoted to GIS in Statistics, and the more recent spatial statistical,
GIS-related data analyses presented by Krivoruchko [11]. However, spatial databases in a GIS can be very
large, and it may be that, without some form of dimension reduction (See Principal Components), all but
the most simple statistical methodologies will fail to “scale up.”

Remote-sensing platforms that yield timely data with “pinpoint” spatial resolution are now producing
massive data sets whose sizes are measured in gigabytes and terabytes. These data all have a spatial
dimension and should be analyzed from a spatial statistical point of view [12]. However, the massiveness
of the remote-sensing datasets requires specialized statistical computational methods that allow optimal
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spatial prediction (i.e., kriging) to be implemented. Recently, spatial random effects (SRE) models [13]

and spatio-temporal random effects (STRE) models [14] were proposed to address such computational
challenges; these have yet to be incorporated into GIS software packages.

Spatial Paradigms

There are two major ways to view, and hence to model, the spatial environment in which we live. The
“object” view of the world sees individual objects located in a spatial domain and interacting with each
other, often as a function of their distances apart. Thus, a household and its characteristics compose a
unit of interest to census enumerators. This microdatum is typically unavailable to social scientists, for
confidentiality reasons. Consequently, the data released are typically the number of objects in small areas,
but not their locations. That is, a set of count data from small areas is simply an aggregated version of the
object view of the world. The geographical extent of a small area can be stored in a GIS as a polygon, and
hence, the spatial relationships between small areas and their associated counts are preserved in a GIS.
Spatial statistics uses random-set models and spatial point processes (see Point Processes, Spatial) for the
objects and their locations (e.g., Ref. [15], Part III) and lattice models (e.g., Ref. [15], Part II) for the object
counts.

Alternatively, the “field” view of the world loses sight of the objects and has a possibly (multivariate)
datum at every spatial location in the domain of interest. Continuing on from the discussion above
regarding objects and object counts, we can now think about object density, in units of number per unit
area, at any location. This is purely a mathematical construct because at a given location, either there is
an object present or there is not. Such a density can be found through applying a moving window that, at
any location, counts the number of objects per unit area in that window. Spatial statistics typically uses
geostatistical models (e.g., Ref. [15], Part I) for field data.

A useful way to think of the object view versus the field view is how far above the ground you would
like to place your camera to observe the objects of interest. As the camera moves higher, at some point
(depending on the phenomenon under study), it is no longer interesting to think of objects (e.g., corn
plants) but rather to think of a field (e.g., corn yield per acre).

Spatial Statistics

Data in a GIS come with different sources of variability, some of which can be controlled or at least
quantified. Statistical methods, such as stratification, regression, and more recently spatial statistics,
have been used successfully in GISs. Perhaps this is because spatial statistics is a relatively new area
within Statistics; comprehensive statistical theory and methods only really began with Matheron’s work
in geostatistics [16], Besag’s work in Markov random fields [17], and Bartlett’s work in spatial point processes
[18]. Software has come later; notable contributions are from Baddeley and Turner [19], Diggle and Ribeiro
[20], and Bivand et al. [21].

The notion of proximity (See Proximity Measures) in space is implicitly or explicitly present in all of
spatial statistics. Proximity is a relative notion, relative to the spatial scale of the scientific investigation.
A toxic-waste-disposal site may affect a neighborhood of a few square miles; a coal-burning power
plant may affect a downwind region, perhaps heavily populated, of many tens of square miles; and an
increase in greenhouse gases may have a global impact on our climate. But the global impact is felt at
the neighborhood level, through a longer growing season in Alberta to a redistribution of ocean-front
property in California. The point is that a quantity, such as global mean temperature, is an uninformative
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summary of how our daily lives are affected by a warmer planet; that is, global studies must recognize
the importance of local (spatial) variability.

Unfortunately, careful experimental design, which is the engine of the scientific method, is often not
possible in a spatial setting. In its place is the notion of an observational study, which, at the limit, is
concerned with a unique situation and a sample of size just one. Where there are fewer possibilities
for experimental design, statistical modeling and analysis can attempt to fill the gap. After all, Statistics
is the study of variability. Ideally, it can say something about possible causes of that variability, but its
descriptive power should not be forgotten. A study of “El Niño” in the equatorial Pacific Ocean should
involve physical relations with atmospheric pressure and winds but predictions based solely on physical
models will have limited effectiveness without spatial (and temporal) models of variability that are in part
descriptive [22].

When analyzing spatial data in a GIS, aggregation of those data from neighborhoods to regions,
regions to states, and states to countries is both easy and appropriate for giving answers to questions
asked by township, county, state, and federal governments. Unfortunately, spatial statistical properties
are generally not preserved under aggregation, which is known as the modifiable areal unit problem in the
Geography literature (e.g., Ref. [23]). For further discussion of this problem (under the rubric ecological
bias), see the article, Spatial Statistics in Environmental Epidemiology.

Since the 1980s, spatial statistics has undergone enormous development in the area of statistical
modeling (e.g., Refs [15, 20, 24–27]). Spatial statistics started slowly, building from models that were purely
descriptive of spatial dependence. Then, it became apparent that the process of interest was usually
“hidden” by measurement error and that the principal goal should be inference on the hidden process,
based on the noisy data [28]. The full potential of hierarchical spatial statistical modeling has recently been
realized (e.g., Refs [20, 26, 29–31]). There is a considerable amount of flexibility, such as the opportunity to
account for nonlinearities, in hierarchical statistical models. Their attractive feature is that at each level
of the hierarchy, the model specification is simple, yet globally the model can be quite complex.

A datum is considered spatial if it contains locational information. Spatial data also usually contain
attribute information, whose joint distribution depends on the locations. Thus, error in locational infor-
mation will lead to error in attribute information, which is ultimately reflected in the inferences drawn
from the data. Geostatisticians typically use locational information to model the correlation between at-
tribute values over a geographic region. However, they usually ignore the effect of locational uncertainty
on their spatial statistical analyses. Neither is information on locational error handled very well by spatial
analyses within a typical GIS. Spatial statistical models for locational uncertainty can be found in Cressie
and Kornak [32] and Fanshawe and Diggle [33].

Data usually have a temporal label associated with them, as well as a spatial label. Spatio-temporal
statistics can be considered to be generated from statistical models of spatial processes evolving in time.
The statistical methods are either descriptive (correlational based) or dynamical (mechanistically based).
This distinction is fundamental and arises even in the simple case of time series of random variables
{Xt}: For example, a first-order autoregressive process is written as Xt+1 = "Xt + ,t+1, where ,t+1 is
independent of Xt and {,t}is an independent and identically distributed sequence of errors. Alternatively,
it can be written as cov(Xt+k,Xt) ∝ exp(klog"), k = 0,1,· · · , which is an exponential covariance function.
Now when {Xt}is a random spatial process, the mechanistic models are usually more complicated, but
their advantage is that they offer an explanation of the dependence in the spatial phenomenon; see Ref.
[31]. A hierarchical statistical approach to spatio-temporal statistics is given by Le and Zidek [30] and Cressie
and Wikle [31].

Related Articles

(See also Point Processes, Spatial-Temporal; Point Processes, Dynamic)
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